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Abstract—Thymidine kinase 1 (TK1) is a key target for antiviral and anticancer chemotherapy. Three-dimensional quantitative
structure—activity relationship (3D-QSAR) using comparative molecular field analysis (CoOMFA) and comparative molecular simi-
larity indices analysis (CoMSIA) techniques was applied to analyze the phosphorylation capacity of a series of 31 TK1 substrates.
The optimal predictive CoOMFA model with 26 molecules provided the following values: cross-validated r? (¢%) = 0.651, non-cross-
validated * = 0.980, standard error of estimate (s) = 0.207, F = 129.3. For the optimal CoMSIA model the following values were
found: ¢* = 0.619, r* =0.994, s = 0.104, F=372.2. The CoMSIA model includes steric, electrostatic, and hydrogen bond donor
fields. The predictive capacity of both models was successfully validated by calculating known phosphorylation rates of five TK1
substrates that were not included in the training set. Contour maps obtained from CoMFA and CoMSIA models correlated with

the experimentally developed SAR.
© 2004 Elsevier Ltd. All rights reserved.
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1. Introduction

Human thymidine kinase 1 (TK1) belongs to the family
of the deoxynucleoside salvage enzymes.! It catalyzes
the 5’-monophosphorylation of the endogenous deoxy-
ribonucleosides thymidine (Thd) and 2’-deoxyuridine
(dUrd)! as well as the 5-monophosphorylation of the
anti-human immunodeficiency virus (HIV) prodrugs
such as 3’-azido-2’,3’-dideoxythymidine (AZT) and
2',3'-didehydro-2',3’-dideoxy-thymidine (d4T).> In the
case of latter two agents, this phosphorylation is the cru-
cial initial step in their activation as HIV reverse trans-
criptase inhibitors.?

TK1 activity is absent in resting cells, appears in late G1
cells, increases in S-phase, coinciding with the increase
in DNA synthesis, and disappears during mitosis.'3=
High TKI1 activity in proliferating cells has proven to
be of prognostic value in breast®’ and colon cancer®
and has triggered the production of TKI1 directed
antibodies for the detection of serum TK1.? Early on,
TK1 has also been identified as a potential target
for therapeutic anticancer drugs.!®!! However,
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deoxycytidine kinase (dCK) is currently the only deoxy-
nuleoside salvage enzyme utilized as a therapeutic target
phosphorylating, and thus activating, anticancer pro-
drugs such gemcitabine, cytarabine, cladribine, and flu-
darabine.!>"'* This is probably due to the fact that TK1
has the most stringent substrate specificity among all
nucleoside kinases allowing only phosphorylation of na-
tive Thd/dUrd and, to a limited extent, analogues with
minor modifications either at the 5-position (Cl, Br, I)
or at the 3’-position (N3, F).!> Only recently it was dis-
covered that TK1 also tolerates bulky substitutents at
the N-3 position, which has been exploited successfully
in the design and synthesis of boronated Thd analogues
for boron neutron capture therapy (BNCT), an experi-
mental binary radiochemotherapeutic methods for can-
cer treatment.>16-19

In recent years crystal structures of several human, viral,
and insectoid nucleoside kinases have become available.
These include dCK,?° deoxyguanosine kinase (dGK),*?!
herpes simplex virus type-1 thymidine kinase (HSVI
TK),?? Varicella Zoster virus thymidine kinase (VZV
TK),?* and the deoxynucleoside kinase from Drosophila
melanogaster (Dm-dNK).*?! These 3D structures may
aid in the structure-based in silico design of novel anti-
cancer and antiviral drugs. Unfortunately, there are
presently neither NMR nor X-ray data of the 3D struc-
ture of human TK1 available that would allow the struc-
ture-based design of TKI1 inhibitors or substrates for
anticancer and antiviral applications. Also, the amino
acid sequence of human TK1 has relatively high similar-
ity with those of poxvirus and bacterial TKs but not
with those of dCK, dGK, HSV1 TK, VZV TK, and
Dm-dNK, 1324 which prevents the development
of homology models by computational methods
using the 3D structures of the latter kinases as
templates.?’

In view of the problems associated with drug design of
TK1 targeting drugs, including stringent TK1 substrate
specificity and lack of 3D structures, three-dimensional
quantitative structure—activity relationship (3D-QSAR)
based techniques such as comparative molecular field
analysis (CoMFA) and comparative molecular similar-
ity indices analysis (CoMSIA) could facilitate the design
of novel TK1 inhibitors/substrates for therapeutic appli-
cations. Both 3D-QSAR techniques, which were suc-
cessfully used in the design of variety of potential
drugs,?°2 require an existing set of molecules and the
corresponding biological activities to predict the biolog-
ical activities of non-synthesized compounds that are
structurally related to the set of existing compounds.
CoMFA is able to predict the biological activity of novel
molecules based on the relationship of steric/electro-
static properties and biological activities while CoMSIA
also involves hydrophobic and hydrogen bond (H-bond)
donor/acceptor fields in the correlation with biological
data. CoMSIA is also less sensitive to molecular align-
ments/conformations than CoMFA.

In the present study, we have used a training set of struc-
turally similar TK1 substrates and the corresponding
TK1 phosphorylation rates (PRs) to predict the PRs

of several TK1 substrates that were not included in the
training set.

2. Materials and methods
2.1. Compound sources and phosphorylation rates

Compound 1 was obtained from Aldrich Chemicals and
compounds 2, 4, 5, 6, and 27 were synthesized as de-
scribed previously.?*3* The synthesis of compound 3
will be described elsewhere (Youngjoo Byun, unpub-
lished results).

The PRs of substrates 1-31 (Table 1) were obtained
using the same protocol, which is described below for
the determination of the PRs of compounds 1-6 and
27. The PR values are expressed relative to the PR value
of the endogenous TK1 substrate Thd. The PRs of com-
pounds 7-26 and 28-31 were reported previously by Eri-
ksson and co-workers.>3> The values are the mean of at
least three experiments with SDs < 15% (Staffan Eriks-
son, personal communication). All compounds were
derivatives of Thd/dUrd in B-p-configuration with the
base in anti conformation. The PRs of compounds 1-6
and 27 were determined in phosphoryl transfer assays
using recombinant human TK1 as described previ-
ously.!®!® Briefly, Thd and other TK1 substrates were
dissolved in DMSO to produce stock solutions. The
assay mixtures contained 10 uM compound, 100 uM
ATP including a small fraction of 0.0325uM
[y->*P] ATP (Amersham, IL, USA), 50 mM Tris—-HCI
(pH 7.6), 5mM MgCl,, 125mM KCIl, 10 mM DTT,
and 0.5 mg/mL bovine serum albumin (BSA). The final
concentration of DMSO was set to 1% for all the reac-
tions. In previous experiments,>3> TK1 substrate con-
centration of 100 uM were also applied. The reaction
mixtures were incubated at 37 °C for 20 min in presence
of 50 ng of enzyme. Following the incubation period,
the enzyme was heat inactivated for 2 min at 95 °C.
The reaction mixtures were centrifuged and 1 pL por-
tions were spotted on PEI-cellulose TLC plates (Merck).
The TLC plates were developed using isobutyric acid,
ammonium hydroxide, and water in a ratio of 66:1:33.
The radiolabeled spots were visualized by phospho-
imager (Fuji Film, Science Lab., Image Gauge V3.3)
and the values of each TKI1 substrate is expressed
relative to that of Thd. The PR values for compounds
1-6 and 27 are the mean of three experiments with
SDs < 4%.

2.2. Molecular modeling

All molecular modeling including 3D-QSAR studies
were carried out on a SGI O, workstation using SYBYL
6.9 molecular modeling software (Tripos Inc., St. Louis,
MO). Molecule 15 (Thd) was built using the ‘sketch
molecule’ function and minimized with Gasteiger—
Hiickel (GH) charges and the Tripos force field, using
the Powell method and an energy gradient of
0.005 kcal mol " A~!.  Structures 1-14 and 16-31
were then built from Thd and minimized in a similar
manner.
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Table 1. The training and the test set molecules for COMFA and CoMSIA modeling

Compounds R; R, Ry Rs Rg PR® Log(PR)
Training set

1 Me Me H H OH H 443 1.65
2 Et Me H H OH H 61.4 1.79
3 CH,C=CH Me H H OH H 102.1 2.01
4 n-Bu Me H H OH H 84.9 1.93
5 CH,Ph Me H H OH H 82.3 1.92
6 CH,CHOHCH,OH Me H H OH H 27.5 1.44
7 H H H H N3 H 70.0 1.85
8 H Me H H N3 H 52.0 1.72
9 H Me H H H H 40.0 1.60
10 H Me H H CH,;N; H 15.0 1.18
11* H Me H — H — 7.0 0.85
12° H H H H OH H 77.0 1.89
13 H Me H F OH H 45.0 1.65
14 H Et H H OH H 80.0 1.90
15°¢ H Me H H OH H 100.0 2.00
16 H I H F OH H 42.0 1.62
17 H Br H H OH H 80.0 1.90
18 H H H OH OH H 1.0 0.00
19 H CH=CHBr H H OH H 1.0 0.00
20 H CH,CH,Cl H H OH H 5.0 0.70
21 H NH, H H OH H 3.0 0.48
22 H H o H OH H 0.1 —1.00
23 H H H H OMe H 0.1 —1.00
24 H H H H OEt H 0.1 —1.00
25 H H F F OH H 0.1 —1.00
26¢ H Me =CH, OH H 0.1 -1.00
Test set

27 i-Pr Me H H OH H 69.6 1.84
28 H Me H H F H 30.0 1.48
29 H F H H OH H 95.0 1.98
30 H Me H OH OH H 1.0 0.00
31 H Me O H OH H 2.0 0.30

Compounds are arranged in rows with maximum structural similarity to the neighboring compounds according to the hierarchical analysis.

“These atoms were used for the alignment of the molecules.
42/,3'-Didehydro-2’,3’-dideoxythymidine (d4T).

°durd.

“Thd.

42/-Methylene-2'-deoxythymidine.

¢ The values are given in % relative to that of Thd, which is set at 100%.

2.3. Alignment rules and 3D molecular database

Structural alignment is one of the most sensitive para-
meters in 3D-QSAR analyses. The accuracy of the pre-
diction of a CoMFA model and the reliability of the
contour models strongly depend on the structural align-
ment of the molecules. The compound database should
contain highly active compounds with various func-
tional groups that have activities ranging from very high
to very low. Generally, the low energy conformation of
the most active (or toxic) compound in a given set is
chosen as the template molecule.® In the present study,
a database of the energy-minimized structures of 1-31

was aligned using the ‘align database’ option of SYBYL
6.9 taking Thd, the endogenous TK1 substrate with high
PR, as the template. The atoms used for the alignments
are indicated by asterisks in the drawing of the general-
ized molecule in Table 1 and the final alignments are
shown in Figure 1. All molecules were aligned based
on the assumption that they bind to TK1 in the same
manner.

2.4. CoMFA analysis

The aligned molecules (1-31) were placed in a three-
dimensional grid (2 A spacing) extending at least 2 A
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Figure 1. Alignment of all 31 structures.

beyond the volumes of all investigated molecules on all
axes. In the CoMFA analysis, Lennard-Jones potential
and Coulomb potentials were employed to calculate
the CoMFA steric and electrostatic interaction fields,
respectively. At each grid point the steric energy and
electrostatic energy were measured for each molecule
using the default probe atom, sp® carbon atom with a
charge of +1. The cutoff values for both the steric and
electrostatic energies were set to 30 kcal/mol with a dis-
tance dependent dielectric field. CoMFA uses partial
least squares (PLS) to predict the activity of the mole-
cules from the energy values at the grid points. Smaller
cutoff values (20 and 25 kcal/mol) for the final model re-
sulted in comparable ¢* and r? values with larger stan-
dard error of estimation (SEE), and thus, decreased
predictability.

2.5. CoMSIA analysis

The molecular alignment was placed in a three-dimen-
sional grid (2.0 A spacing) similar to that of CoMFA
analysis. CoMSIA differs from CoMFA in the imple-
mentation of the fields. It calculates steric and electro-
static fields, in addition to hydrophobic, H-bond
donor, and H-bond acceptor fields, and it uses Gaussian
equations for field calculation that do not require cutoff
values. In the CoMSIA analysis a radius of 1A, a
charge of +1, hydrophobicity value of +1, and H-bond
donor or acceptor properties of +1 were used as stan-
dard parameters for the probe atom. A default value
of 0.3 was used as the attenuation factor, «. Five col-
umns were created with steric, electrostatic, hydropho-
bic as well as H-bond donor and acceptor descriptors.
PLS analyses were performed and the best model was
used to predict the biological properties. CoMSIA ana-
lyses with grid spacings of 1.0 and 1.5 A resulted in
decreased predictability.

2.6. Design of the training and the test sets
The application of statistical methods depends on a suit-

able design of the training set and the test set, for which
biological data will be predicted.?” The structures and all

12273 456 7 8 9281011291213 14 15 16 17 183019 20 21 223123 24 25 26

Figure 2. Dendrogram generated from log(PR)s and all descriptors of
the CoMSIA fields. For clarity, only the test set compounds (27-31)
are indicated by bold numbers in the diagram. Compounds 1-26 (from
left) constitute the training set.

relevant properties of the test set compounds should
represent those of the training set. A hierarchical analy-
sis (as implemented in SYBYL 6.9) was performed to clus-
ter structurally similar molecules in groups. A
dendrogram (Fig. 2), generated by using all the descrip-
tors of the CoMSIA fields, was utilized to divide the
molecules into the training (1-26) and the test set (27—
31), thereby ensuring compatibility of the relevant prop-
erties between the training and the test sets. Based on
this dendrogram, 3-i-PrThd (27) and FdUrd (28) were
selected as the representatives of all N-3 substituted
Thds and 5-substituted dUrds, respectively, for the test
set. Since training set compounds have various substitu-
ents at the 3’-position, 3’-FThd (29) was included in the
test set. The training set also contains a number of com-
pounds with substituents at the 2’-positions both in
ribose and arabinose configuration. Therefore, AraT
(30) and 2’-hydroxylthymidine (31) were included in
the test set.

2.7. PLS analysis and validations

CoMFA and CoMSIA descriptors were used as inde-
pendent variables and log(PR) as the dependent vari-
ables in the PLS regression analyses for the
development of 3D-QSAR models. SAMPLS (SAMple
distance PLS)3® analysis was carried out using the
cross-validated ‘leave-one-out’ option to determine the
optimum number of components to be used in the final
non-cross-validated analysis. The number of compo-
nents used was not greater than 1/3 of the number of
rows (26) in the training set. The optimum number of
components produces the smallest root mean predictive
sum of squared errors, which corresponds to the highest
cross-validated coefficient (¢%). The non-cross-validated
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analyses were then performed using the optimum num-
ber of components, with the column filtration set to 1.0.

To further access the statistical confidence of the derived
models, a 100-cycle bootstrap analysis was performed
using the optimized number of latent variables deter-
mined in the PLS model.

3. Results and discussion
3.1. Biological data

The logarithms of the ‘relative’ TK1 PRs of compounds
1-26 (Table 1) were used as the dependent variable in
the 3D-QSAR analyses. In our own studies,'®!® the
PRs of a small library of 12 boronated Thd analogues
correlated with their catalytic efficiencies (K../Knm)-
High PRs are indicative of good TK1 substrate charac-
teristics while low PRs are indicative of poor TK1 sub-
strate characteristics. They are currently the only
biological data available for a large number of TK1 sub-
strates.> 18354041 Tn addition, these PRs were obtained
by Eriksson and co-workers*3> applying the same experi-
mental protocol.

3.2. Results of the CoMFA analysis

The statistical data obtained from the standard CoMFA
model constructed with steric and electrostatic fields are
shown in Table 2. The optimal number of components
(7) was determined using SAMPLS analysis imple-
mented in SYBYL 6.9 with a leave-one-out (LOO) cross-
validated ¢* of 0.651, showing a good predictive capac-
ity of the model (¢°>0.5). A high correlation coeffi-
cient (+*) of 0.980 for the non-cross-validated final
model indicates the self-consistency of the model
(r*>0.9). Predictions for the log(PR)s (residuals less
than one log units) for the holdout test compounds were
achieved with a predictive r* of 0.837. The satisfactory
quality of the CoMFA model is represented in Figure

Table 2. Summary of COMFA and CoMSIA results for various models

25

® Training set
2.0 W Test set W, ¢

1.5 1 .

1.0 1

0.5 1

0.0 1

CoMFA Predicted log(PR)

-0.5 1

-1.0 1

- ee®

-1.5
-1.5 -1.0 -0.5 0.0 0.5 1.0 1.5 2.0 25

Experimental log(PR)

Figure 3. Experimental versus predicted log(PR)s of compounds in the
training set and the test set for the CoOMFA model.

3, which shows a scatter plot of experimental versus
the predicted log(PR)s for the training and the test set.

3.3. Results of the CoMSIA analysis

Eight models were constructed by varying the steric,
electrostatic, hydrophobic, H-bond donor and acceptor
descriptor fields (Table 2). The optimal components of
each of these models were determined by SAMPLS ana-
lysis implemented in SYBYL 6.9 with maximum ¢> values.
The model developed by using only steric and electro-
static fields produced a cross-validated ¢* of 0.603 with
five latent variables. The corresponding conventional
r? value was 0.916. The quality of the model deteriorated
drastically when the hydrophobic field or the H-bond
acceptor fields were added to the steric and electrostatic
field descriptors (¢> < 0.55). The best eight component

CoMFA CoMSIA CoMSIA CoMSIA CoMSIA CoMSIA CoMSIA CoMSIA CoMSIA
(SE) (SEH) (SEA) (SEHD) (ALL) (SEDA) (SED) (SEHA)

Components 7 5 2 6 6 5 8 8 2
7 0.651 0.603 0.532 0.515 0.548 0.534 0.553 0.619 0.550
P 0.980 0.916 0.839 0.943 0.974 0.956 0.988 0.994 0.805
SEE 0.207 0.369 0.475 0.311 0.211 0.265 0.148 0.104 0.522
F 129.3 434 59.9 52.1 117.2 87.9 182.4 372.2 47.5
Field contributions (%)
S 0.528 0.214 0.127 0.140 0.083 0.062 0.098 0.099 0.156
E 0.472 0.786 0.511 0.648 0.357 0.308 0.480 0.502 0.335
H 0.362 0.221 0.234 0.323
D 0.338 0.257 0.313 0.399
A 0.211 0.138 0.109 0.187
2 0.995 0.960 0.862 0.976 0.990 0.977 0.995 0.996 0.852
SDys 0.005 0.020 0.049 0.017 0.006 0.012 0.004 0.003 0.048

qz, squared cross-validated coefficient; 2, squared conventional coefficient; SEE, standard error of estimate; F, F-test value; S, E, H, A, D, ALL
denote the steric, electrostatic, hydrophobic, hydrogen-bond acceptor and donor, and the combination of all the five fields, respectively; 2, and SDys
represent the mean value of 100-run bootstrap predicted cross-validated +* and its standard deviation.



1686 A. K. Bandyopadhyaya et al. | Bioorg. Med. Chem. 13 (2005) 1681-1689

model with the maximum ¢* value consisted of steric,
electrostatic, and H-bond donor fields as the descriptors,
which gave the highest cross-validated coefficient
¢* (0.619), thereby indicating the highest predictive
capacity. The highest squared correlation coefficient >
(0.994) was also obtained for this model showing a
strong internal consistency and therefore it was chosen
for the final analysis. The standard error of estimate
and the F-test values of this model were 0.104 and
372.2, respectively.

The scatter plot of experimental versus predicted
log(PR)s for the training and the test set are presented
in Figure 4 for the best COMSIA model with steric, elec-
trostatic, and H-bond donor fields. The predicted
log(PR) residuals for both the training and test set com-
pounds were all lower than 0.20 log units, except for
compound 31 (0.85 log unit). However, the experimen-
tally determined PR of compound 31 was 2.0 while the
predicted PR was 0.3. Thus, the poor TK1 substrate
characteristics of 31 were still accurately indicated
(Table 3).

3.4. Comparison of CoMFA and CoMSIA analysis

Table 3 shows experimental and predicted log(PR)s for
all the compounds. PRs were calculated from the

log(PR)s in order to achieve an improved correlation
with the actual experimental PRs. Overall, the residuals
for the CoOMFA model showed higher values for several
compounds with higher standard deviation (SD 0.18
with high and low values of 0.47 and —0.38, respec-
tively) for the residues compared with the CoMSIA
model (SD 0.09 with high and low values of 0.12 and
—0.19, respectively). The scatter plot (Fig. 4) of experi-
mental versus predicted log(PR)s shows overall higher
linearity for the CoMSIA model compared with the
CoMFA model. Similarly, the plots of the test set com-
pounds results showed overall higher linearity for the
best CoOMSIA model.

3.5. CoMFA contour maps

Figure 5 shows the steric contour maps for the CoMFA
model with dUrd (12) as a reference. Sterically favored
regions (green) around C-5 of the pyrimidine ring sug-
gest an increase in the activity for the compounds having
a small group at C-5. This is indeed the case for Thd
(15), 5-EtdUrd (14), 5-BrdUrd (17), and 5-FdUrd (29)
having methyl, ethyl, bromo, and fluoro substituents,
respectively, at the S5-position. However, a disfavored
region (yellow) slightly above the green isopleths at
C-5 accounts for the inactivity of the compounds 19
and 20, having bulky bromovinyl and chloroethyl

Table 3. Experimental versus predicted PRs of CoMFA and CoMSIA models

Experimental data Predicted CoMFA data

Predicted CoMSIA data

PR Log(PR) Log(PR) Calced PR ALog(PR) APR Log(PR) Caled PR ALog(PR) APR
Training set
1 443 1.65 1.71 SL.5 —0.06 -7.2 1.71 51.5 —0.06 -7.2
2 61.4 1.79 1.86 71.6 —0.06 —10.2 1.72 52.4 0.07 9.0
3 102.1 2.01 2.01 101.2 0.00 0.9 2.07 118.6 —0.06 —16.5
4 84.9 1.93 1.90 80.2 0.03 4.7 1.82 66.7 0.11 18.2
5 82.3 1.92 1.75 56.8 0.17 25.5 1.98 94.4 —0.06 —12.1
6 27.5 1.44 1.54 349 —0.10 -7.4 1.42 26.1 0.02 1.4
7 70.0 1.85 1.77 59.4 0.08 10.6 1.78 60.4 0.07 9.6
8 52.0 1.72 1.56 36.1 0.16 15.9 1.79 61.8 —0.07 -9.8
9 40.0 1.60 1.66 45.8 —0.06 -5.8 1.71 51.2 —0.11 —11.2
10 15.0 1.18 1.24 17.3 —0.06 -2.3 1.10 12.4 0.09 2.6
11 7.0 0.85 0.80 6.4 0.05 0.6 0.88 7.5 —0.03 -0.5
12 71.0 1.89 1.47 29.6 0.42 47.4 1.88 75.2 0.01 1.8
13 45.0 1.65 1.18 15.1 0.47 29.9 1.63 42.6 0.02 2.4
14 80.0 1.90 1.97 92.5 —0.07 —12.5 1.81 65.0 0.09 15.0
15 100.0 2.00 1.98 96.4 0.02 3.6 2.15 140.9 —0.15 —40.9
16 42.0 1.62 1.75 56.0 —0.13 —14.0 1.50 31.6 0.12 10.4
17 80.0 1.90 2.28 188.8 —0.38 —108.8 1.79 62.2 0.11 17.8
18 1.0 0.00 —0.31 0.5 0.31 0.5 —0.05 0.9 0.05 0.1
19 1.0 0.00 —0.38 0.4 0.38 0.6 —0.06 0.9 0.06 0.1
20 5.0 0.70 0.79 6.1 —0.09 -1.1 0.89 7.8 —0.19 -2.8
21 3.0 0.48 0.78 6.1 —0.30 -3.1 0.46 2.9 0.02 0.1
22 0.1 —1.00 —1.18 0.1 0.18 0.0 —0.87 0.1 —0.13 0.0
23 0.1 —1.00 —1.31 0.0 0.31 0.1 —1.03 0.1 0.03 0.0
24 0.1 —1.00 —-1.29 0.1 0.29 0.0 —1.00 0.1 0.00 0.0
25 0.1 —1.00 —1.21 0.1 0.21 0.0 —0.95 0.1 —0.05 0.0
26 0.1 —1.00 —1.37 0.0 0.37 0.1 —1.06 0.1 0.06 0.0
Test set
27 69.6 1.84 1.99 97.9 —0.15 —28.4 1.72 52.0 0.12 17.6
28 30.0 1.48 1.73 533 —0.25 —233 1.39 24.5 0.09 5.5
29 95.0 1.98 1.76 57.5 0.22 37.5 2.07 116.9 —0.09 -21.9
30 1.0 0.00 —0.19 0.6 0.19 0.4 —0.03 0.9 0.03 0.1
31 2.0 0.30 —0.36 0.4 0.66 1.6 —0.55 0.3 0.85 1.7
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Figure 4. Experimental versus predicted log(PR)s of compounds in the
training set and the test set for the CoMSIA model.

Figure 5. CoMFA SD #* Coeff contour plots for steric fields with dUrd
(12) as the reference. Sterically favored (contour level 0.080) areas are
shown in green, while the yellow isopleths depict sterically disfavored
areas (contour level —0.050).

substituents at this position. Two large yellow isopleths
near the 2’-position of the sugar unit represent unfavor-
able steric conditions at the 2’-a (ribose) and the 2'-§
(arabinose) positions. The presence of 2’-f hydroxyl
groups in AraU (18) and AraT (30) are in agreement
with their inactivity. The fluorine atoms at 2'-f are
responsible for reduced activities of FMAU (13) and
FIAU (16) although both compounds have favorable
small groups at C-5. Both of the fluorine atoms at the
2'-position of dFdU (25) are located near the yellow
regions at the o and B faces of C-2’, which is coherent
with the inactivity of this compound. The third smaller
yellow polyhedron is in proximity to the methylene
group at 2’-position of 2’-methylene-2’-deoxythymidine
(26), which accounts for the inactivity of this compound.

Figure 6. COMFA SD * Coeff contour plots for electrostatic fields
with dUrd (12) as the reference. Blue isopleths depict areas where
positively charged groups increase activity (contour level 0.140) and
red areas indicate increase in the activity with negatively charged
groups (contour level —0.080).

Electrostatic fields based on the PLS analysis of the
CoMFA model are shown in Figure 6. A large blue iso-
pleth near the 2’-position is representing an area where a
positive charge is favored. Fluoro or hydroxyl groups at
the 2’-position, bearing negative GH charges on the ‘O’
and ‘F’ atoms diminish (18, 22, 25, 30, 31) or decrease
the activity (13, 16). Smaller electronegative groups (hy-
droxyl or azido) at 3’-position are essential for high
activities, represented by the red favorable isopleth near
this area. Compound 10 having a larger methylazido
group at C-3’ shows a lower activity. Halogen atoms
bearing negative GH charges at C-5 position, as in 5-
BrdUrd (17) and 5-FdUrd (29) have high activity,
whereas the amino group in compound 21, having posi-
tive GH charges on the hydrogen atoms, diminished
activity.

3.6. CoMSIA contour maps

Unlike the CoMFA contour maps that represent the
‘pseudo-receptor’ region where aligned molecules would
interact favorably or disfavorably, the CoMSIA method
provides contours that allow each field contributions to
be mapped directly to regions within the structures.*
The color schemes for steric and electrostatic fields are
represented in a similar fashion as those of CoMFA
contours. Both steric (Fig. 7) and electrostatic (Fig. 8)
contours obtained from the CoMSIA model appear to
be superior to the CoOMFA contours providing excellent
correlation with the predicted data. The reason for the
lack of activity of the compounds 19 and 20 are clearly
demonstrated in Figure 7, which shows a very large
yellow isopleth near C-5 corresponding with the posi-
tions of the halogen atoms in both molecules. The green
region closer to C-5 indicates increase in activities com-
pared to dUrd (12) for compounds with halogen- (17,
29), methyl- (15), and ethyl substituents (14). The yellow
isopleth at the 2’-position covers both the o (ribose) and
the B (arabinose) faces of the sugar portion indicating
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Figure 7. CoMSIA SD #* Coeff contour plots for steric fields with dUrd
(12) as the reference. Sterically favored (contour level 0.010) areas are
shown in green, while the yellow isopleths depict sterically disfavored
areas (contour level —0.008).

Figure 8. CoMSIA SD * Coeff contour plots for electrostatic fields
with dUrd (12) as the reference. Blue isopleths depict areas where
positively charged groups increase activity (contour level 0.040) and
red areas indicate increase in the activity with negatively charged
groups (contour level —0.040).

reduced (13, 16) or diminished activities (18, 22, 30, 31).
Among the compounds with azido groups at the 3'-po-
sition (7, 8 and 10), compound 10 has the lowest activity
as it is expressed by the yellow region in some distance
to C-3'. The benzyl group of 3-BnThd (5) and most of
the bulky butyl group of 3-BuThd (4) are embedded in
the green region near N-3 of the pyrimidine ring, which
corresponds with their higher activities compared with
3-MeThd (1), 3-EtThd (2), and 3-i-PrThd (27).

The presence of a blue region beyond C-5 (Fig. 8) corre-
lates with the position of the halogen atoms of com-
pounds 19 and 20, which accounts for the lack of
activity of both compounds. A large red region on the
B-face of the sugar ring appears to be due to negatively
charged ‘backbone’ including the ring oxygen atom of

the sugar portion and the N-1 nitrogen of the pyrimidine
base. Electronegative fluoro- or hydroxyl groups at the
2'-position are located in a very large blue region, which
indicates diminished (18, 22, 25, 30, 31) or decreased
activity (13, 16). The red polyhedron near C-3’ indicates
high activities for compounds having hydroxyl or azido
at 3’-position. The red isopleth in close proximity to the
C-5 position corresponds with the high activities of 5-
BrdUrd (17) and 5-FdUrd (29). It is noteworthy that
the central nitrogen atoms of the azido groups in AZT
(7), AZU (8) and compound 10 have negative GH
charges, whereas the encompassing nitrogen atoms have
positive GH charges. The central nitrogen atoms of
AZT (7) and AZU (8) are favorably located within the
red region whereas the central nitrogen atom of com-
pound 10 is located outside of the red region indicating
its lower activity.

The graphical interpretation of the H-bonding donor
interaction in the CoOMSIA model is represented in Fig-
ure 9. It highlights areas beyond the molecules where
putative hydrogen acceptor groups in the enzyme can
form H-bonds with molecule thereby influencing bind-
ing affinities. The cyan isopleths near the hydrogen
atoms of the 3’- and 5'-OH groups represent favorable
interactions with the H-bond donor surface of the mole-
cule. This indicates the necessity of hydroxyl groups at
3’- and 5’-positions for activity. Likewise, a large cyan
isopleth (favored) is present near the hydrogen bound
to N-3. Therefore, Thd (15) is more active than its N-3
alkylated derivatives 3-MeThd (1), 3-EtThd (2), 3-
BuThd (4), 3-BnThd (5), and 3-i-PrThd (27). Compound
6, having two OH groups in close proximity to the large
purple regions beyond the carbonyl oxygens at C-2 and
C-4 of the pyrimidine ring, shows decreased activity
compared to the other N-3 alkylated Thds. A purple
polyhedron near the hydrogen atom of the amino group
at C-5 of compound 21 is indicative of a disfavored

Figure 9. The contour plots of the CoMSIA H-bond donor fields
(SD * Coeff) with dUrd (12) as the reference. Cyan isopleth contours
(contour level 0.035) beyond the structures where an H-bond donor
group in the compound will be favorable, while purple isopleths
(contour level —0.035) represent H-bond donor in the compound
unfavorable.
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H-bond donor surface, as it is reflected by the low activ-
ity of this compound. The purple region near the 2'-
position of the ribose portion demonstrates lack of
activity associated with compound 22 and 31 having
2’-a hydroxyl groups. Both arabino nucleosides AraU
(18) and AraT (30) show very low activity due to the
proximity of the 2’-p hydroxyl groups to the purple
regions around C-5 and the carbonyl group at C-2.

4. Conclusions

CoMFA and CoMSIA methods were successfully ap-
plied in our study to build 3D-QSAR models that can
accurately predict relative TK1 phosphorylation rates
(PRs) of TK1 substrates. Overall, the degree of predic-
tivity of the CoMSIA model appeared to be superior
to that of the CoMFA model. However, a combined
use of both the CoMFA and the COMSIA model may
be most suitable to predict the activities of novel TK1
substrates designed in silico. Three-dimensional struc-
tural coordinates obtained from CoMFA and CoMSIA
contour maps could be used in database mining for
existing unknown TK1 substrates.
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