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ARTICLE INFO ABSTRACT

Keywords:

Simple molecular descriptors of extensive series of 1,3,5-triazinyl sulfonamide derivatives, based on the structure

ANN of sulfonamides and their physicochemical properties, were designed and calculated. These descriptors were

Structural descriptors
1,3,5-triazinyl sulfonamide derivatives
Carbonic anhydrase

successfully applied as inputs for artificial neural network (ANN) modelling of the relationship between the
structure and biological activity. The optimized ANN architecture was applied to the prediction of the inhibition
activity of 1,3,5-triazinyl sulfonamides against human carbonic anhydrase (hCA) II, tumour-associated hCA IX,

and their selectivity (hCA II/hCA IX).

1. Introduction

Cancer is the second leading cause of death globally [1-3]. In 2016,
cancer was responsible for over 9.6 million deaths, and the number of
new cases is expected to rise by approximately 70% during the next 20
years.

Many tumour types, especially those with a low response to classical
therapy, invasive growth, and metastatic spread, are closely associated
with hypoxia (low concentration of oxygen in the microenvironment of
the tumour, caused by changes in the metabolism of a tumour and rapid
proliferation) [4-6]. In response to hypoxic conditions, hypoxia-
inducible factor 1 (HIF-1) protein activates hypoxia-inducible genes,
which are responsible for neoangiogenesis, improved glycolysis and
energy production, upregulation of molecules connected with cell sur-
vival, and apoptosis and other mechanisms that help the tumour to
survive [7-11]. One of the essential hypoxia-induced genes encodes
human carbonic anhydrase (hCA) IX [7,8,12]. Transmembrane tumour-
associated hCA IX is a zinc-based enzyme (containing a Zn?* ion in the
active site) that plays a crucial role in the pH regulation of the tumour
microenvironment [13]. The high speed of proliferation of tumour cells
leads to the production of increased amounts of metabolic products such
as lactate, hydrogen protons, and bicarbonate ions [13,14]. The high
concentration of these metabolites causes the more acidic extracellular
environment of the tumour (pH 6.7-7.0) in comparison with healthy
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tissue (pH 7.4) [7,8,14]. The enzyme hCA IX has the ability to catalyse
the hydration of CO; to form bicarbonate anions and protons [7-9].
Bicarbonate anions are transported by anion transporters into the
tumour cells (buffer intracellular microenvironment), and hydrogen
protons contribute to the creation of the acidic extracellular environ-
ment. It has already been proved that the acidic tumour microenviron-
ment enhances the growth and metabolic changes of tumour cells
mentioned above but also that it has a crucial role in the spread of
metastasis and resistance to classical chemotherapy or radiotherapy
[7-9,14].

In general, hCA IX (and its inhibition) is an important target for
research into new cancer chemotherapeutics. The employment of hCA
IX inhibitors can enhance the efficiency of classical chemotherapeutics
(i.e. coordination compounds of platinum) even against nonresponsive
types of tumour (renal carcinoma) [13]. The inhibitory activity of many
compounds, namely coumarins, carbamates, sulfamates or sulfon-
amides, against hCA IX has already been proved [15-18]. The sulfon-
amides containing the 1,3,5-triazine structural moiety are one of the
most promising potential inhibitors of hCA IX (see Fig. 1). The research
group of Prof. Supuran reported a series of sulfonamides incorporating
1,3,5-triazine moieties (a, b) in combination with alkylamino, alkoxy,
and phenoxy structural moieties or hydroxy groups with an inhibition
constant Kj in the range of 0.12-640 nM [19,20]. In subsequent work,
Supuran et al. prepared and tested 1,3,5-triazinyl benzenesulfonamides
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Fig. 1. (i) The general structure of hCA IX inhibitors; (ii) Examples of most active 1,3,5-triazinyl benzenesulfonamide derivatives studied in this paper [19-24].
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Fig. 2. The general architecture of feed-forward neural networks of multilayer
perceptions. The w;; are the weights belonging to the connection between the i-
th and the j-th node. .

Adapted from [47]

(c) substituted with ammonia, morpholine, anilines, tert-butylamine,
1,3-diaminopropane, and N-methyl-2-aminoethanol as nucleophiles
[21]. The K;s of the tested compounds were in the range of 2.4-34.1 nM.
The series of 1,3,5-triazinyl benzenesulfonamides (d) studied by
Supuran et al. was further extended by the incorporation of different
amino acids, amino acid esters, aminoalcohols, and the mono-tert-butyl-
dimethylsilyl derivative of ethylene glycol into the 1,3,5-triazinyl ben-
zenesulfonamide precursor [22]. The K;s of the studied compounds were
in the range of 0.75-95 nM. Mikus et al. prepared a systematic study of
conjugates of 1,3,5-triazinyl benzenesulfonamides (e) with various
proteinogenic and non-proteinogenic amino acids, with resulting K;s in
the range of 8.4-2592 nM [23]. Havrankova et al. focused on 1,3,5-tri-
azinyl benzenesulfonamide derivatives (f) containing piperazine and/or
aminoalcohol structural moieties, with the Kis of the compounds ranging
from 0.4 to 307.7 nM [24]. Some of the tested inhibitors can act even at
picomolar levels, such as 1,3,5-triazinyl benzenesulfonamide disubsti-
tuted with ethoxy moieties (K; 120 pM) [19], 1,3,5-triazinylaminome-
thylbenzenesulfonamide monosubstituted with 4-aminophenol (K
400 pM) [24], etc. However, most of the tested 1,3,5-triazinyl sulfon-
amide derivatives demonstrate only moderate or low selectivity for hCA
IX over physiologically relevant isoenzymes of hCA.

Low selectivity could be a significant complication in the use of in-
hibitors of hCA IX in clinical treatment through the risk of unwanted
adverse effects and compensation mechanisms evolving in cancer cells
as a result of their phenotypic plasticity [17]. Therefore, the invention of
new, extremely selective inhibitors of hCA IX with very high activity is
necessary.

The interaction of inhibitors with the enzyme is complex and is
significantly different for each structure [25,26]. Therefore, the design
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of new drugs is challenging and focused on innovative methods. Because
of the complexity explained above, the design of new drugs preceding
their synthesis is an important step in modern drug development, and
the theoretical prediction of the biological activity of a new drug spares
much time, funds, and effort. Quantitative structure-activity relation-
ship (QSAR) quantum mechanical (QM) methods are often used,
although their application in computational drug design presents some
limitations [27-34]. Quantum descriptors (which are difficult to un-
derstand for most chemists and are calculated using special programs)
must be used for the computation. Only a few examples of constitutional
descriptors, which usually represent the number of atoms, rings, or
double bonds in a molecule, have been used in QM methods, and always
in combination with other types of descriptors (e.g. quantum chemical
descriptors) [35-38].

An alternative approach is based on the application of methods based
on artificial intelligence, namely artificial neural networks (ANNs),
which belong to a group of techniques using artificial intelligence
inspired by the neurobiology and architecture of the human brain
[39,40]. The ANNs present many advantages over the QSAR QM
methodology. An example of the advances of artificial-intelligence ap-
proaches (e.g. stepwise multiple linear regressions, genetic algorithms,
simulated annealing techniques, and non-linear ANNs) is their success-
ful application in the prediction of biological activities and other prop-
erties of sulfonamides and substituted sulfonamides [41-43]. The
comparison of QSAR models based on combinations of genetic algo-
rithms, stepwise multiple linear regressions, and ANN methods has been
studied thoroughly, demonstrating that models based on ANNs have the
best predictive ability [43].

Recently, during the finishing of this paper, a detailed computational
inhibition activity study for triazinyl sulfonamide conjugates with
amino acids has been published in which molecular descriptors were
calculated using extensive quantum chemical calculations [44].

The aim of the present work is (i) to develop and examine a new
series of simple molecular descriptors for sulfonamide derivatives
(incorporating 1,3,5-triazine moieties); (ii) to verify their application
potential for ANN modelling of the relationship descriptors = f(biological
activity); and (iii) to evaluate the prediction ability of such descriptors
when using ANNs. An advantage of this approach is that the descriptors
are simple and do not require sophisticated computation and evaluation
of descriptors by statistical programs, which significantly saves time.

2. Results and discussion

We present here only a brief background of ANNs.

One of the most common types of ANN are feed-forward neural
networks of multilayer perceptions (FFNN MLPs), which is often used for
the prediction of biological activity [42,43,45-47]. The general
expression of the typical architecture of FFNN MLPs is shown in Fig. 2.

The development of the ANN optimized model has three basic steps:
training, verification, and prediction [42,43,45,47]. The determination
of the appropriate number of nodes in each layer and the number of
hidden layers is the most critical task in designing and optimizing FFNN
architecture [42,43,45-47]. A useful criterion indicating whether a
network structure is operating correctly during the training process is to
minimize the value of the root mean square (RMS), calculated according
to the following equation:

RMS =

During the training phase, the optimal ANN structure and weighting
(wy) coefficients are determined. The training phase is considered to be
complete when the neural network model achieves the required statis-
tical accuracy for the prediction of outputs and for maintaining the
required RMS for a given sequence of inputs. The next step is verification
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Table 1

Chemical structures of the 1,3,5-triazinyl sulfonamide derivatives studied in this paper.
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( ﬁ@SOzNHZ
HoN

n= R, = R, = Reference
0,1,2 - - [19]
Ry
N ( /—}—QSOZNHZ

N>/_ SD—NH"

=N
Ro
n= Ry = Ry = Reference
0,1,2 —Cl —Cl [19]
0,1,2 —OH —OH [19]
0,1,2 —NH—CHj; —NH—CHj; [19]
0,1,2 —0—CH; —0—CH; [19]
0,1,2 —O—CH,CH3 —O—CH,CH3 [19]
1,2 —NH; —NHy [20]
0,1,2 —NH—NH, —NH—NH, [20]
1,2 —NH—CH,CH3 —NH—CH,CHj3 [20]
0,1,2 —NH—CH(CH3), —NH—CH(CH3)» [20]
0,1,2 —NH—CH,CH,CH, —NH—CH,CH,CH, [20]
0,1,2 —NH—CH,CH,CH,CH3 —NH—CH,CH,CH,CH3 [20]
0 —NH—CH,CH,;N(CH,CH3)2 —NH—CH,CH,N(CH,CH3), [20]
0,1 —NH—CH,CH,[N(CH,CH,),NH] —NH—CH,CH,[N(CH,CH,),NH] [20]
0,1,2 —N(CH3)2 —N(CHs)» [20]
0,1,2 —N(CH2CH3)2 —N(CH2CHs), [20]
0,1,2 —N(CH3)CH,CH,CH3 —N(CH3)CH,CH,CH3 [20]
1 —Cl —NH—CH,;COOH [20]
2 —Cl —NH—CH,;COOH [20]
2 —Cl —NH—CH,COOCH3 [20]
2 —Cl —NH—CH,CH,COOH [20]
0 —NH—CH,COOH —NH—CH,COOH [22]
0 —Cl —NH—CH,COOH [22]
0,1 —NH—CH,COOCHj3 —NH—CH,COOCH3 [22]
0 —Cl —NH—CH,COOCH3 [22]
0 —NH—CH,CH,COOH —NH—CH,CH,COOH [22]
0 —Cl —NH—CH(CH3)COOH [22]
0 —Cl —NH—CH(CH;OH)COOH [22]
0 —Cl —NH—CH,CH,OH [22]
0 —Cl —NH—CH,CH,CH,CH,0H [22]
1,2 —NH—CH(CH3)COOH —NH—CH(CH3)COOH [22]
1,2 —Cl —NH—CH,CH,COOH [22]
2 —NH—CH(CH,OH)COOH —NH—CH(CH,OH)COOH [22]
0 —l —NH—CgHs [21]
0 —l —NH—CgH,—3-CH; [21]
0 —Cl —N(CH3)CH,CH,0H [21]
0 —l —NH—CH,CH,CH,NH, [21]
0 —l —NH—CgH3—3-Cl—4-F [21]
0 —N(CH,CH,),0 —NH—C¢Hs [21]
0 —N(CH,CH),0 —NH—CgH4—3-CH3 [21]
0 —NH, —NH, [21]
0 —N(CH,CH,),0 —N(CH,CH5),0 [21]
0 —NH—CH,CH(CH3), —NH—CH,CH(CH3), [21]
0 —N(CH3)CH,CH,OH —N(CH3)CH,CH,0H [21]
0 —NH—CH,CH,CH,;NH, —NH—CH,CH,CH,;NH, [21]
0,1,2 —NH—CH,COOH —NH—CH,COOH [23]
0,1,2 —NH—CH,CH>COOH —NH—CH,CH,COOH [23]
0,1,2 —NH—CH(COOH)CH(CHs), —NH—CH(COOH)CH(CH3) [23]
0,1,2 —NH—CH(COOH)CH,CH(CH3), —NH—CH(COOH)CH,CH(CHj3)» [23]
0,1,2 —NH—CH(COOH)CH(CH3)CH,CH3 —NH—CH(COOH)CH(CH3)CH,CH3 [23]
0,1,2 —NH—CH(COOH)CH,CH,—SCH3 —NH—CH(COOH)CH,CH,—SCH; [23]
0,1,2 —1-proline —1-proline [23]
0,1,2 —NHCH(COOH)CH,CgHs —NHCH(COOH)CH,CgHs [23]
0,1,2 —NH—CH(COOH)CH,COOH —NH—CH(COOH)CH,;COOH [23]
0,1,2 —NH—CH(COOH)CH,CH,COOH —NH—CH(COOH)CH,CH,COOH [23]
1,2 —NH—CH,—CgH4—4-SO,NH, —NH—CH,CHy—CgH4—4-SO,NH, [24]
1 —NH—CH,—CgH4—4-SO,NH, —NH—CH,CH,CH,OH [24]
1 —NH—CHy;—CgH4—4-SO,NH;, —NH—CH,CH(OH)CH,OH [24]
1 —NH—CH,CH,—CgH4—4-SO,NH, —NH—CH,CH,OH [24]
1 — [N(CH2CH;),N]CH>COOCH3 —NH—CH,CH,—CgH4—4-SO,NH, [24]
1 — [N(CH,CH3),N]COOCH; —NH—CH,CH(OH)CH,0H [24]
1 — [N(CH2CH5)>2N]CH,COOCH3 —NH—CH,CH(OH)CH,OH [24]
2 —NH—CgH4—4-SO,NH, —NH—CH,CH,—C¢H4—4-SO,NH, [24]

(continued on next page)



E. Havrankova et al.

Table 1 (continued)
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( /—-)EQ-SOQNHZ
HoN

n= R; = Ry = Reference
1 —l —NH—CH,—CgH4—4-SO,NH, [24]

0,1 —Cl —NH—CH,CH,—CeHs—4-SO>NH, [24]

0,1 —Cl — [N(CH2CH;)>N]COOCH3 [24]

0,1 —Cl — [N(CH2CH,)2N]CH;COOCH3 [24]

0,1 —Cl — [N(CH2CH3)>N]CH,CH,COOCH3 [24]

1,2 —Cl —NH—CgH4—4-OH [24]

1 — [N(CH,CH,)>N]CH;CH;COOCHj3 —NH—CgH4—4-OH [24]

1 —NH—C¢H4s—4-OH —NH—CH,CH(OH)CH,0H [24]

0 —l —NH—CH,CH,CH,O0H

[42,43,45-47]. During the verification process, the correctness and ac-
curacy of the prediction are tested. Finally, the proposed optimized
model of ANN can be used for the prediction of biological activity.

2.1. Dataset

Data published in the literature [19-24] were collected for a total of
129 1,3,5-triazinyl aminobenzene sulfonamide derivatives that had
undergone biological testing. The research included determined the
biological activity against the isozyme hCA II (one of the most physio-
logically relevant) and an isozyme of hCA IX (tumour associated). The
selectivity ratio for the inhibition of isozyme IX over isozyme II was also
provided in the studies. A data set containing information about the
molecular structure of the compounds (Table 1), their inhibitory activity
against hCA II and hCA IX, and their selectivity was built from these
sources.

2.2. Descriptors

It has already been proved that descriptors based only on the struc-
ture are suitable for the prediction of different properties [32,39,41].
However, these descriptors need sophisticated calculation by specialized
software [31,48]. Just a few examples of the use of only constitutional
descriptors in prediction modelling have been published [49,50]. For
instance, Keshavarz et al. recently published the use of constitutional
descriptors besides with descriptors characterizing molecular fragments
as inputs for a multiple linear regression method to predict the toxicity
of some nitroaromatic compounds [50].

The constitutional descriptors are mostly used in combination with
other types of descriptors (e.g., topological and/or quantum chemical
descriptors) [35,36,38,51]. For example, Srivastava et al. developed a
new classification model to predict the biofilm inhibitory potential of
small molecules, using constitutional descriptors in combination with
topological, connectivity, and MOE-type descriptors [52]. Moreover, the
combination of constitutional, topological, geometrical, electrostatic,
and quantum-chemical hypothetical descriptors was successfully used
for prediction of the toxicity of binary mixtures of different chemicals
[53]. The used computational methods were forward stepwise multiple
linear regression and non-linear radial basis function neural networks
[53].

In the present study, we examined descriptors, as selected in the
literature cited in Table 1, coding the structure and also descriptors
related to physicochemical properties.

In the first stage (Phase 1), the simplest way of coding was studied: a
numerical code was given to each substituent (i.e. three substituents =
three descriptors). However, this approach was found to be inappro-
priate, as a high RMS value equal to 358.6 was obtained.

In the next phase (Phase 2), four descriptors were assigned to each
substituent. Descriptor 1 describes the presence or absence of a

heterocyclic skeleton, common to all compounds (1, triazine), De-
scriptors 3 and 9 describe the atom through which the substituent is
attached to the skeleton, Descriptors 4 and 10 indicate if the main chain
of the substituent is linear or cyclic, Descriptors 6 and 12 determine the
number of carbons in the main chain of the substituent, and Descriptors
7 and 13 define substituents attached to the main chain. Despite the use
of four descriptors per substituent, the RMS value was still too high
(RMS = 254.3), indicating the low importance of or lack of information
in the descriptors.

Therefore, in Phase 3, Descriptor 2 was added, identifying the
number of carbons in the linking chain between sulfonamide and
triazine. The use of this descriptor reduced the resulting RMS to 91.6,
indicating that the sulfonamide substituent is crucial for biological ac-
tivity against hCA.

In Phase 4, in order to further reduce the RMS value, the structure
was encoded using a higher number of descriptors. The result of Phase 4
was the final set of descriptors coding the structure (Descriptors 1-14;
see Table 2); the calculated RMS was 69.2.

An example of the coding for a specific structure is given in Fig. 3.

In Phases 5 and 6, the descriptors related to physicochemical
properties were used in the computations. In Phase 5, polarizability o
(Descriptor 15) and log P (P is the partition coefficient) (Descriptor 16)
were added, leading to an RMS value of 47.3. In Phase 6, molecular
weight MW (Descriptor 17), Parachor P (Descriptor 18), molar
refractivity A (Descriptor 19), molar volume Vm (Descriptor 20), and
surface tension y (Descriptor 21) were included. The RMS value ob-
tained using the model with 21 descriptors was 9.1, showing a signifi-
cant improvement; however, a completely satisfactory result was still
not obtained.

In Phase 7, Descriptor 22 (nPip, total number of piperazine rings in
the structure), Descriptor 23 (nBz, number of benzene rings),
Descriptor 24 (nHAcc, number of H acceptors), and Descriptor 25
(nHDon, number of H donors) were therefore added. Although the
application of descriptors in Phase 7 led to a decrease in the RMS value
to 2.1, the values of residuals were still high, and a large number of data
defined as outliers were obtained (almost 35%).

This problem was solved by the addition of a new descriptor (Phase
8, Descriptor 26), which divides compounds in a dataset of six groups
(Subsets). The introduction of this additional descriptor increased the
number of inputs (and thus the information content of the data) and
therefore enabled the better prediction of the biological activity of
structurally similar compounds. The addition of Descriptor 26 proved
to be a significant step as it, resulted in lower values of residuals, and no
outliers were observed.

In summary, the above-listed descriptors (i) code the structure, (ii)
describe physicochemical properties, and/or (iii) have a different
meaning (e.g. the number of H donors in the structure, division into the
subgroups, etc.).
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Table 2

Characterization of Descriptors used in this study. When the substituent was not
present, the value was assigned to 0.

Descriptor

Significance of descriptor

Symbol

Descriptor 1

Descriptor 2

Descriptor 3
and 9

Descriptor 4
and 10

Descriptor 5
and 11

Descriptor 6
and 12

Descriptor 7
and 13

Descriptor 8
and 14

Descriptor
15
Descriptor
16
Descriptor
17
Descriptor
18
Descriptor
19
Descriptor
20
Descriptor
21
Descriptor
22
Descriptor
23
Descriptor
24
Descriptor
25
Descriptor
26

presence or absence of a
heterocyclic skeleton, common
to all compounds

the type of sulfonamide group
(distinguished by the number
of the CH; groups) bonded to
the triazine skeleton

through which atom the
substituent is bonded to the
skeleton

indication if the main chain of
the substituent is linear
unbranched, linear branched,
or cyclic

the position of branching in the
case of a linear branched chain
or, in the case of a cyclic
substituent, indicate the nature
of the cycle

the number of carbons in a
linear chain except for carbons
of functional groups; for
example, COOH, COOR, CH3
substituent attached to the
branching in positions
indicated by Descriptors 5
and 11

the last structural moiety
attached to the chain

polarizability

log of partition coefficient
molecular weight

value of Parachor

molar refractivity

molar volume

surface tension

total number of piperazine
rings in a structure

total number of benzene rings
total number of H acceptors
present in a structure

total number of H donors
present in a structure

divides the compounds into six
groups

1, triazine

2, in the absence of CHp;
3, one CHjy; 4, two CH;

5, Cl, i.e. no substitution;
6,0;7,N

8, linear unbranched;
9, linear branched;
10, cyclic

linear branched chain:

11, Cy; 12, N3; 13, No; 14, Co; 15,
C; and Cs; 16, C; and C,

cyclic substituent:

17, piperazine substituted in
position N4; 18, morpholine; 19,
pyrrolidine

20, (C); 21, (C);

22, (C)3; 23, (C)a

24, CHg; 25, CH,CHg; 26, 2%
(CH3); 27, OH; 28, CH,OH; 29,
Ph; 30, COOCH3; 31,
CH,COOCHj3; 32,
CH,CH,COOCHS3; 33, CgHs-3-Cl-
4-F; 34, CgHs-3-CHz; 35, CgHs-4-
OH; 36, (C);-COOH; 37, (C)1-
COOH and (C),-CHgz; 38, (C)1-
COOH and (C)3-CHj3

39, CHs; 40, OH; 41, COOH; 42,
COOCHS3; 43, NHy; 44, SCH3; 45,
CeHs;

or 0 when no substituent was
present

o [10°2* em?]

log P

MW [g/mol]
P [em®]

A [crn3]

Vm [cm3/mol]
y [dyn/cm]
nPip

nBz

nHAcc
nHDon

described with numbers 1 to 6
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2.3. Search for optimized ANN architecture

In the first stage, we examined the use of the following ANN archi-
tecture: input, one hidden layer, one output. As an example, the con-
struction of the ‘optimized’ network for Subset 1 is described below.
Fig. 4 presents the RMS as a function of nodes in the hidden layer and
demonstrates that the optimal value of n (number of nodes in the hidden
layer) is close to 4-5. The best correlation between predicted and
experimental biological activity values in the training step was observed
for five nodes in the hidden layer. Subsequently, the architecture of the
network suitable for modelling the relationship between the structure of
compounds and their biological activity was found to be (26, 5, 1).

2.4. Modelling and verification

From the plot of experimental vs. predicted inhibition activity, it can
be clearly seen that the experimental and predicted inhibition activities
fit well in both the training and verification phases (results for Subsets 2
and 3 are shown in Figs. 5 and 6 as examples of modelling and verifi-
cation, respectively).

2.5. Examination of the importance of individual descriptors

The importance of individual descriptors was subsequently exam-
ined by the leave-one-out method. One of individual descriptors (or
series of descriptors) was taken out of calculation, and the value of the
RMS was determined (Fig. 7). If the elimination of the descriptor was not
reflected in a significant decrease in the RMS value, then its importance
could be considered to be diminished, and it could be ignored.

When Descriptors 1-14 were removed en masse from the modelling,
the RMS value rose significantly (RMS = 1.88). On the contrary, when
Descriptors 15-25 were removed en masse from the modelling, the
value of the RMS (RMS = 0.0039) was equal to that of a model con-
taining these descriptors. However, for both cases, we could observe
high values of residuals, implying that, in each group of descriptors (i.e.
based only on structure and those based on physicochemical properties),
there are some important descriptors, and both of the groups must be
taken into consideration.

It was found that the elimination of Descriptor 2 presented the most
significant effect on the value of the RMS. This is to be expected, because
Descriptor 2 determines the type of sulfonamide group, which is the key
substituent with respect to inhibition activity. Other important de-
scriptors based on structure are Descriptors 4 and 10, which indicate if
the main chain of the substituent is linear unbranched, linear branched,
or cyclic. Similarly, elimination of Descriptors 7, 8, 13, and 14, giving
information about the functional groups of substituents, led to signifi-
cantly higher RMS values. From the second group of descriptors (based
on physicochemical properties and others), the most significant change
in the RMS value was associated with Descriptors 19 (molar refrac-
tivity), 21 (surface tension), and 24 (number of H acceptors). Molar
refractivity correlates with molecular weight, density, and refractive
index. Surface tension correlates with molecular weight, density, and
molar volume. Descriptor 24 gives the number of H acceptors present in
a structure, which explains its importance because this number provides
information about the tendency of the molecule to form hydrogen bonds
in general, in particular with the hydroxy groups of CA.

After the evaluation of the importance of individual descriptors, a
value of RMS = 0.2 was taken as the limit value. Thus, descriptors whose
elimination from modelling led to RMS values lower than 0.2 were
ignored (Descriptors 1, 3,6,9, 12,13, 15,17, 18, 22, 23, and 25). The
new model employing only Descriptors 2, 4, 5,7, 8,10, 11, 14, 16, 19,
20, 21, and 24 was trained further. The RMS value of the model was
then 0.1137, which is comparable to the RMS of the model using all of
the descriptors. The graph of residuals (Fig. 8; example Subset 1 of re-
siduals for inhibition activity against hCA IX) and the correlation be-
tween experimental and predicted inhibition activity values (Fig. 9;
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Fig. 3. Scheme of coding of the structure of drugs (code sequences are the numbers given below the illustrated structure).
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Fig. 4. a) Dependence of RMS as a function of the number of nodes (n) in the hidden layer. b) Design of the ‘optimized’ network.

example Subset 1) are in a good agreement with the results of the model
using all of the descriptors.

However, the predictive ability of the ANN model using only de-
scriptors 2, 4,5,7,8,10,11, 14,16, 19, 20, 21, and 24 was rather weak
(Table 3). This is to be expected, partly because each of the descriptors
describes a different part of the molecule and partly because the bio-
logical activity is affected by the entire structure of the molecule.

As a result of the examination of the importance of individual de-
scriptors, we conclude that to maintain the high accuracy of prediction,
no descriptors can be eliminated. Even though the importance of some
descriptors is weak, the use of them improve the accuracy of prediction.

2.6. Prediction of biological activity: proof of concept

The prediction of the biological activity of 129 compounds using
ANN technology and newly developed molecular descriptors not

requiring chemical quantum computation was successfully demon-
strated in this work. In addition, the modelling of the biological activity
of not-yet-synthesized compounds was enabled by the ANN database.

Structure-based molecular descriptors for Compound 1 (Fig. 10)
were used for the ANN model, and the values of inhibition activity
against hCA II and hCA IX and the selectivity (hCA II/hCA IX) were
predicted. Compound 1 was then synthesized, and the inhibition activity
was determined experimentally. The predicted and experimental values
were in good agreement. The predicted value of inhibition activity (K;)
against hCA II was 42.82 nM, which was very close to the experimental
value of 44.8 nM (RMS = —1.977). A slightly lower level of agreement
between the predicted and experimental values was obtained for the
prediction of inhibitory activity against hCA IX (predicted K; = 239.8
nM, experimental K; = 228.9 nM) but even this result is satisfying. The
values for predicted selectivity (0.2281) and experimentally determined
selectivity (0.19) were almost the same (RMS = 0.03807).
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Fig. 7. Subset 1: Examination of the importance of individual descriptors.

The CA inhibition assay is described in detail in the Supporting
Information.

3. Experimental
3.1. Coding of the structure of drugs and determination of descriptors
The structures of the compounds analyzed were coded according to
the key presented in Table 2. An example of code sequences is given in
Fig. 3. Descriptors 15-21, which describe the physical properties of the
molecules, were calculated from the structures using the ChemSketch
program [54].
3.2. Instrumentation
All calculations were performed on an AMILO Pro computer (Fujitsu
Siemens Computers; Intel® Core™2 CPU, T5500@1.66 GHz, 1.66 GHz,
3.00 GB RAM, Operating system: Microsoft Windows XP Professional,
0.4
0.3

0.2

0.1 )

RESIDUAL

® o 0o
15

0o 0o L
0 5 10

COMPOUND No.

20

Fig. 8. Example (Subset 1) of residuals for the modelling of inhibition activity
against hCA IX after the elimination of redundant descriptors (Descriptors 1, 3,
6,9, 12, 13,15, 17, 18, 22, 23, and 25).
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Fig. 9. Example (Subset 1) of the modelling of ANNs after the elimination of
redundant descriptors: experimental vs. predicted inhibition activity against
hCA IX.

Table 3
Example (Subset 1): Verification of inhibition activity against hCA IX after the
elimination of redundant descriptors.

Compound  Predicted inhibition Experimental inhibition Residual
activity activity

6 141.2 138 3.17

3 72.46 33 39.46

10 12.15 153 140.85
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Fig. 10. Structure of compound 1.

Table 4
Optimized network assessment: the function of the RMS as a function of nodes in
the hidden layer.

Subset 1 - hCA II Subset 1 - hCA IX Subset 1 - Selectivity

Hidden layers RMS Hidden layers RMS Hidden layers RMS

1 24.6 1 83.2 1 57.5
2 13.8 2 52.1 2 32.0
3 8.6 3 22.3 3 11.3
4 1.6 4 6.5 4 0.8
5 0.1 5 0.2 5 1.3
6 0.9 6 1.0 6 0.8
7 1.2 7 1.4 7 1.3
8 1.5 8 1.5 8 1.5

Version 2002, and Service Pack 2). The Trajan 4.0 software package
[55] was used for the calculations. For the calculation of physico-
chemical properties (Descriptors 15-21), ChemSketch from ACD/Labs
[54] was applied.

3.3. Search for optimized ANN architecture

As an example, the construction of the ‘optimized’ network for
Subset 1 is described below. The RMS values were determined as a
function of nodes in the hidden layer (see Table 4). The optimal number
of nodes in the hidden layer was determined from the graph presented in
Fig. 4. Subsequently, the architecture of the network suitable for
modelling the relationship between the structure of compounds and

Bioorganic Chemistry 107 (2021) 104565

their biological activity was found to be (26, 5, 1).

3.4. Modelling and verification: statistical data

Statistical data for the modelling of individual subsets in the training
phase are given in Table 5.

3.5. Modelling and verification: calculation of residual values

For each of the compounds of the dataset, the residual value was
calculated according to the following equation:

Residual = predicted value — experimental value

Residual values calculated for Subsets 2 and 3 (as examples) in the
training and verification processes, respectively, are recorded in Figs. 11
and 12.

3.6. Synthesis of 4-({4-Chloro-6-[(3-hydroxypropyl)amino]-1,3,5-
triazin-2-yl}amino) benzenesulfonamide

3.6.1. General information

All reagents were purchased from commercial suppliers (Sigma-
Aldrich, Darmstadt, Germany) and used as supplied, without further
purification. The catalytic system of Cu(I)-supported on a weakly acidic
resin was purchased from www.entwickchemicals.com.

The reaction was monitored by TLC performed on precoated Silica
Gel 60 F254 plates (Merck, Darmstadt, Germany). Methanol was used as
an eluent; UV light (254 and 356 nm) and ninhydrin reagent were used
for the detection of spots at 180 °C. NMR spectra were recorded on a
DRX 500 Avance (Bruker Biospin, Billerica, USA) spectrometer using
TMS as an internal standard. The FTIR spectrum was obtained on an
Alpha II FTIR Spectrometer (Bruker, Billerica, USA) equipped with the
ATR module. The melting point (uncorrected) was recorded on a
Kofler’s block Boetius Rapido PHMK 79/2106 (Wagetechnik, Dresden,
Germany) with a temperature gradient of 4 °C/min"'.

3.6.2. Synthetic procedure

The starting compound 4-{[(4,6-dichloro-1,3,5-triazin-2-yl)amino]
methyl}benzene-1-sulfonamide was prepared according to the literature
[19].

Compound 4-({4-Chloro-6-[(3-hydroxypropyl)amino]-1,3,5-

Table 5
Statistical data for the modelling of individual subsets.

Subset Output Mean” s.D." Error Mean® Error S.D.! S.D. Ratio®

1 hCA I 94.94 90.18 0.0121 0.1278 0.001417
hCA IX 139.20 148.00 0.2044 0.4043 0.002731
Selectivity 68.71 178.30 0.02782 0.6789 0.003807

2 hCA I 72.94 82.70 —0.004847 0.2899 0.003505
hCA IX 52.42 87.20 —0.03131 0.4714 0.005406
Selectivity 10.09 9.87 —0.004079 0.04421 0.004477

3 hCA Il 320.10 179.40 —0.01723 0.2873 0.001601
hCA IX 10.61 10.16 0.001609 0.02436 0.002397
Selectivity 73.09 142.60 0.008393 0.3718 0.002606

4 hCA Tl 47.22 34.63 0.002473 0.07370 0.002128
hCA IX 13.76 10.08 0.001438 0.02943 0.002921
Selectivity 6.76 8.903 —0.003487 0.03093 0.003474

5 hCA Il 3.15 0.46 —0.03313 0.1824 0.3972
hCA IX 0.86 0.73 0.02046 0.06651 0.09056
Selectivity 0.86 0.73 —0.01441 0.2713 0.3694

6 hCA T 72.39 82.30 —0.1031 0.5444 0.006615
hCA IX 90.29 105.80 —0.002762 0.2084 0.001969
Selectivity 3.176 4.53 —0.005323 0.04026 0.008881

@ Mean, the average of a data.

b §.D., standard deviation.

¢ Mean Error.

4 Standard Error of S.D.

¢ S.D. Ratio, the error: data standard deviation ratio.
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Fig. 12. Residuals for verification: results for Subset 2 and Subset 3 as examples.

triazin-2-yl}amino) benzenesulfonamide was prepared according to
the methodology published in [24,56]. Starting dichlorotriazinyl ben-
zenesulfonamide (1 mmol) was dissolved in 10 mL of DMF. One mmol of
solid anhydrous potassium carbonate was added gradually, and the
mixture was stirred for 10 min. Then, 1 mmol of 3-aminopropanole was
added portion-wise. Finally, 2.5% mol of supported Cu(l) ions were
added into the reaction mixture. The reaction was stirred at 35 °C until
the maximum conversion of starting reactants was achieved (monitored
by TLC). After the completion of a reaction, the catalyst and salt were
filtered off. Crushed ice was then added into the solution, and the pre-
cipitate formed was collected by filtration. The crude product was dis-
solved in hot acetone and precipitated by the addition of isopropyl
alcohol.
4-({4-Chloro-6-[(3-hydroxypropyl)amino]-1,3,5-triazin-2-yl}

amino)benzenesulfonamide (1): C12H;5CINgO3S; 358.80 g/mol; white
solid; yield 95.5%; mp 223-225 °C; IH NMR: &y (ppm, 500 MHz,
DMSO-ds) 7.76 (2H, d, J = 8.1 Hz, CHp,), 7.51 (2H, d, J = 8.1 Hz, CHpy,),
3.44-3.41 (2H, m, CH,—OH), 3.32-3.29 (2H, m, NH—CHzay),

13

1.58-1.56 (2H, m, CHaa10); 13C NMR: 5¢ (ppm, 125 MHz, DMSO-dg) 168.2
(C—CD), 165.8 (C—Ngo), 162.7 (C—Ngyp), 144.7 (C), 143,3
(C—SO,NH,), 128.1 (CHap), 126.8 (CHa.), 58.3 (CH,—OH), 41.2
(NH—CH2a10), 32.9 (CHaae); IR: Umax (cm ™) 3353 (OH, NH, NHy), 3258,
2952 (CHpp), 2926 (CHaiiph), 1604 (C=Cp,), 1434, 1391, 1153
(SO2NH3)

4. Conclusions

A new series of simple molecular descriptors for 1,3,5-triazinyl sul-
fonamide derivatives was developed and evaluated. The descriptors
enabled the successful employment of ANN technology in modelling the
relationship between the structures of more than one hundred 1,3,5-tri-
azinyl sulfonamide derivatives and their biological activity. This
approach is simple and avoids extensive, sophisticated calculation by
specialized software and the necessity to evaluate descriptors using
statistical programs. The ANN architecture developed enables the pre-
diction of the biological activity for unknown (not-yet-synthesized)
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compounds, which brings substantial savings in time, effort, and funds.
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