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Tuberculosis (TB) is an infectious disease that primarily affects the lungs of humans and accounts for Myco-
bacterium tuberculosis (Mtb) bacteria as the etiologic agent. In this study, we introduce a computational frame-
work designed to identify the important chemical features crucial for the effective inhibition of Mtb B-CAs.
. . Through applying a mechanistic model, we elucidated the essential features pivotal for robust inhibition. Using
Mycobacterium tuberculosis . . s s . .
Infection this model, we engineered molecules that exhibit potent inhibitory activity and introduce relevant novel
QSAR chemistry. The designed molecules were prioritized for synthesis based on their predicted pKi values via the
QSAR (Quantitative Structure-Activity Relationship) model. All the rationally designed and synthesized com-
pounds were evaluated in vitro against different carbonic anhydrase isoforms expressed from the pathogen Mtb;
moreover, the off-target and widely human-expressed CA I and II were also evaluated. Among the reported
derivatives, 2, 4, and 5 demonstrated the most valuable in vitro activity, resulting in promising candidates for the
treatment of TB infection. All the synthesized molecules exhibited favorable pharmacokinetic and toxicological
profiles based on in silico predictions. Docking analysis confirmed that the zinc-binding groups bind effectively
into the catalytic triad of the Mtb p-Cas, supporting the in vitro outcomes with these binding interactions.
Furthermore, molecules with good prediction accuracies according to previously established mechanistic and
QSAR models were utilized to delve deeper into the realm of systems biology to understand their mechanism in
combating tuberculotic pathogenesis. The results pointed to the key involvement of the compounds in modu-
lating immune responses via NF-kp1, SRC kinase, and TNF-« to modulate granuloma formation and clearance via
T cells. This dual action, in which the pathogen’s enzyme is inhibited while modulating the human immune
machinery, represents a paradigm shift toward more effective and comprehensive treatment approaches for
combating tuberculosis.

Systems biology
Mechanism of action
Immunity

Molecular docking

1. Introduction

Global estimates from the World Health Organization (WHO) in
2021 show more than 10 million people acquired tuberculosis (TB) in-
fections caused by Mycobacterium tuberculosis (Mtb) or related myco-
bacterial strains [1], and a consistent number of affected patients
developed serious illness, leading to fatal outcomes [2]. Although TB is
among the oldest known human-affecting diseases, the actual thera-
peutic regimen involves a combination of outdated antibiotics such as
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isoniazid, rifampin, pyrazinamide, ethambutol, streptomycin, fluo-
roquinolones, amikacin, kanamycin, and capreomycin over for at least
six months [3]. (Fig. 1).

Countries with populations particularly exposed to an elevated
incidence of TB infections, such as infants and children, are very likely to
use the bacillus Calmette-Guérin (BCG) vaccine for prevention purposes.
New advancements in TB-applied vaccines, such as VPM1002, M72/
ASO1E, MTBVAC, Ad5Ag85A, and RUTI, are the most promising,
although definitive therapeutic evidences have yet to be reported [4].
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Fig. 1. Chemical structures of several TB drugs used.

Despite intense research efforts in TB therapeutics, the disease re-
mains far from eradicated, mainly because of the interaction of the
pathogen with the host tissues. Mtb allocates within the lungs and
strongly activates the host immune system by recruiting macrophages
and lymphocytes, which trigger a robust cell-mediated immune
response. As a result, Mtbs remain physically seized within a structure
formed by an amorphous collection of macrophages and other immune
cells called granulomas. In immunocompetent individuals, granulomas
cannot eliminate the pathogen but restrain the bacteria and halt the
progression of the disease (i.e., TB). This process establishes a hospitable
niche for Mtbs, allowing them to survive for decades by being hidden
from the immune system and persisting in a non or slowly replicating
state, which is highly beneficial for the development of multidrug-
resistant (MDR) and extensively drug-resistant (XDR) Mtb strain [5,6].

In such a context, the validation of new druggable targets represents
the ideal answer to the management of MDR events [7-9]. Convincing
evidence sustains the carbonic anhydrase (CA, EC 4.2.1.1) enzymes
expressed by the Mtb pathogen as druggable targets [10-12]Specif-
ically, Mtb encodes three $-CAs, Rv1284 (Mtb CA1), Rv3588c (Mtb CA2)
and Rv3273 (Mtb CA3), all of which play crucial physiological roles in
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the bacterial life cycle [12-14] invasion and survival within the human
host environment [11].

Human carbonic anhydrases (hCAs) also play various roles in phys-
iological processes such as CO» and bicarbonate transport, respiration,
pH balancing, CO5 homeostasis, electrolyte secretion, and biosynthetic
reactions [15]. Distinct, evolutionarily unrelated gene families of CAs
are present in various organisms, with the a-class present in humans as
15 different isoforms (hCA I-XIV) [16], hCA I is found in red blood cells
and many tissues, and while its exact physiological function is unknown,
it is associated with conditions such as retinal and cerebral edema,
where its inhibition may be beneficial. hCA II, the physiologically
dominant isoform, is associated with several disease conditions, such as
epilepsy, edema, glaucoma, and altitude sickness. Recently, hCAs have
also emerged as potential targets for designing anti-infective drugs with
novel mechanisms of action [17-20].

In vitro inhibition experiments have clearly shown that diverse CA
inhibitors (CAIs) of primary sulfonamides as well as dithiocarbamate
(DTC) types efficiently suppress Mtb B-CA activity (Fig. 2) [12-14,
21-28].

However, it is essential to design inhibitors that selectively target
Mtb p-CAs over hCAs to avoid off-target effects that could harm the host.
Thus, our research focuses on developing selective inhibitors for Mtb
p-CAs while minimizing interactions with hCAs I and II

In light of these results, we envisioned exploring new chemical en-
tities as potential Mtb p-CAls bearing both primary sulfonamide and
DTC moieties using mechanistic interpretation models to guide the
chemical ideation and incorporation of chemical motifs crucial for Mtb
B-CAs inhibition. Through quantitative structural activity relationship
(QSAR) models, we prioritized molecules to be synthesized. Synthesized
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Fig. 2. Structures of primary sulfonamides (AAZ-HCT) and thiocarbamate moieties (A-G).
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small molecules were profiled in vitro for their potency and selectivity
against Mtb CA 1-3 over their off-target human (h)-expressed CAs I and
II. After their biological evaluation, ADMET analysis was performed to
ensure the compounds have favorable pharmacokinetics and a toxico-
logical profile. To correlate the in vitro findings, docking studies were
conducted to understand binding modes and molecular interactions,
which are significant for their robust inhibition. Also, we deciphered
alternative routes for the synthesized molecules to combat tuberculosis
infection via systems biology approaches using different graph-based,
statistical analysis, and hierarchical clustering approaches. Fig. 3 pro-
vides a bird’s-eye view of the entire workflow employed in this study
(Table 1 describes the summary of employed softwares and techniques
used in this study).

2. Results and discussion
2.1. Mechanistic interpretation (Multinomial Classification) models

A mechanistic interpretation based on the available datasets from the
ChEMBL database concerning Mtb -CAs was conducted to synthesize
molecules based on recurring patterns rationally. A multinomial classi-
fication model was constructed for this task, where each molecule was
labeled based on the target class with the highest pKi value. For
example, if the pKi value for Mtb -CA3 was the highest among the three
targets for a particular molecule, it was labeled Mtb $-CA3 (generated
dataset matrix is given in supplementary 1, Table S1). Four machine
learning (ML) models, namely, the naive Bayes (NB), random forest
(RF), gradient boosting (GB), and generalized linear (GL) models, were
tested, among which the RF method outperformed the other models
based on the low difference in prediction accuracy between the training
(97.9 %) and test sets (92.2 %) and other evaluations matrices
mentioned in Table 2 (Detailed Workflow for the mechanistic model
development is depicted in Fig. 4a and b). The RF model was validated
through a tenfold cross-validation loop (Table 3), where it demonstrated
comparable mean accuracy to the GB model, but the RF model had a
lower standard deviation such that the predictions between different
distributions of the training set were low, thus ensuring more robust and
consistent performance across varying datasets. The receiver operating

Mth B-CA1
Mtb B-CA2

Mechanistic interpretation model

|

Prediction of pKi with ML-QSAR models

In-vitro Biological evaluation
against Mtb B-CA1-3 and hCA1-2

Rational Synthesis Based on
computational predictions
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characteristic (ROC) plots, generated in a one-vs-all manner (Fig. 7a),
demonstrated robust prediction accuracies for the Mtb p-CAl, B-CA2,
and p-CA3 class predictions. The area under the curve (AUC) values were
notably high, with Mtb p-Cal achieving an AUC of 0.96, Mtb p-Ca2
achieving a perfect AUC of 1.0, and Mtb p-Ca3 achieving an AUC of 0.96.
These results indicate the strong predictive performance of the model for
these classes, with particularly excellent performance for Mtb p-Ca2.
Hence, the RF model was selected based on its excellent performance
matrices and high prediction stability based on the cross-validation
study.

The top thirty important variables from the RF model
(supplementary 1, Table S2) were used to make mechanistic in-
terpretations to understand the specificity of molecules toward the in-
hibition of Mtb p-Cal-3 based upon chemical and biological endpoints as
descriptors. Correlation analysis of the top 30 important features and
Mtb p-Cal-3 pKi values revealed that the chemical spaces of p-Cal and
B-Ca3 are significantly similar, as indicated by high Pearson correlation
coefficients (Fig. 5a). This similarity suggests that the active sites of
p-Cal and f-Ca3 may have similarities, implying that designing in-
hibitors for one isoform could simultaneously target the other isoform.

One might expect that biological endpoints play a crucial role in
determining a molecule’s specificity for a given target. However, to our
surprise, the second most important descriptor was the autocorrelation
descriptor ATSC8e. This descriptor, which is an average-centered Broto-
Moreau autocorrelation at lag 8 weighted by Sanderson electronega-
tivity, highlights the significant role of electronegativity in Mtb $-CA
inhibition. Many autocorrelation descriptors were also found in the top
thirty descriptors, which included descriptors related to Charges
(GATS4c, MATS3c, MATS1c), Van Der Waals volume (ATSC5v, ATS1v,
AATSC2v, ATSC2v), mass (GATS2m, MATS1m) and ionization poten-
tial and polarizabilities (MATS4i and AATSC8p). Structural count-based
descriptors were also analyzed to understand the structural patterns
recognized by the mechanistic interpretation model. The model sug-
gested that the number of double bonds, rotatable bonds, single
bonds, and hydrogen bond donors were positively correlated with
Mtb $-CA1 and Mtb p-CA3 inhibition and that Mtb $-CA2 inhibition was
only positively correlated with the number of five-membered hetero
rings (n5 Heteroring). Interestingly, Mtb p-CA2 was negatively
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Fig. 3. Workflow of the study.
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Table 1
Tabular representation of the computational tools and algorithms used in this
study.

Tools/Methods Background of Methodology Motive of Use

PaDEL Generation of chemical To generate molecular

H20 ML Nodes
(KNIME)

SwissADME

Osiris Property
explorer

Autodock vina Zn

Swiss Target
prediction, SEA
server, and PPB2

Comparative
Toxicogenomic
Database (CTD)

VENNY 2.0

David

Correlation analysis
for cluster
determination

Correlation plots for
hierarchical
analysis

Cytoscape

GTEx portal

Netlnfer

descriptors such as
Topological, fingerprints,
auto-correlation descriptors,
etc.

Machine learning nodes

Webserver tool to predict
pharmacokinetic and toxicity
Utilizes a weight-of-evidence
(WoE) framework using the
independent Bayesian
approach

Molecular docking software
for Zn containing enzymes

Webserver for predicting
potential target genes for a
chemical compound using
varying methodologies
Cross-reference of data across
biological databases and
literature

Set theory mathematics

Cross-reference of data across
biological databases and
literature

Jaccard Index and similarity
matrix

Neighbour-joining
phylogenetic analysis

Graph-based modeling and
node-edge interactions
Cross-reference of data across
biological databases and
literature

Adverse event prediction via
network inference method

descriptors for machine
learning models.

Creating and validating
Mechanistic interpretation
and ML-QSAR models
ADME properties of
synthesized molecules
Toxicity prediction of the
synthesized molecules

Docking of synthesized
molecules on their
respective metalloenzymes
Collection of a diverse pool
of potential targets of the
synthesized molecules.

To obtain biological data
for respective diseases or
biological conditions

To obtain similar genes
among the considered
biological conditions
Perform pathway and GO
term enrichment analysis

To obtain a concentration
of specific biological
properties across chemical
pairs

Similarity analysis of
chemical pair w.r.t to their
biological properties
Creation of complex
biological networks
Determining single-cell
and organ-specific
expression among the
genes

Determination of potential
side effects related to
synthesized molecules

correlated with Crippen’s logP descriptors. Structural fingerprints play
an important role in model interpretation because they represent
smaller distinct portions of a larger chemical structure, among which are
two such fingerprints, PubchemFP696 and PubchemFP643, which are
related to the following smart patterns: C-C-C-C-C-C-C-C and [#1]-C-C-
N-[#1]. In summary, this mechanistic interpretation study revealed
many molecular descriptors and structural patterns. Fig. 5¢c and Table 4
depict these features that were incorporated into the planned synthetic
molecules, such that the molecules were synthesized based on relevant
novel chemistry and the identified structural motifs crucial for Mtb

Table 2
Evaluation of the Mechanistic interpretation model (classification).
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B-CAs inhibition.
2.2. ML-QSAR models for Mtb -CAs

Before synthesis and in vitro evaluation, the strategically designed
molecules, guided by our mechanistic interpretation models, were
subjected to ML-QSAR models to predict their probable inhibition con-
stant (pKi). For this task, four ML models were tested using the pre-
processed set of descriptors.

For each class of target GB regression learner outperformed the other
models (Evaluation matrices in Table 5). Models trained with the GB
regression learner demonstrated very low differences in the predicted
training and test class datasets, in which the robustness of the model was
validated through tenfold cross-validation loops on the training sets
(Table 6). Plots for the predicted pKi and experimental pKi values are
shown in Fig. 7b, ¢, and 7d for all the GB regression models.

The feature importance of the variables and their corresponding
correlation values are shown in Fig. 6, which includes many types of
descriptors, such as electro-topological state atom type descriptors,
autocorrelation descriptors (related to the van der Waals volume and
charge), and information content descriptors (List of top 10 important
from each model is given supplementary 1, Table S3).

Electrotopological state atom type descriptors, which combine the
electronic and topological characteristics of atoms in a molecule, such as
nHbint8 and nHbint6, were the top-ranking descriptors in the regression
models of GB_ Mt $-CAl and GB_ Mtb B-CA3, respectively. These de-
scriptors effectively capture the hydrogen bonding potential of the
molecule, which is indeed a crucial factor for binding to the active or
allosteric sites in an enzyme to inhibit its biological function. Here,
nHBint8 and nHbint6 refer to the number of hydrogen bond acceptors,
not in a ring system but within the 8 bonds and 6 bonds of each other in a
molecule [29]. This suggests that the active site of Mtb -CA1l provides
an architecture such that molecules with long-range hydrogen bonding
interactions (8 bonds) are accommodated, and the Mtb p-CA3 accom-
modates molecules with medium-range interactions (6 bonds).

The top-ranking descriptor for the GB_Mtb p-Ca3 model was the ring
count descriptor, i.e.n5Ring, which corresponds to the presence of 5-
membered rings. This was found to be consistent with the important
features of the mechanistic interpretation model, in which only the
descriptor n5 heteroring was found to be positively correlated with the
Mtb B-CA2 pKi, thus highlighting the importance of 5-membered ring
systems, which are preferable heteroaromatic.

The top ten descriptors of the GB models had low correlation co-
efficients (Fig. 6¢, f & 6i), suggesting that the set of diverse sets of in-
dependent descriptors selected by the model were not correlated with
each other. This also improves the model’s generalizability and inter-
pretability, as the low intercorrelation reduces the risk of multi-
collinearity in the modeling. Furthermore, the incorporation of diverse
sets of descriptors suggests that the models can better accommodate the
complexity and variability that could be inherent in acquired datasets to
make robust predictions [30,31]. The predicted activities of the
designed molecules showed satisfactory performance (Table 7), with a
threshold of pKi equivalent to or above 4 considered active and suitable
for synthesis. The lower activity threshold was chosen due to the

ML _Set overall Recall overall Precision overall sensitivity overall Specificity overall F-measure Accuracy Cohen’s kappa
NB_Training 0.77 0.65 0.77 0.85 0.67 0.68 0.48
NB_Test 0.67 0.58 0.67 0.81 0.6 0.63 0.38
RF_Training 0.97 0.99 0.97 0.98 0.98 0.98 0.96
RF_Test 0.9 0.96 0.9 0.93 0.92 0.92 0.84
GB_Training 0.96 0.99 0.96 0.99 0.98 0.98 0.97
GB_Test 0.85 0.89 0.85 0.89 0.86 0.86 0.73
GL_Training 0.87 0.77 0.87 0.93 0.81 0.84 0.72
GL_Test 0.71 0.62 0.71 0.84 0.64 0.69 0.47
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Fig. 4. Detailed workflow concerning a) dataset preprocessing and structure normalization, b) mechanistic interpretation, and ¢) ML-QSAR models.

Table 3

10-fold CVs of the Mechanistic interpretation model.

Model Mean (Accuracy) SD (Accuracy)
NB 0.58 0.11
RF 0.87 0.07
GB 0.88 0.10
GL 0.78 0.11

absence of DTC moieties in the training datasets, making it necessary to
explore these structures’ potential efficacy. Additionally, ring systems
such as piperazine and hemipiperazine were novel for Mtb (-CAs
chemical space exploration, warranting their inclusion despite their
lower predicted activity. This approach aimed to expand the chemical
diversity and explore new binding interactions within the Mtb B-CAs,
which could lead to discovering potent inhibitors with unique mecha-
nisms of action.
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Fig. 5. Results of mechanistic interpretation modeling: a) Pearson correlation between Mtb p-CAs pKi and the top 30 important molecular descriptors visualized
through the heatmap, b) bar plots indicating the correlation between Mtb -CAs and chemical structure informant descriptors (count-based and PubChem finger-
prints) c) Visualization of designed molecules incorporating different chemical motifs, color-coded based on their corresponding descriptors, is crucial for under-
standing their potential in Mtb B-CAs inhibition.

Table 4

Translation of mechanistic interpretations to molecular ideation.

2.3. Applicability domains of the regression models

The applicability domains (ADs) of all the developed models were

Best Features Description Interpretations Designed as assessed using a principal component analysis (PCA) bounding box [32]
ATSC8e Autocorrelation Electronegative Sulfur anion on the generated molecular descriptors and fingerprints. The results
Electronegative motifs were visualized in 2D and 3D to evaluate the coverage of the training
) descriptor ) ) . sets, test sets, and designed molecules. As shown in Fig. 8, both the test
n5HetroRing Number of 5- Five-membered, thiazole ring d desi d ds fell 1l within the chemical
membered hetero  hetero ring and designed query compounds fell we within he chemical space
rings covered by the training set. This suggests that the training set effectively
nBondsD Double bond Double bonded thione sulfur encompasses all possible chemical motifs and structures, capturing the
structural counts structures diversity of the chemical descriptors. Consequently, no molecule (test or
né6Ring Number of six- Six-membered Benzene (in . . . . -1s .
) . designed query compound) lies outside the applicability domain of the
membered rings ring systems benzene
sulfonamide) models.
nRotBt Number of Presence of primary/
rotatable bonds flexible rotatable secondary
bonds aliphatic linkers 2.4. Synthetic chemistry
nBonds Number of single Presence of single primary/
bonds bonds secondary . . . .
aliphatic linkers ' Herein, an aPproprlate benzenesulfonamide scaffold (aﬁcountlng for
nHBDon Lipinksi ~ number of Presence of primary/ six-membered rings and hydrogen bond donors) was modified based on
hydrogen bond hydrogen bond secondary amines a previously established mechanistic interpretation model by intro-
donors donors in ZBG (Zinc ducing a nucleophilic and reactive amine that could undergo nucleo-
:;Zd;;igmups) philic addition to carbon disulfide (CS5), yielding a dithiocarbamate
PubchemFP696  PubChem Substructure Hemipiperazine group in which the Sulfur anion accounts for the electronegative mo-
structural accounting for 8 rings lecular descriptor (ATSC8e) and the thione Sulfur double bond struc-
fingerprint membered system tural motif.
representing C-C- Various linkers were strategically designed to incorporate essential
C-C-C-C-C-C .
substructure features such as single bonds, rotatable bonds, and hydrogen bond donor
PubchemFP643 PubChem two carbon atoms  Piperazine and motifs and integrate reactive amine derivatives into the core benzene-
structural connected by Hemipiperazine sulfonamide scaffold. Among these, urea, thiourea, and amide groups
fingerprint single bonds rings were explicitly considered for their potential to serve as effective linkers.
representing [#1]- f?llowed bya Nevertheless, the absence of a specific linker between the different zinc-
C-C-N-[#1] nitrogen atom

binding groups (ZBGs) was evaluated using different primary or sec-
ondary aliphatic groups. We primarily evaluated piperazine and
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Evaluation matrices of the tested ML algorithms for the regression QSAR model (MAE: mean absolute error, MSE: mean squared error, MSD: mean signed difference,

MAPE: mean absolute percentage error).

Target Models and sets R? MAE MSE RMSE MSD MAPE
Mtb §-CA1 XGBoost_Train 0.85 0.34 0.18 0.43 0 0.06
XGBoost_Test 0.7 0.44 0.31 0.56 0.22 0.08
Random_Forest_Train 0.98 0.09 0.02 0.14 0.01 0.02
Random_Forest_Test 0.93 0.18 0.07 0.27 0.05 0.03
GB_Train 1 0.02 0 0.04 0 0
GB_Test 0.97 0.08 0.03 0.18 0.01 0.01
GL_Train 0.64 0.53 0.45 0.67 0.01 0.09
GL_Test 0.58 0.54 0.46 0.68 0.12 0.09
Mtb p-CA2 XGBoost_Train 1 0.02 0 0.02 0 0
XGBoost_Test 1 0.04 0 0.06 0.02 0.01
RF_Train 0.99 0.08 0.01 0.12 0 0.01
RF _Test 0.98 0.09 0.02 0.14 0.05 0.02
GB_Train 1 0.02 0 0.05 0 0
GB _Test 1 0.02 0 0.03 0.02 0
GL_Train 0.81 0.3 0.2 0.45 0.03 0.06
GL _Test 0.95 0.17 0.04 0.2 0.07 0.03
Mtb $-CA3 XGBoost_Train 0.88 0.26 0.13 0.36 0 0.04
XGBoost_Test 0.42 0.47 0.42 0.65 0.19 0.08
RF_Train 0.97 0.12 0.03 0.18 —0.01 0.02
RF _Test 0.9 0.25 0.11 0.34 —0.03 0.04
GB_Train 0.99 0.02 0.01 0.08 0 0
GB_Test 0.97 0.11 0.04 0.19 0.03 0.02
GL_Train 0.61 0.5 0.39 0.62 0.05 0.08
GL_Test 0.59 0.53 0.45 0.67 -0.16 0.08
Table 6 Compared to the next products, the previous compounds do not show
able

Tenfold cross-validation results of the ML-QSAR models (MAE: mean absolute
error, MSE: mean squared error, MSD: mean signed difference, MAPE: mean
absolute percentage error).

Target Models and R? MAE MSE RMSE MSD MAPE
sets
Mtb XGB_10CV 0.75 045 031 0.56 0 0.07
p-CA1 RF_10CV 0.88 027 014 038 0 0.05
GB_10CV 0.84 0.21 0.2 0.45 0 0.03
GL_10CV 059 057 051 0.71 0.04 0.1
Mtb XGB_10CV 0.74 0.2 0.27  0.52 —-0.15  0.03
p-CA2 RF_10CV 0.85 0.27 0.15 0.39 0.01 0.05
GB_10CV 092 015 0.08 0.28 0.02 0.03
GL_10CV 0.64 0.41 0.38  0.61 0 0.07
Mtb XGB_10CV 059 046 045 0.67 —0.07  0.07
p-CA3 RF_10CV 0.69 0.34 0.3 0.55 -0.07 0.05
GB_10CV 079 022 0.2 0.45 —0.03  0.03
GL_10CV 0.52 057 0.48 0.69 0 0.09

homopiperazine groups, identified through the PubChem fingerprints
PubChemFP643 and PubChemFP696, as key amines that connect
ZBGs. These amines were chosen for their structural compatibility and
functional properties, aiming to efficiently bridge the ZBGs. (Fig. 9).
Also, the spectral plots (C!*"NMR and H NMR) for the synthesized
compounds 1-13 are provided in supplementary 2.

The first two products, 4-(aminomethyl)benzenesulfonamide hy-
drochloride (14) and 4-(aminoethyl)benzenesulfonamide (15), were
obtained from commercially available aliphatic amines containing a
benzenesulfonamide group. Both were treated in the presence of carbon
disulfide and sodium hydroxide (5 M) in MeOH to produce the respec-
tive dithiocarbamate products 1 and 2 (Scheme 1).

All the other synthesized products were derivatized with a pipera-
zine or homopiperazine group, which gave the best results considering
yield and purity. First, both secondary amines were reacted in the
presence of commercial 4-fluorobenzenesulfonamide (16) and 3,4-
difluorobenzenesulfonamide (17) via a green chemical reaction named
aromatic nucleophilic substitution. The latter was performed in H0 at
reflux to produce pure intermediates 18-21. After that, the samples
were treated with 5 M CS, and NaOH in MeOH at 0 °C to afford di-
thiocarbamates 3-6 (Scheme 2).

any functionalized linkers between the benzenesulfonamide moiety and
the secondary amine. Next, a coupling reaction was performed to con-
nect the piperazine moiety to the benzenesulfonamide scaffold the with
PyBOP as the coupling reagent and DIPEA in anhydrous DMF under an
inert atmosphere, affording intermediate 23. This reaction was per-
formed using t-butyl piperazine-1-carboxylate and 4-sulfamoylbenzoic
acid (22). Then, the Boc-protection was eliminated in acid media to
obtain the proper chlorine salt (24), which was treated with 5 M CS; and
NaOH in MeOH at 0 °C to produce dithiocarbamate 7 (Scheme 3). A
different linker was designed starting from sulfanilamide (25), which
was derivatized with chloroacetyl chloride to give the acetamide-based
compound 26. Then, a nucleophilic substitution was performed in the
presence of t-butyl piperazine-1-carboxylate to synthesize intermediate
27. Moreover, the same reaction was performed between freshly pre-
pared 4-sulfamoylbenzyl bromide (29) and the piperazine derivative,
yielding compound 30 in the presence of K2CO3 in anhydrous DMEF.
After piperazine deprotection in acid media (28,31), dithiocarbamates
were obtained following the same method, giving products 8 and 9
(Scheme 3).

Following the intent to expand the structure-activity relationships,
even urea and thiourea linkers were used to connect the benzenesulfo-
namide scaffold and the piperazine group. The urea derivatives were
obtained starting from proper commercial aliphatic amines 14 and 15,
which were treated in the presence of phenylchloro formate and KoCO3
in acetone, predisposing the NH; group for the next nucleophilic sub-
stitution (32,33). The latter was performed with t-butyl piperazine-1-
carboxylate and DIPEA in anhydrous ACN to give intermediates 34
and 35. Nevertheless, the thiourea group was synthesized from freshly
prepared 4-isothiocyanatobenzenesulfonamide (38) in the presence of t-
butyl piperazine-1-carboxylate to give compound 39. All these in-
termediates were deprotected in the presence of 3 M MeOH/HCl or 4 M
dioxane/HCl to yield 36, 37, and 40, respectively. Finally, nucleophilic
addition was performed following the previously described conditions to
obtain 10-12 (Scheme 4).

Finally, the last product was synthesized starting from the clinically
available acetazolamide (41), which was deacetylated in the presence of
HCI in EtOH at reflux, leading to the subsequent nucleophilic substitu-
tion of the obtained intermediate 42 with phenylchloro formate in
anhydrous THF at reflux. This reaction afforded carbamate 43 in the
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Fig. 6. The top 10 variables by their relative importance, correlation with biological endpoints, and their intercorrelations are shown for the GB QSAR models a, b, ¢)
Mtb B-CAl, d, e, f) Mtb $-CA2 and g, h, j) Mtb p-CA3.
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Table 7

Predicted biological activity of the prediction set.
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presence of t-butyl piperazine-1-carboxylate to give compound 44,
which was deprotected in an acidic environment (45). Then, nucleo-
philic addition in the presence of CS; and 5 M NaOH in MeOH was
performed to give dithiocarbamate 13 (Scheme 5).

2.5. Biological evaluation

Derivatives 1-13 were tested for their inhibitory action against the
target -CA Mtb 1, 2, and 3 and the off-target Human carbonic anhydrase
(hCA) isoforms I and II. Acetazolamide (AAZ) was used as a standard CA
inhibitor. CA I and II are the main off-target isoforms for our desired
therapeutic application. The following structure-activity relationships
(SAR) can be gathered from the inhibition data reported in Table 8.
Cytosolic CA I was inhibited by benzenesulfonamide derivatives 1-13,
with inhibition constants (KIs) ranging from the low-medium nanomolar
to the low micromolar range (Ks: 97.5-7322 nM). This isoform was the
least inhibited isoform in the kinetic study, probably due to its peculiar
active site architecture and amino acid composition in comparison to
most other CA isoforms. Interestingly, the acetazolamide analog 13
reached one of the best inhibitory activities, showing K; values in the
medium nanomolar range of 522.8 nM.

On the other hand, the benzenesulfonamide scaffold gave a wide
range of values, probably due to the difference in the linker between the
two ZBGs. In fact, the absence of a specific functional linker generated
the worst effects on hCA I, 3 (K;: 2300 nM), 4 (Ki: 3663 nM), 5 (K;: 3437
nM), and 6 (K;: 7322 nM). The spacer enhancement between the
piperazine group and the benzenesulfonamide scaffold shifted the K
values to the medium-high nanomolar range, as demonstrated by com-
pounds 8 (Ki: 450.9 nM), 9 (K: 598.0 nM), 10 (K;: 693.3 nM), 11 (Ky:
830.9 nM) and 12 (Ki: 628.5 nM). For this isoform, the differences in the
functional linker did not result in a wide gap in the K; values, except for
product 7, which reached a K; value in the low micromolar range of
4090 nM.

Cytosolic hCA II was effectively inhibited by most benzenesulfona-
mide derivatives, with K; values ranging from the sub-nanomolar to
medium-high nanomolar range (K;s: 7.1-797.5 nM). Product 9 stood out
as the best inhibitor for this isoform, reaching a Kj value in the low
nanomolar range of 7.1 nM, approximately 10-fold more potent than
analog 7 (Ky: 76.5 nM), which has a ketone group between the ZBG and
the piperazine moiety. Urea derivative 10 had a high affinity for this
human isoform, with a K; in the low nanomolar range of 10.3 nM.
Moreover, compared to its superior analog 11, the latter stood out as a
weak inhibitor, showing a K; value of 93.1 nM and 9-fold less potency.
On the other hand, products 3 (K;: 350.1 nM), 4 (Ki: 797.5 nM), 5 (K
755.9 nM), and 6 (K;: 399.7 nM) were the weakest inhibitors of hCA II,
reaching K;j values in the medium-high nanomolar range. Finally, de-
rivative 13, a thiadiazole-like compound, demonstrated less affinity
than standard AAZ, ranging from 12.0 nM to 84.6 nM.

Mtb p-CA1 was one of the most efficiently inhibited isoforms by all
the compounds, with K; values in the range of 19.9-519.4 nM. In
contrast to hCA I and II, products 3, 7, 8, and 9 were the weakest in-
hibitors of p-CA, with KI values of 193.5 nM, 519.5 nM, 285.3 nM, and
217.1 nM, respectively. Interestingly, a pivotal increase in the K; value
was observed upon moving from compound 3 to analog 4, as indicated
by the presence of a fluorine atom on the phenyl ring and the presence of
a homopiperazine group instead of piperazine at positions 5 and 6.
These reached K; values in the low nanomolar range of 50.9 nM, 19.9
nM, and 66.9 nM, respectively. All these compounds had more potent
activity on B-CAl than did standard AAZ (480.0 nM). Moreover,
thiadiazole-based 13 showed a Kj in the low nanomolar range of 85.7
nM, approximately 5-fold greater than that of the standard.

Mtb $-CA2 is the most inhibited isoform from standard AAZ, showing
a K; value of 9.8 nM, while all the CAI (CA inhibitor) derivatives reached
K; values in the low-medium nanomolar range, between 6.9 nM and
506.1 nM. The most potent compound was number 2, with an inhibition
constant in the same range as that of the standard AAZ (6.9 nM). On the
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Scheme 1. Synthetic approach starting from commercial aliphatic amine intermediates 14 and 15 to achieve proper DTCs 1 and 2. Reagents and conditions: a) CS2,

5 M NaOH, MeOH, 0 °C to RT, 1 h.

moving from inhibitor 9, which has a methylene linker, to compound 7,
which has a ketone linker, improved the potency from 170.0 nM to 43.2
nM. Similarly, increasing the distance between the benzenesulfonamide
scaffold and piperazine increased the affinity for Mtb p-CA2, as reported
for ZBGs 10 and 11, which had a K; of 80.2 nM.

other hand, CA inhibitors 3 (K;: 275.8 nM), 9 (K;: 170.0 nM), 10 (K
506.1 nM), 12 (K;: 418.2 nM), and 13 (K;: 321.1 nM) strongly reduced
the affinity of this isoform, resulting in K; values in the medium nano-
molar range. In particular, compounds 10 (K;: 506.1 nM) and 12 (K
418.2 nM) were the worst inhibitors of the cited enzyme. However,

10
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Mtb p-CA3 was one of the most efficiently inhibited isoforms by all
the compounds, with K; values in the range of 20.5-371.3 nM. In
contrast to isoform 2, which has been previously discussed, compound 7
had one of the worst K; values, 299.6 nM, in the medium nanomolar
range. On the other hand, the affinity of product 3 for all the Mtb iso-
forms was low, with a Ky value of 371.3 nM, but its analogs, such as 4, 5,
and 6, had the best KI values of 26.8 nM, 33.2 nM, and 20.5 nM,
respectively. In this scenario, the presence of a fluorine atom on the
benzenesulfonamide scaffold does not seem to affect the inhibition
constant (See Table 8). Similar observations could be made for com-
pounds 10 (Ki: 59.8 nM) and 11 (Ki: 60.6 nM), where the distance be-
tween the ZBG and piperazine did not affect the Kj.

2.6. ADMET and molecular docking analysis

For the molecules to be effective and safe, they must exhibit favor-
able pharmacokinetic properties and optimal toxicological profiles. To
ensure this, the synthesized compounds were thoroughly evaluated for

11

their ADME (Absorption, Distribution, Metabolism, and Excretion)
characteristics and toxicity profiles (Supplementary 1, Tables S4 and S5
for ADME and Toxicity, respectively). This evaluation is crucial to
confirm their pharmacological efficacy while minimizing adverse effects
on recipients.

Most of the compounds demonstrated high gastrointestinal (GI) ab-
sorption, except for molecules 12, 13, and AAZ, which had low GI ab-
sorption. None of the compounds showed blood-brain barrier (BBB)
permeation, suggesting they are unlikely to cause central nervous sys-
tem related adverse effects. Importantly, none of the compounds were P-
glycoprotein (P-gp) substrates, meaning P-gp would not efflux them out
of cells. This characteristic is advantageous, allowing the compounds to
effectively penetrate and remain within host cells, achieving sufficient
concentrations to act against pathogens.

Moreover, many drug-drug interactions result from the inhibition or
induction of P-gp. Non-P-gp substrates are less likely to be involved in
such interactions, facilitating their co-administration with other medi-
cations. This not only improves therapeutic outcomes but also increases
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the safety of medications [33]. By avoiding efflux via P-gp, non-P-gp Compounds 7, 8, 10, 11, 13, and AAZ do not inhibit any of the tested
substrates may reduce the risk of drug resistance. Efflux pumps like CYP enzymes, suggesting a lower likelihood of metabolic interactions
P-gp are a mechanism by which bacteria and host cells develop resis- and potentially fewer side effects related to CYP-mediated drug meta-
tance to drugs, so circumventing this pathway can be beneficial in bolism. This comprehensive profiling helps identify compounds with
maintaining drug efficacy [34]. favorable metabolic properties and guides further development to
The metabolism profiling of the synthesized compounds reveals minimize adverse drug interactions, particularly with essential antitu-
varying inhibitory effects on cytochrome P450 (CYP) enzymes, which bercular drugs like isoniazid and rifampicin.
are crucial for drug metabolism. Compounds 1 and 2 inhibit CYP1A2 but The toxicological analysis of the synthesized compounds indicates
do not inhibit CYP2C19, CYP2C9, CYP2D6, or CYP3A4, suggesting they that the majority exhibit a favorable safety profile. Compounds 1
may interfere with drugs metabolized by CYP1A2, such as isoniazid, through 7, 9, 10, 11, and 12 show no mutagenic, tumorigenic, repro-
which is a first-line antitubercular drug [35,36]. Compounds 3, 4, 5, 6, ductive, or irritant effects, suggesting minimal toxicity concerns. Com-
and 9 inhibit CYP2C19, indicating potential interactions with drugs pound 8, while not mutagenic, tumorigenic, or a reproductive effector,
metabolized by this enzyme, such as rifampicin, which is also metabo- is identified as a high-level irritant, which may require caution in

lized by CYP2C19 and CYP3A4 [37]. Compound 12 exhibits a broader handling. Compound 13 does not exhibit mutagenic, tumorigenic, or
inhibition profile, affecting both CYP1A2 and CYP2C19, potentially irritant properties but is noted for its high potential as a reproductive
interfering with the metabolism of isoniazid and rifampicin. effector. Compound AAZ presents a higher risk profile, being non-
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Inhibition data of hCA I and II and bacterial Mtb $-CA1, Mtb B-CA2, and Mtb B-CA3 using AAZ as a reference drug by a Stopped-Flow technique [22].

Code K; (nM)* pKi = -log10(Ki)
hCA hCA II Mtb p-CA 1 Mtb p-CA 2 Mtb p-CA 3 Mtb p-CA 1 Mtb p-CA 2 Mtb p-CA 3

1 733.4 55.2 65.7 31.2 106.6 7.18 7.51 6.97
2 97.5 48.1 55.3 6.9 43.3 7.26 8.16 7.36
3 2300 350.1 193.5 275.8 371.3 6.71 6.56 6.43
4 3663 797.5 50.9 71.6 26.8 7.29 7.15 7.57
5 3437 755.9 199 76.5 33.2 7.7 7.12 7.48
6 7322 399.7 66.9 92.0 20.5 7.17 7.04 7.69
7 4090 76.5 519.4 43.2 299.6 6.28 7.36 6.52
8 450.9 59.5 285.3 109.8 171.9 6.54 6.96 6.76
9 598.0 7.1 217.1 170.0 177.0 6.66 6.77 6.75
10 693.3 10.3 100.7 506.1 59.8 7 6.3 7.22
11 830.9 93.1 28.1 80.2 60.6 7.55 7.1 7.22
12 628.5 10.6 72.6 418.2 68.6 7.14 6.38 7.16
13 522.8 84.6 85.7 321.1 90.3 7.07 6.49 7.04
AAZ 250.0 12.0 480.0 9.8 104.0 6.32 8.01 6.98

? The means from 3 different assays determined by a stopped-flow technique (errors were in the range of + 5-10 % of the reported values).

mutagenic and non-irritant but showing significant tumorigenic and
reproductive effects. This comprehensive toxicological profiling aids in
identifying compounds with acceptable safety profiles for further
development and potential therapeutic use.

Molecular docking analysis was conducted to validate the experi-
mentally determined pKi using structure-based methodologies. The
synthesized compounds were docked into the active site cavities of the
targets Mtb p-CA 1, 2, and 3. For Mtb $-CA 1 and Mtb p-CA 2, the protein
structures were obtained from the Protein Data Bank (PDB), while the
structure for Mtb B-CA 3 was obtained through AlphaFold predictions.
The modeled protein for Mtb -CA 3 was evaluated for its structural
quality using expected positional error estimates, Ramachandran plot
analysis, and normalized QMEAN scores. The docking cavity used for
Mtb B-CA 3 encompassed residues 600 to 765, and this region showed
almost zero expected positional error (illustrated in Supplementary 1,
Fig. S8b). Additionally, the modeled protein had 95.01 % of its residues
in favored Ramachandran regions and 1.57 % outliers. The outliers were
visualized and found to be far from the zinc-binding residues (See
Supplementary 1, Fig. S13), suggesting that these artifacts might not
affect the docking outcomes.

The modeled protein also demonstrated a MolProbity score of 1.77,
indicating a structure with a resolution of approximately 1.77 A, which
is suitable for structure-based drug design (SBDD). Furthermore, when
compared with the non-redundant set of PDB structures based on the
normalized QMEAN score, the structure was found to fall within the
acceptable range, with a Z-score of less than 1. This indicates that the
structure resembles the geometry of high-quality protein structures
deposited in PDB. In summary, a high-quality protein structure should
have at least 90-95 % of its residues in favored Ramachandran regions
and less than 1-2% outliers, both of which are met by the modeled
protein [38].

The docking performance was then correlated with the experimental
PKI values for each respective target (Supplementary 1, Figs. S9d, S9e,
S9f). The Pearson correlation coefficients between the docking scores
and the experimental Ki values were as follows: for Mtb $-CA 1, the
correlation coefficient was r = 0.52, indicating a moderate positive
correlation; for Mtb B-CA2, the correlation coefficient was r = 0.47, also
showing a moderate positive correlation; and for Mtb $-CA3, the cor-
relation coefficient was r = 0.03, indicating a very weak correlation.
This suggests that the docking scores for Mtb $-CA 3 are not predictive of
the experimental Ki values, likely due to differences in structural accu-
racy or the inherent variability in the AlphaFold prediction model
compared to experimentally derived structures. Limitations such as
variability in prediction accuracy, difficulties with disordered regions,
and the lack of consideration for protein conformational flexibility
further undermine the reliability of AlphaFold predictions in structure-
based drug design [39,40]. These results suggest that the docking
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scores are more predictive of the experimental Ki for Mtb p-CA 1 and
Mtb B-CA 2 compared to Mtb p-CA3.

To deepen the understanding of the binding modes of compounds 2,
4, and 5 with the Mtb f-Cas, molecular interactions were plotted and
analyzed. The 3D binding modes, illustrated in Fig. 10 on the left side,
suggest that compounds 2 and AAZ, as well as compounds 4 and 5, have
similar binding poses. This similarity in binding poses is likely due to
their structural similarities. Compound 2 and AAZ both contain only one
ring system, whereas compounds 4 and 5 have two ring systems. The
presence of two-ring systems in compounds 4 and 5 might affect their
ability to accommodate into the binding pocket as AAZ does, thus
having a different binding mode.

Compounds 2, 4, and 5 exhibited significant binding interactions
with the zinc ion and the critical zinc-binding residues [41], specifically
two cysteine residues and a histidine, across all three Mtb p-CAs I-III.
This interaction effectively inhibits the catalytic activity of these met-
alloenzymes. Notably, compounds 4 and 5, which feature extended ring
systems, displayed enhanced hydrophobic interactions compared to
compound 2 and the known inhibitor AAZ. These hydrophobic in-
teractions contribute to the stabilization of their binding poses once
anchored into the catalytic triad, thereby reinforcing their inhibitory
effects on the enzymatic activity of Mtb B-CAs. This characteristic
highlights the importance of structural modifications in optimizing the
binding affinity and efficacy of potential inhibitors targeting these
enzymes.

2.7. Systems biology approaches to understand the probable mechanism
of action

To ensure a coherent elucidation of the potential mechanisms of
action, we exclusively conducted a systems analysis on five synthetic
compounds, 12, 8, 13, 10, and 9, alongside the control standard AAZ
(acetazolamide) (described in section 5.4.9, supporting data in supple-
mentary 1, Table S4). These molecules were chosen based on their
robust prediction accuracy within established mechanistic interpreta-
tion models and ML-QSAR models. The selection of these specific com-
pounds was deliberate, aimed at producing consistent mechanisms of
action that are grounded in both cheminformatics and systems biology
methodologies. Multiple target prediction servers were utilized to
collect a diverse pool of target predictions originating from different
methodologies and rationales, and these ensemble approaches were
found to be more effective in identifying probable real targets [42]. A
total of 236 deduplicated target gene pools were collected for the syn-
thesized compounds. The predicted target genes were plotted as a dia-
gram against the disease gene pool of TB (19,994 genes), and 181 genes
were found at the intersection (Fig. 11 a). These intersecting genes were
used as a starting point to generate a complex PPI network with the aid
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Fig. 11. Depicts the results of the systems biology analysis: a) intersecting genes between TB-related genes and synthesized compound targets, b) extraction of hub

genes from the high-confidence PPI network.

of String DB. Additionally, interconnections with a confidence interval
of 0.9 were used in this study. Afterward, ten hub genes (degree method)
were extracted from this filtered PPI network, which resulted in the
identification of MMP, CXCR4, TNF, ALB, STAT3, SRC, PTGS2, HIF1A,
NFKB1, and PPARG hub genes (Table 9 shows topological matrices of
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hubgenes and illustration of hubgenes extraction in Fig. 11b). The hub
genes play a crucial role in the PPI network; where they act as key
regulators within a defined PPI network, and they also serve as potential
drug targets for therapeutic interventions [43].
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Table 9

Topological metrics of the extracted hub genes.
Hub genes Degree EPC BottleNeck EcCentricity Closeness Betweenness
TNF 72 21.009 49 0.24704 116.9167 3655.757
ALB 69 19.471 17 0.24704 114.25 5415.203
SRC 64 20.401 27 0.24704 112.3333 3324.7
STAT3 57 20.196 1 0.19763 108.5333 1286.494
HIF1A 50 18.683 8 0.19763 104.2 1144.957
NFKB1 50 19.208 1 0.24704 104.25 774.5789
PTGS2 49 17.753 12 0.24704 103.5 1506.332
PPARG 47 17.48 5 0.24704 103.0833 1506.907
MMP9 43 18.423 1 0.19763 99.78333 604.2381
CXCR4 35 15.4 6 0.19763 96.11667 428.6465

2.7.1. Gene ontologies

The hub genes were annotated based on their biological processes
(BP), cellular compartment (CC), and molecular function (MF) via gene
ontology to understand hub genes based on their annotated scientific
vocabulary. The gene ontology results are described in Fig. 12 in the
form of gene enrichment bubble plots. The 5 biological processes on-
tologies with the highest enrichment and greatest counts were negative
regulation of gene expression, positive regulation of pir-mRNA tran-
scription from the RNA polymerase II promoter, positive regulation of
apoptotic process, cellular response to hypoxia, and negative regulation
of pir-mRNA transcription from the RNA polymerase II promoter. The
CC ontologies included RNA polymerase II transcription factor complex,
cytoplasm, macromolecular complex, chromatin, and caveola. The MF
ontologies are mainly associated with DNA binding, small molecule
binding, and enzyme binding, whereas many ontologies suggest DNA
binding is related to RNA polymerase II transcription.

The gene ontologies indicated that hub genes are involved in gene
expression via the regulation of pir-mRNA transcription from the RNA
polymerase II promoter and localized the RNA polymerase II tran-
scription factor complex, and the functions of these genes are mainly
related to DNA binding.

The BP, CC, and MF gene ontologies indicated that the hub genes are
involved in gene expression, particularly through the regulation of pri-
mRNA transcription from the RNA polymerase II promoter. This is
further supported by MF ontologies that highlight binding events such as
DNA binding, small molecule binding, and enzyme binding. The BP
terms positive regulation of the apoptotic process, positive regulation of
cytokine production involved in the inflammatory response, and
response to xenobiotic stimulus were all correlated with immune-related

negative regulation of gene expression -

positive regulation of pri-miRNA transcription from RNA polymerase Il promoter
positive regulation of apoptotic process-

cellular response to hypoxia-

negative regulation of pri-miRNA transcription from RNA polymerase Il promoter|
cellular response to lipopolysaccharide

positive regulation of cytokine production involved in inflammatory response|
positive regulation of vascular endothelial growth factor production -

response to xenobiotic stimulus-|

processes. Additionally, the CC hits included the RNA polymerase II
transcription factor complex, which is related to gene expression and its
regulation, and caveolae, which are associated with pathogen invasion,
control of cellular apoptosis, and inflammatory host responses [44].

2.7.2. KEGG pathway analysis

After analyzing the gene ontologies that indicated that the hub genes
were related to immunity and inflammation-related pathways, we per-
formed KEGG pathway analysis to better understand their involvement
in biological pathways to obtain a larger landscape. KEGG hits not
related to TB or infections were excluded, and only those hits that were
statistically significant (p value < 0.05) were used for analysis and
network construction. According to the KEGG pathway analysis (bubble
enrichment plots in Fig. 13), the hits were related to many signaling
pathways, such as the IL-17, C-type lectin receptor, TNF, chemokine,
prolactin, and NF-B pathways. Additionally, hits related to disease-
specific conditions included toxoplasmosis, efferocytosis, tuberculosis,
pathogenic Escherichia coli infection, and COVID-19. From the gene
ontology and KEGG pathway analyses, it was concluded that the syn-
thesized molecules not only target Mtb -Cas with nanomolar efficiency
but also impact the human immune machinery. This conclusion is based
on the pathway hits related to immune regulation and various infectious
diseases, with the target genes being localized at the RNA polymerase II
transcription factor complex and in caveolae.

2.7.3. Tissue-specific localization of hub genes

The dot plot illustrated in Fig. 14 delineates the outcomes of single-
cell expression analysis conducted on the pivotal hub genes. This sub-
study primarily aimed to scrutinize the tissue localization of these hub
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Fig. 14. Tissue localization of Hub genes.

genes, particularly focusing on specific target tissues such as the lung
and esophagus muscularis, owing to their significant roles during TB
infections and invasion. Notably, the genes exhibited robust expression
levels within these target tissues, indicating their potential as viable
targets for therapeutic interventions aimed at ameliorating the disease.

2.7.4. Tripartite network construction and analysis

The tripartite network illustrated in Fig. 15a was constructed based
on synthesized compound target prediction information, hub genes, and
their corresponding KEGG pathways. This network aids in the visuali-
zation of the interactions of the compounds with their corresponding
hub genes to modulate a disease pathway. In this network, NFKB1, TNF,
and SRC were found to have the greatest degree, thus ensuring that these
targets among the hub genes are crucial for bridging the synthetic
compounds to their ultimate goal of modulating a biological pathway.
For these studies, we were more interested in exploring the probable
mechanism of action of the synthesized compounds in the context of TB
disease, such that edges they were connected to the tuberculosis nodes
were extracted to understand influential genes and the number of
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instances where the compounds were making connections with them.
The hub genes NFKB1, TNF, and SRC with the greatest degree of inter-
action were found to interact with the tuberculosis pathway (illustrated
in Fig. 15b).

The persistence and high communicability of Mtb infections under-
score resistance to host immune responses. NF-kB is a member of the
family of inducible transcription factors that play a role in the mediation
of adaptive and innate immunity [45]. Normally, NF-kB is in the latent
phase when it is bound to the IKB protein inside the cytoplasm of a
resting cell. Once the NF-xB is free, it accumulates in the nucleus, where
it initiates the transcription of its target genes. These genes include
TNF-a, chemokines, and macrophage activation molecules [46] Mtb
infection requires proinflammatory mediators to form granulomas via
tumor necrosis factor-a (TNF-«), interleukin-12 and interleukin-10.
NF-kB is associated with the release of various cytokines, such as IL-1,
IL-6, IL-12, and TNF-a, via the promotion of M1 and M2 macrophage
activation [47].

NF-kB1 mediates the containment of bacterial loads within granu-
lomas by regulating the transcription of genes involved in inflammation,
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such as TNF-a and chemokines. This pathway is crucial for restricting
Mtb growth, and balanced NF-kB activation is essential for preventing
excessive inflammation. The negative feedback mechanism involving
IkBa and A20 attenuates NF-xB signaling, maintaining this balance.
Optimally adjusting this balance can enhance T-cell-mediated re-
sponses, potentially leading to the clearance of the bacterial infection
[48,49].

Additionally, another key target identified through systems biology
analysis indicated that SRC kinase is involved in modulating TB infec-
tion. Src kinases are interlinked with NF-kB activation by mediating

tyrosine phosphorylation of the hemITAM domain on Dectin-1, creating
a docking site for Syk. This interaction initiates a series of intracellular
signaling cascades that culminate in activating the transcription factor
NF-kB [48] (Fig. 16). Thus, through KEGG pathway analysis, it was
concluded that the synthesized molecules were involved in activating
NF-kB through direct activation or via the SRC-mediated tyrosine
phosphorylation pathway.
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2.7.5. Grouping of f-CA inhibitors target genes and their associated
pathways, phenotypes, and potential side effects

Jaccard similarity coefficients were calculated for synthesized com-
pounds 9, 8, 10, 12, and 13 and AAZ for their corresponding target
genes, pathways, and phenotypes with the CTD database using disease
ID as a mapping index. The results for Jaccard similarity coefficients are
illustrated as heatmaps, and the occurrence of the terms is shown by a
word cloud where the size is proportional to its occurrence. The syn-
thetic compounds had moderate similarity for their targeted genes
(Fig. 17a), whereas compounds 10 and 12 exhibited the greatest simi-
larity among all the pairs. Another high similarity was observed between
compound 10 and the standard drug AAZ. Compounds 10-13 and
compound 13-AAZ exhibited decreased similarity, with a coefficient of
0.255. Moderate similarity was also observed between compounds 8-9
and 8-12. Different isoforms of carbonic anhydrases were found to be
targeted by synthetic compounds, as depicted in Word Cloud. (Fig. 17e).

The Jaccard similarity plot for physical molecular descriptors, such
as logP, MW, number of hydrogen bond acceptors, and number of do-
nors (Fig. 17b), indicated that all the compounds shared high similarity.
This consistency confirms that these compounds are part of a congeneric
series. The dataset shows that all pairs of compounds exhibit perfect
similarity regarding the pathways (Fig. 17c) and phenotypes (Fig. 17¢c)
they are associated with. This finding implies that these compounds
share identical or highly similar target pathways and phenotypes. This
similarity can be attributed to the similar chemical scaffolds of the
compounds and the high consistency of their physical molecular
descriptors.

Additionally, the most frequently associated pathways (Fig. 17g)
were associated with adaptive immunity, phagosomes, innate immu-
nity, tuberculosis, and neutrophil degranulation, again indicating the
potential role of these compounds in modulating the host’s immune
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response in the event of TB invasion. Many hits were identified for
common phenotypes, visualized as a word cloud in Fig. 17f. The asso-
ciations of pathways and phenotypes with the targeted common genes
were also visualized via graph-based methods, as shown in Supple-
mentary 1, Figs. S10 and S11, respectively.

Our analysis using the NetInfer tool revealed the top 20 predicted
side effects associated with synthesized compounds (9, 8, 10, 12, 13, and
AAZ). These predictions were processed through hierarchical clustering
to identify clusters of similar side effects, providing a comprehensive
view of potential adverse reactions (Fig. 17d and h). Among the prom-
inent side effects identified, neurological and behavioral effects such as
AMNESIA, CONVULSION, and HALLUCINATION featured prominently,
indicating potential impacts on cognitive and nervous system functions.
Systemic effects like DRUG TOXICITY, CARDIAC ARRHYTHMIA, and
FATIGUE were also prevalent, suggesting broader physiological impli-
cations. Additionally, classifications spanned various categories,
including gastrointestinal effects, cough, reproductive/endocrine im-
pacts (mammary neoplasms), and systemic disorders (ABDOMEN PAIN,
CELLULAR NECROSIS). Some side effects remained unclassified, such as
death (DEAD), highlighting areas where further investigation is needed.
These findings, detailed in Supplementary 1, Fig. S12, underscore the
diverse range of potential side effects associated with these compounds.
Understanding these predictions is crucial for assessing their safety
profiles and guiding future research and development efforts toward
mitigating adverse health outcomes.

3. Discussions

Herein, we have described a mechanistic interpretation model to
rationally design a synthesis workflow combining novel synthetic
chemistry to expand the chemical space coverage of Mtb p-CAs in search
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of efficient inhibitors. The mechanistic interpretation model utilizing
the random forest method performed exceptionally well, consistently
maintaining high values across all the metrics. The high Cohen’s kappa
values further reinforce the model’s reliability and robustness, with
values of 0.96 for the training set and 0.84 for the test set. After vali-
dating the robustness of the mechanistic interpretation model, impor-
tant chemical descriptors were identified, interpreted, and subsequently
used to design new molecules. The strategically designed molecules
were prioritized based on their estimated pKi values using a validated,
robust ML-QSAR model. For the three target spaces of Mtb $-Cal-3, the
gradient boosting method, a tree ensemble technique, outperformed all
other methods across each target space. This superior performance un-
derscores the efficacy of gradient boosting in accurately predicting
molecular activity and guiding the prioritization process. Afterward, the
molecules were synthesized and evaluated for their biological activity
against Mtb CAs and to understand their selectivity, such that the mol-
ecules exhibited excellent selectivity for Mtb p-CAs over hCAs and had
nanomolar efficiency in inhibiting Mtb B-CAs.

We acknowledge that this study did not fully address certain meth-
odological aspects, such as the determination of protonation states and
tautomers. While our primary focus was on model development and
validation, we recognize the significance of accurately representing
these molecular properties in enhancing the predictive accuracy and
robustness of the model. In future studies, we plan to incorporate the
prediction of protonation states and tautomers using established
computational tools, such as ChemAxon’s Marvin or Schrodinger’s Epik,
to ensure a more comprehensive approach.

The synthesized compounds were evaluated for their ADME (Ab-
sorption, Distribution, Metabolism, and Excretion) characteristics and
toxicity profiles to ensure efficacy and safety. Most compounds showed
high GI absorption, except for molecules 12, 13, and AAZ. None
exhibited blood-brain barrier (BBB) permeation or were P-glycoprotein
(P-gp) substrates, which reduces the risk of drug-drug interactions and
enhances cellular retention. Metabolism profiling indicated selective
inhibition of CYP enzymes, with compounds 1 and 2 inhibiting CYP1A2,
and compounds 3, 4, 5, 6, and 9 inhibiting CYP2C19. Toxicological
analysis showed minimal concerns for most compounds, though com-
pounds 8, 13, and AAZ presented specific risks requiring cautious
handling. The ADMET properties and toxicity profiles of the compounds
offer crucial insights into their potential as therapeutic agents. The high
gastrointestinal (GI) absorption and limited blood-brain barrier (BBB)
permeability suggest that these compounds are likely effective for
treating peripheral conditions while minimizing the risk of central
nervous system side effects. Additionally, the selective inhibition of CYP
enzymes by these compounds points to potential drug interactions,
which underscores the importance of careful management when used in
conjunction with other medications. It is essential to address specific
toxicity risks associated with certain compounds in subsequent devel-
opment phases to ensure their safety and efficacy. Notably, the presence
of efflux pumps like P-gp, which can lead to drug resistance in bacteria
and host cells, highlights the need for strategies to circumvent this
pathway to maintain drug efficacy. Moreover, compounds such as 8 and
13, which have shown toxicity concerns, warrant further investigation
through in vivo studies to better understand their safety profiles. This
comprehensive approach will contribute to the development of safer and
more effective therapeutic candidates.

Molecular docking was performed to gain detailed insights into the
binding mechanisms at the molecular level and to correlate the docking
scores with experimental pKi values for Mtb p-CA 1, 2, and 3. Correlation
coefficients were moderate for Mtb -CA 1 (r = 0.52) and Mtb -CA 2 (r
= 0.47) but very weak for Mtb 3-CA 3 (r = 0.03), likely due to structural
inaccuracies inherent with alpha fold structures. The binding mode
analysis of compounds 2, 4, and 5 showed their interaction with the
catalytic triad of Mtb p-CAs, effectively inhibiting the enzyme’s activity.
The extended ring systems in compounds 4 and 5 increased hydrophobic
interactions, stabilizing their binding poses while the zinc-binding group
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anchored within the catalytic triad of Mtb p-CAs.

Our KEGG pathway analysis (p-value <0.05) highlighted the
involvement of target genes of synthesized compounds in key signaling
pathways, including IL-17, C-type lectin receptor, TNF, chemokine,
prolactin, and NF-kB. Pathways related to toxoplasmosis, efferocytosis,
tuberculosis, pathogenic E. coli infection, and COVID-19 diseases. This
underscores the dual role of the synthesized molecules in targeting Mtb
and modulating the host immune response. Single-cell expression
analysis showed strong expression of these hub genes in lung and
esophagus tissues, which are crucial for TB infection, emphasizing their
potential as therapeutic targets for TB.

The tripartite network analysis revealed critical interactions between
synthesized compounds, hub genes, and KEGG pathways. NFKB1, TNF,
and SRC emerged as key nodes central to linking synthetic compounds
to disease pathways, particularly tuberculosis. NF-kB, a key transcrip-
tion factor in adaptive and innate immunity, activates genes crucial for
granuloma formation and containment of Mtb. It remains latent in the
cytoplasm, bound to IkB proteins, and translocates to the nucleus upon
activation, initiating TNF-a, IL-1, IL-6, IL-12, and chemokines tran-
scription. Balanced NF-xB activation, regulated by IkBa and A20, is vital
for controlling bacterial loads and preventing excessive inflammation.
Additionally, SRC kinase modulates TB infection by mediating NF-«xB
activation through tyrosine phosphorylation pathways.

Several natural compounds have been reported to exhibit immuno-
modulatory properties and the capacity to down-regulate the NF-kB
signaling pathway. Flavonoids, such as anthocyanins, can also control
neuroinflammation and modulate the NF-xB pathway [50,51]. Tri-
terpenoids, like betulinic acid and oleanolic acid, and phytosterols have
demonstrated immunomodulatory effects and the potential to influence
signaling pathways related to inflammation, immunity, and cell growth
[50]. Natural compounds from bacterial sources, including lipopeptides
like amphomycins, polymyxins, teicoplanins, and bacitracin, are
well-known for modulating cytokine production by targeting the NF-xB
axis [52]. These findings highlight the therapeutic potential of natural
products as immunomodulators and suggest their utility in mitigating
adverse effects associated with the dysregulation of the NF-«kB pathway.

Further, we performed Hierarchical clustering of synthesized com-
pounds based on target genes, pathways, phenotypes, and side effects to
understand their similarity. Jaccard similarity coefficients indicated that
compounds 10 and 12, and compound 10 with standard drug AAZ,
exhibited the highest similarity. Physical molecular descriptors like
logP, molecular weight, and hydrogen bond acceptors and donors
confirmed these compounds belong to a congeneric series. Pathway and
phenotype analyses showed perfect similarity, with frequently associ-
ated pathways including adaptive immunity, phagosomes, innate im-
munity, tuberculosis, and neutrophil degranulation, highlighting their
role in modulating the host’s immune response against TB. Hierarchical
clustering for potential side effects identified groups of similar adverse
reactions. Notable side effects included neurological and behavioral
impacts such as amnesia, convulsion, and hallucination, as well as
systemic effects like drug toxicity, cardiac arrhythmia, and fatigue.
Other side effects spanned gastrointestinal, reproductive/endocrine,
and systemic disorders. Some side effects, like death, remained unclas-
sified, indicating areas for further investigation. These findings
emphasize the importance of understanding the potential side effects of
these compounds.

Our analysis highlights that synthesized molecules targeting Mtb
B-CAs demonstrate potent anti-tuberculosis activity and modulate key
immune pathways, positioning them as promising therapeutic candi-
dates. Hub genes like NFKB1, TNF, and SRC play critical roles in these
pathways, suggesting they are pivotal targets for enhancing immune
responses and improving TB treatment outcomes. This study provides a
comprehensive framework for understanding how these compounds
interact with gene targets and biological pathways in the context of TB
infection.

Furthermore, our systems biology analysis reveals that these
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compounds not only directly inhibit Mtb ($-CAs but also enhance
immunity-related genomic processes. This dual action represents a de-
parture from traditional TB therapies like isoniazid and rifampicin,
which target specific bacterial enzymes. By bolstering both adaptive and
innate immune responses, these compounds may effectively counteract
Mtb’s immune evasion mechanisms, offering potential benefits for
immunocompromised patients and addressing drug resistance issues in
TB treatment.

4. Conclusion

In conclusion, we have developed several machine learning models,
including the mechanistic interpretation models and ML-QSAR models,
to guide and prioritize synthesizing rationally designed molecules. The
Biological evaluation revealed compounds with better selectivity for
Mtb B-Cas over human CAs in the nanomolar range across the three
isoforms of Mtb $-CA1-3. To further understand the probable mecha-
nism of action of compounds other than those targeting the pathogen
proteome, a systems biology approach was taken, and the results indi-
cated immune system modulation during tuberculotic infection. Thus, in
this comprehensive study, we explained the mechanism of action of the
tested molecules with a combination of cheminformatics, synthetic
chemistry, biological evaluation, and systems biology approaches. Our
findings offer promising insights for the development of next-generation
TB therapies, as paving the way for the design of molecules that target
not only the pathogen proteome but also enhance the host immune
response, thus providing a comprehensive and effective approach to
combatting TB.

Experimental part
Chemistry

Anhydrous solvents and all reagents were purchased from Merck,
Fluorochem, and TCI. All reactions involving air- or moisture-sensitive
compounds were performed under a nitrogen atmosphere using dried
glassware and syringe techniques to transfer the solutions. Nuclear
magnetic resonance (lH NMR, 13¢ NMR, 19p NMR) spectra were recor-
ded using a Bruker Advance III 400 MHz spectrometer in D20-dy, CDCls-
d;, and DMSO-ds. Chemical shifts are reported in parts per million
(ppm), and the coupling constants (J) are expressed in Hertz (Hz). The
splitting patterns are designated as follows: s, singlet; d, doublet; t,
triplet; q, quadruplet; m, multiplet; dd, doublet of doublets. The
assignment of exchangeable protons was confirmed by the addition of
D20. Analytical thin-layer chromatography (TLC) was carried out on
silica gel F-254 plates (Sigma-Aldrich). Flash chromatography purifi-
cations were performed on Sigma-Aldrich silica gel 60 (230-400 mesh
ASTM) as the stationary phase, and EtOAc/n-hexane or MeOH/DCM
were used as eluents. Melting points (mp) were measured in open
capillary tubes with a Gallenkamp MPD350.BM3.5 apparatus and were
uncorrected. The solvents used for mass spectrometry analysis were
acetone and acetonitrile (Chromasolv grade), which were purchased
from Sigma-Aldrich (Milan, Italy), and mQ water (18 MQ cm), which
was obtained from Millipore’s Simplicity system (Milan, Italy). MS
analysis was carried out using a Varian 500-MS ion trap system (Palo
Alto, CA, USA) equipped with two Prostar 210 pumps, a Prostar 410
autosampler, and an electrospray source (ESI) operating in negative ion
mode. Stock solutions of analytes were prepared in acetone at 1.0 mg
mL ™! and stored at 4 °C. Working solutions of each analyte were freshly
prepared by diluting stock solutions in a mixture of mQ water/aceto-
nitrile 1:1 (v/v) up to a concentration of 1.0 pg mL~!. The mass spectra
of each analyte were acquired by introducing the working solution via a
syringe pump at 10 pL min~L. The raw data were collected and processed
by Varian Workstation Vers. 6.8 software. According to elemental
analysis results, all compounds reported here are of >96 % purity.
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General synthesis of products 1-13

Procedure A. NaOH (5 M, 0.98 equiv.) and CS; (1.2 equiv.) were
added to a solution of the proper intermediate (0.15 g, 1 equiv.) in
MeOH (5 mL) at 0 °C, and then the solution was stirred at rt for 1 h. The
solution was evaporated under a vacuum, and the resulting crude
product was suspended in acetone and filtered, yielding a white powder.

Procedure B. NaOH (5 M, 1.98 equiv.) and CSy (1.2 equiv.) were
added to a solution of the proper intermediate (0.15 g, 1 equiv.) in
MeOH (5 mL) at 0 °C, and then the solution was stirred at rt for 1 h. The
solution was evaporated under a vacuum, and the resulting crude
product was suspended in acetone and filtered, yielding a white powder.

Sodium (4-sulfamoylbenzyl)carbamodithioate (1)

Compound 1 was obtained according to the general procedure A
earlier reported with 4-sulfamoylbenzyl amine (14) as starting material.
Yield 97 %; silica gel Rs0.24 (TFA/MeOH/DCM 7/9/84 % v/v); 85 (400
MHz, DMSO-dg): 8.61 (t, J = 6.1 Hz, 1H, NHCS3), 7.75 (d, J = 8.2 Hz,
2H, 2 x Ar-H), 7.43 (d, J = 8.2 Hz, 2H, 2 x Ar-H), 7.28 (s, 2H, exchange
with D20, SO,NH»), 4.79 (d, J = 6.1 Hz, 2H, CH,); 8¢ (100 MHz, D;0):
213.7,144.7,139.9,128.3, 126.8, 51.2; m/z (ESI negative): 261.1 [M —
H]'; Elemental analysis: calculated C, 33.79; H, 3.19; N, 9.85; found C,
33.78; H, 3.17; N, 9.86.

Sodium (4-sulfamoylphenethyl)carbamodithioate (2)

Compound 2 was obtained according to the general procedure A
earlier reported with 4-sulfamoylphenethyl amine (15) as starting ma-
terial. Yield 87 %; silica gel R;0.20 (TFA/MeOH/DCM 7/9/84 % v/v); 6y
(400 MHz, DMSO-dg): 8.61 (t, J = 6.1 Hz, 1H, NHCS3), 7.75 (d, J = 8.2
Hz, 2H, 2 x Ar-H), 7.43 (d, J = 8.2 Hz, 2H, 2 x Ar-H), 7.28 (s, 2H, ex-
change with D20, SO2NH>), 4.79 (d, J = 6.1 Hz, 2H, CH>); §¢ (100 MHz,
D,0): 210.6, 146.0, 139.7, 130.6, 126.7, 48.9, 34.5; m/z (ESI negative):
275.0 [M — HJI’; Elemental analysis: calculated C, 36.23; H, 3.72; N,
9.39; found C, 36.22; H, 3.73; N, 9.37.

Sodium 4-(4-sulfamoylphenyDpiperazine-1-carbodithioate (3)

Compound 3 was obtained according to the general procedure A
earlier reported with 4-(piperazin-1-yl)benzenesulfonamide (18) as
starting materials. Yield 91 %; silica gel Ry 0.21 (TFA/MeOH/DCM 7/9/
84 % v/v); 8y (400 MHz, DMSO-dp): 7.66 (d, J = 8.6 Hz, 2H, 2 x Ar-H),
7.06 (s, 2H, exchange with D0, SO2NH5), 7.04 (d, J = 8.6 Hz, 2H, 2 x
Ar-H), 4.50 (m, 4H, 2 x CH>), 3.30 (m, 4H, 2 x CH3); §¢ (100 MHz, D;0):
209.4,153.9, 130.7, 128.2, 115.4, 50.8, 47.4; m/z (ESI negative): 316.1
[M — HI; Elemental analysis: calculated C, 38.93; H, 4.16; N, 12.38;
found C, 38.94; H, 4.14; N, 12.33.

Sodium 4-(2-fluoro-4-sulfamoylphenyl)piperazine-1-carbodithioate (4)
Compound 4 was obtained according to the general procedure A
earlier reported with 3-fluoro-4-(piperazin-1-yl)benzenesulfonamide
(19) as starting material. Yield 93 %; silica gel Ry 0.21 (TFA/MeOH/
DCM 7/9/84 % v/v); 8y (400 MHz, DMSO-dg): 7.56 (m, 2H, 2 x Ar-H),
7.27 (s, 2H, exchange with D20, SO,NH>), 7.21 (m, 1H, Ar-H), 5.54 (m,
4H, 2 x CH>), 3.09 (m, 4H, 2 x CH3); 8¢ (100 MHz, D;0): 209.9, 153.7 (J1
cr=251.4Hz),143.4 (J° .y = 7.7 Hz), 136.3 (J°® cr = 7.7 Hz), 123.6 (J*
cr = 2.8 Hz), 120.6, 114.9 (J? ¢y = 26.7 Hz), 51.0, 50.1; 87 (400 MHz,
D20): 119.5; m/z (ESI negative): 334.1 [M — HJ; Elemental analysis:
calculated C, 36.97; H, 3.67; N, 11.76; found C, 36.98; H, 3.66; N, 11.75.

Sodium 4-(4-sulfamoylphenyl)-1,4-diazepane-1-carbodithioate (5)
Compound 5 was obtained according to the general procedure A
earlier reported with 4-(1,4-diazepan-1-yl)benzenesulfonamide (20) as
starting material. Yield 44 %; silica gel Ry 0.20 (TFA/MeOH/DCM 7/9/
84 % v/v); 8y (400 MHz, DMSO-dg): 7.57 (d, J = 8.1 Hz, 2H, 2 x Ar-H),
6.94 (s, 2H, exchange with D20, SO2NH>), 6.84 (d, J = 8.1 Hz, 2H, 2 x
Ar-H), 4.40 (t, J = 4.7 Hz, 2H, CH), 3.95 (t, J = 5.5 Hz, 2H, CH>), 3.64
(t,J=4.7 Hz, 2H, CH>), 3.48 (t, J = 5.5 Hz, 2H, CH5), 2.02 (m, 2H, CH));
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8¢ (100 MHz, D,0): 209.9, 151.3, 128.6, 127.1, 112.2, 54.6, 53.5, 49.1,
48.2, 22.6; m/z (ESI negative): 330.0 [M — H]; Elemental analysis:
calculated C, 40.78; H, 4.56; N, 11.89; found C, 40.80; H, 4.54; N, 11.88.

Sodium 4-(2-fluoro-4-sulfamoylphenyl)-1,4-diazepane-1-carbodithioate (6)
Compound 6 was obtained according to the general procedure A
earlier reported with 4-(1,4-diazepan-1-yl)-3-fluo-
robenzenesulfonamide (21) as starting material. Yield 15 %; silica gel Ry
0.12 (TFA/MeOH/DCM 7/9/84 % v/v); dy (400 MHz, DMSO-dg): 7.45
(m, 2H, 2 x Ar-H), 7.10 (m, 3H, exchange with D,0O, SO;NH; + Ar-H),
4.48 (m, 2H, CH>), 4.14 (m, 2H, CH>), 3.62 (m, 2H, CH>), 3.47 (m, 2H,
CH>), 1.95 (m, 2H, CH>); 8¢ (100 MHz, D,0): 209.8, 153.3, 141.9 (J3 CF
=7.3Hz), 131.0 (J° c.p = 8 Hz), 123.8, 118.0 (J* ¢ = 4.3 Hz), 115.5 (J?
cr = 26.4 Hz), 55.1, 53.5, 51.6, 51.5, 51.4, 25.1; & (400 MHz, D20):
122.1; m/z (ESI negative): 348.0 [M — H]’; Elemental analysis: calcu-
lated C, 38.80; H, 4.07; N, 11.31; found C, 38.82; H, 4.09; N, 11.29.

Sodium 4-(4-sulfamoylbenzoyDpiperazine-1-carbodithioate (7)

Compound 7 was obtained according to the general procedure A
earlier reported with 4-(4-Sulfamoylbenzoyl)piperazin-1-ium chloride
(24) as starting material. Yield 69 %; silica gel Ry 0.23 (TFA/MeOH/
DCM 7/9/84 % v/v); 8y (400 MHz, DMSO-de): 7.91 (d, J = 7.8 Hz, 2H, 2
x Ar-H), 7.65 (d, J = 7.8 Hz, 2H, 2 x Ar-H), 7.44 (s, 2H, exchange with
D,0, SO2NH>), 4.49 (s, 2H, CH3), 4.38 (s, 2H, CH3), 3.61 (m, 2H, CH),
3.29 (m, 2H, CHy); d¢ (100 MHz, D20): 205.3, 171.6, 143.7, 138.9,
128.6, 127.2, 47.5, 42.7; m/z (ESI negative): 344.1 [M — H]’; Elemental
analysis: calculated C, 39.23; H, 3.84; N, 11.44; found C, 39.22; H, 3.85;
N, 11.45.

Sodium 4-(2-o0xo-2-((4-sulfamoylphenyl)amino)ethyl)piperazine-1-
carbodithioate (8)

Compound 8 was obtained according to the general procedure B
earlier reported with 1-(2-Oxo0-2-((4-sulfamoylphenyl)amino)ethyl)
piperazine-1,4-diium chloride (28) as starting material. Yield 69 %;
silica gel Ry 0.13 (TFA/MeOH/DCM 7/9/84 % v/v); &y (400 MHz,
DMSO-dp): 10.20 (s, 1H, exchange with D,O, CONH), 7.87 (d, J = 8.4
Hz, 2H, 2 x Ar-H), 7.78 (d, J = 8.4 Hz, 2H, 2 x Ar-H), 7.30 (s, 2H, ex-
change with D,0, SO;NH>), 4.29 (t, J = 4.5 Hz, 4H, 2 x CH>), 3.21 (s, 2H,
CHy), 2.48 (t, J = 4.5 Hz, 4H, 2 x CH3); ¢ (100 MHz, D;0): 209.3,171.6,
141.6, 137.7, 127.7, 121.9, 60.9, 52.8, 51.2; m/z (ESI negative): 373.4
[M — HJ; Elemental analysis: calculated C, 39.38; H, 4.32; N, 14.13;
found C, 39.40; H, 4.33; N, 14.14.

Sodium 4-(4-sulfamoylbenzyDpiperazine-1-carbodithioate (9)

Compound 9 was obtained according to the general procedure B
earlier reported with 1-(4-Sulfamoylbenzyl)piperazine-1,4-diium chlo-
ride (31) as starting material. Yield 0.83 %; silica gel Ry 0.18 (TFA/
MeOH/DCM 7/9/84 % v/v); 8y (400 MHz, DMSO-dg): 7.81 (d, J = 7.7
Hz, 2H, 2 x Ar-H), 7.53 (d, J = 7.7 Hz, 2H, 2 x Ar-H), 7.25 (s, 2H, ex-
change with D;0, SO;NH3), 4.37 (m, 4H, 2 x CH3), 3.58 (s, 2H, CHy),
2.33 (m, 4H, 2 x CH>); 8¢ (100 MHz, D;0): 209.8, 142.7, 141.1, 131.5,
126.3, 61.5, 52.4, 50.8; m/z (ESI negative): 330.1 [M — HJ’; Elemental
analysis: calculated C, 40.78; H, 4.56; N, 11.89; found C, 40.76; H, 4.58;
N, 11.88.

Sodium 4-((4-sulfamoylbenzyl)carbamoyl)piperazine-1-carbodithioate (10)

Compound 10 was obtained according to the general procedure A
earlier reported with 4-((4-Sulfamoylbenzyl)carbamoyl)piperazin-1-
ium chloride (36) as starting material. Yield 82 %; silica gel Ry 0.20
(TFA/MeOH/DCM 7/9/84 % v/v); 8y (400 MHz, DMSO-dg): 7.78 (d, J =
7.9 Hz, 2H, 2 x Ar-H), 7.46 (d, J = 7.9 Hz, 2H, 2 x Ar-H), 7.31 (s, 2H,
exchange with D20, SO2NH>), 7.22 (t, J = 5.8 Hz, 1H, exchange with
D50, NHCON), 4.34 (m, 6H, 3 x CH>), 3.32 (t, J = 5.2 Hz, 4H, 2 x CH>);
8¢ (100 MHz, D50): 210.1, 159.9, 146.0, 140.4,128.1, 126.7, 51.0, 44.2,
43.3; m/z (ESI negative): 373.4 [M — H]’; Elemental analysis: calculated
C, 40.78; H, 4.56; N, 11.89; found C, 40.76; H, 4.58; N, 11.88.
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Sodium 4-((4-sulfamoylphenetyl)carbamoyl)piperazine-1-carbodithioate
an

Compound 11 was obtained according to the general procedure A
earlier reported with 4-((4-Sulfamoylphenetyl)carbamoyl)piperazin-1-
ium chloride (37) as starting material. Yield 97 %; silica gel Ry 0.25
(TFA/MeOH/DCM 7/9/84 % v/v); 8y (400 MHz, DMSO-dg): 7.78 (d, J =
7.4 Hz, 2H, 2 x Ar-H), 7.41 (d, J = 7.4 Hz, 2H, 2 x Ar-H), 7.33 (s, 2H,
exchange with D0, SO2NH5), 6.67 (t, J = 5.4 Hz, 1H, exchange with
D,0, NHCON), 4.32 (m, 4H, 2 x CH>), 3.27 (m, 6H, 3 x CH3), 2.83 (t,J =
6.7 Hz, 2H, CH>); 8¢ (100 MHz, D;0): 210.1, 159.8, 146.1,139.7, 130.6,
126.5, 50.8, 43.2, 41.6, 36.0; m/z (ESI negative): 387.0 [M — HJ;
Elemental analysis: calculated C, 40.96; H, 4.67; N, 13.65; found C,
40.97; H, 4.65; N, 13.67.

Sodium 4-((4-sulfamoylphenyl carbamothioyl)piperazine-1-carbodithioate
(12)

Compound 12 was obtained according to the general procedure A
earlier reported with 4-((4-Sulfamoylphenyl)carbamothioyl)piperazin-
1-ium chloride (40) as starting material. Yield 79 %; silica gel Ry 0.29
(TFA/MeOH/DCM 7/9/84 % v/v); 6y (400 MHz, DMSO-dg): 9.57 (s, 1H,
exchange with D,O, NHCSN), 7.74 (d, J = 8.0 Hz, 2H, 2 x Ar-H), 7.53 (d,
J = 8.0 Hz, 2H, 2 x Ar-H), 7.30 (s, 2H, exchange with D;0, SO;NH5),
4.43 (m, 4H, 2 x CH3), 3.93 (m, 4H, 2 x CH>); 8¢ (100 MHz, D,0): 210.2,
180.6, 144.8,138.7, 127.3, 126.8, 50.3, 47.9; m/z (ESI negative): 375.0
[M — HI; Elemental analysis: calculated C, 36.17; H, 3.79; N, 14.06;
found C, 36.18; H, 3.77; N, 14.07.

Sodium 4-((5-sulfamoyl-1,3,4-thiadiazol-2-yl)carbamoyl)piperazine-1-
carbodithioate (13)

Compound 13 was obtained according to the general procedure A
earlier reported with 4-((5-Sulfamoyl-1,3,4-thiadiazol-2-yl)carbamoyl)
piperazin-1-ium chloride (45) as starting material. Yield 71 %; silica gel
R;0.26 (TFA/MeOH/DCM 7/9/84 % v/v); 8y (400 MHz, DMSO-de): 7.50
(s, 2H, exchange with D30, SO3NH>), 4.42 (m, 4H, 2 x CH3), 3.39 (m,
4H, 2 x CH>); 8¢ (100 MHz, D20): 210.6, 183.0, 176.3, 163.7, 51.6, 43.6;
m/z (ESI negative): 367.1 [M — H]’; Elemental analysis: calculated C,
24.61; H, 2.84; N, 21.52; found C, 24.60; H, 2.86; N, 21.50.

Genera synthesis for 4-(piperazin-1-yl)benzenesulfonamide (18), 3-fluoro-
4-(piperazin-1-yl)benzenesulfonamide (19), 4-(1,4-diazepan-1-yl)
benzenesulfonamide (20) and 4-(1,4-diazepan-1-yl)-3-
fluorobenzenesulfonamide (21)

Piperazine or homopiperazine (5 equiv.) was added to a solution of
16 or 17 (0.5 g, 1 equiv.) in Hy0 (10 mL), and then the suspension was
heated overnight at reflux. The solution was cooled, and the resulting
precipitate was filtered and washed with cold H50, yielding a white
powder.

4-(Piperazin-1-yl)benzenesulfonamide (18)

Compound 18 was obtained according to the general procedure
previously reported with 4-fluorobenzenesulfonamide (16) and pipera-
zine as the starting materials. Yield 91 %; m.p. 210-211 °C; silica gel Ry
0.15 (MeOH/DCM 20 % v/v); 5 (400 MHz, DMSO-dg): 7.49 (d, J = 8.7
Hz, 2H, 2 x Ar-H), 7.06 (s, 2H, exchange with D,0, SO;NH>), 6.70 (d, J
= 8.7 Hz, 2H, 2 x Ar-H), 3.09 (t, J = 5.9 Hz, 4H, 2 x CH>), 2.87 (t,J = 5.9
Hz, 4H, 2 x CH>).

3-fluoro-4-(piperazin-1-ylbenzenesulfonamide (19)

Compound 19 was obtained according to the general procedure
previously reported with 3,4-difluorobenzenesulfonamide (17) and
piperazine as the starting materials. Yield %; m.p. 231-233 °C; silica gel
R 0.15 (MeOH/DCM 20 % v/v); 8 (300 MHz, DMSO-d): 7.53 (dd, J =
8.6 Hz 2 Hz, 1H, Ar-H), 7.48 (dd, J = 15 Hz 2 Hz, 1H, Ar-H), 7.31 (s, 2H,
exchange with D0, SO3NH5), 7.13 (dd, J = 8.6 Hz 8.6 Hz 1H, Ar-H),
3.03 (m, 4H, 2 x CH,), 2.83 (m, 4H, 2 x CH>).
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4-(1,4-Diazepan-1-yl)benzenesulfonamide (20)

Compound 20 was obtained according to the general procedure
previously reported with 4-fluorobenzenesulfonamide (16) and homo-
piperazine as the starting materials. Yield 78 %; m.p. 215-217 °C; silica
gel Ry 0.15 (MeOH/DCM 20 % v/v); 8y (400 MHz, DMSO-de): 7.56 (d, J
= 9.0 Hz, 2H, 2 x Ar-H), 6.95 (s, 2H, exchange with D0, SO,NH5), 6.77
(d, J = 9.0 Hz, 2H, 2 x Ar-H), 3.59 (t, J = 5.9 Hz, 2H, CHy), 3.51 (t, J =
5.2 Hz, 2H, CHj), 2.84 (t, J = 5.2 Hz, 2H, CH>), 2.60 (t, J = 5.9 Hz, 2H,
CH>), 1.76 (m, 2H, CH>).

4-(1,4-Diazepan-1-yl)-3-fluorobenzenesulfonamide (21)

Compound 21 was obtained according to the general procedure
previously reported with 3,4-difluorobenzenesulfonamide (17) and
homopiperazine as the starting materials. Yield 84 %; m.p. 240-243 °C;
silica gel R¢0.17 (MeOH/DCM 20 % v/v); 8y (400 MHz, DMSO-dg): 7.53
(m, 1H, Ar-H), 7.48 (m, 1H, Ar-H), 7.41 (s, 2H, exchange with D,0,
SO,NH3), 7.18 (m, 1H, Ar-H), 3.68 (t, J = 5.4 Hz, 2H, CH>), 3.46 (t, J =
5.0 Hz, 2H, CHj), 2.92 (t, J = 5.0 Hz, 2H, CH>), 2.71 (t, J = 5.4 Hz, 2H,
CHz), 1.74 (rn, ZH, CHz).

Synthesis of t-butyl 4-(4-sulfamoylbenzoyl)piperazine-1-carboxylate (23)

PyBOP (1.2 equiv.), t-butyl piperazine-1-carboxylate (1.5 equiv.) and
DIPEA (3 equiv.) were added to a solution of 22 (0.5 g, 1 equiv.) in
anhydrous DMF (3 mL) at 0 °C under a nitrogen atmosphere, and then
the resulting suspension was stirred overnight at RT. Slush and 12 M HCl
were added until the pH reached 4, and the resulting precipitate was
filtered and washed with cold H,O to yield a white powder.

Yield 87 %; m.p. 188-189 °C; silica gel Rf0.24 (MeOH/DCM 10 % v/
v); 8y (400 MHz, DMSO-dg): 7.92 (d, J = 7.8 Hz, 2H, 2 x Ar-H), 7.64 (d, J
= 7.8 Hz, 2H, 2 x Ar-H), 7.51 (s, 2H, exchange with D0, SO,NH5), 3.64
(m, 2H, CH>), 3.38 (m, H,0 overlapped, 6H, 3 x CH3), 1.44 (s, 9H, 3 x
CH>).

Synthesis of 2-chloro-N-(4-sulfamoylphenyl)acetamide (26)

K2COs3 (1.2 equiv.) and chloroacetyl chloride (1.2 equiv.) were added
to a solution of 25 (0.5 g, 1 equiv.) in acetone (15 mL) at 0 °C, and then
the reaction mixture was stirred at RT for 30 min. The solvent was
evaporated under vacuum, slush and 12 M HCI were added until the pH
reached 2, and the resulting suspension was filtered. The obtained white
powder was washed with cold HyO.

Yield 98 %; silica gel R;0.19 (MeOH/DCM 10 % v/v); 6y (400 MHz,
DMSO-dg): 10.62 (s, 1H, exchange with D,O, CONH), 7.77 (d, J = 8.9
Hz, 2H, 2 x Ar-H), 7.73 (d, J = 8.9 Hz, 2H, 2 x Ar-H), 7.26 (s, 2H, ex-
change with D,0, SO3NH>), 4.28 (s, 2H, CH>).

Synthesis of t-butyl 4-(2-oxo-2-((4-sulfamoylphenyl)amino)ethyl)
piperazine-1-carboxylate (27)

K2COs3 (1.2 equiv.) and t-butyl piperazine-1-carboxylate (1.2 equiv.)
were added to a solution of 26 (0.5 g, 1 equiv.) in anhydrous DMF (5 mL)
under a nitrogen atmosphere, and then the resulting suspension was
stirred overnight at RT. Slush was added, and the precipitate was filtered
to give a white powder.

Yield 71 %; m.p. 195-197 °C; silica gel R; 0.14 (MeOH/DCM 6 % v/
v); 8y (400 MHz, DMSO-dg): 10.12 (s, 1H, exchange with D,O, CONH),
7.84 (d,J=8.7 Hz, 2H, 2x Ar-H), 7.79 (d, J = 8.7 Hz, 2H, 2 x Ar-H), 7.30
(s, 2H, exchange with D,0, SO,NH5), 3.41 (m, 4H, 2 x CH3), 3.23 (s, 2H,
CHy), 2.51 (m, 4H, 2 x CH3), 1.44 (s, 9H, 3 x CH3).

5.2.22. Synthesis of t-butyl 4-(4-sulfamoylbenzyl)piperazine-1-carboxylate
(30)

K2CO3 (1.5 equiv.) and t-butyl piperazine-1-carboxylate (1.5 equiv.)
were added to a solution of 29 (0.3 g, 1 equiv.) in anhydrous DMF (2 mL)
under a nitrogen atmosphere, and then the resulting suspension was
stirred overnight at RT. Slush was added, and the precipitate was filtered
to give a white powder.

Yield 72 %; m.p. 201-204 °C; silica gel Rf 0.22 (MeOH/DCM 10 % v/
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v); 8y (400 MHz, DMSO-d6): 7.80 (d, J = 8.0 Hz, 2H, 2 x Ar-H), 7.46 (d,
J = 8.0 Hz, 2H, 2 x Ar-H), 7.32 (s, 2H, exchange with D0, SOoNH>),
3.50 (s, 2H, CH>), 3.38 (t, H20 overlapped, J = 4.4 Hz, 4H, 2 x CH>), 2.33
(t, J = 4.4 Hz, 4H, 2 x CH3), 1.42 (s, 9H, 3 x CH3).

General synthesis of phenyl (4-sulfamoylbenzyl)carbamate (32) and phenyl
(4-sulfamoylphenetyl)carbamate (33)

K2COs (2 equiv.) and phenylchloro formate (1.5 equiv.) were added
to a suspension of 14 or 15 (3 g, 1 equiv.) in acetone (50 mL) cooled to
0 °C, after which the reaction mixture was stirred for 2 h at RT. The
solvent was removed under vacuum, and the crude product was treated
with a slush and 12 M HCI until the pH reached 2. The resulting sus-
pension was filtered and washed with H,O and Et,O to give a white
powder.

Phenyl (4-sulfamoylbenzyl)carbamate (32)

Compound 32 was obtained according to the general procedure
previously reported with 4-sulfamoylbenzyl amine (14) as the starting
material. Yield 87 %; m.p. 256-257 °C; silica gel TLC Ry 0.48 (MeOH/
DCM 10 % v/v); 8y (400 MHz, DMSO-dg): 8.42 (t, J = 5.5 Hz, 1H, ex-
change with D,O, CONH), 7.83 (d, J = 7.1 Hz, 2H, 2x Ar-H), 7.52 (d, J =
7.1 Hz, 2H, 2 x Ar-H), 7.40 (m, 4H, Ar-H), 7.36 (d, 2H, exchange with
D,0, SOoNH)), 7.23 (t,J = 7.4 Hz, 1H, Ar-H), 7.15 (d, J = 7.4 Hz, 2H, Ar-
H), 4.37 (d, J = 5.5 Hz, 2H, CH>).

Phenyl (4-sulfamoylphenetyl)carbamate (33)

Compound 33 was obtained according to the general procedure
previously reported with 4-sulfamoylphenetyl amine (15) as the starting
material. Yield 94 %; m.p. 235-238 °C; silica gel TLC Ry 0.62 (MeOH/
DCM 10 % v/v); 8y (400 MHz, DMSO-dg): 7.88 (t, J = 5.6 Hz, 1H, ex-
change with D,O, CONH), 7.79 (d, J = 7.7 Hz, 2H, 2x Ar-H), 7.46 (d, J =
7.7 Hz, 2H, 2 x Ar-H), 7.38 (d, J = 7.7 Hz, 2H, 2 x Ar-H), 7.33 (s, 2H,
exchange with D0, SO,NH)), 7.21 (t, J = 7.7 Hz, 1H, Ar-H), 7.08 (d, J
=7.7 Hz, 2H, 2 x Ar-H), 3.32 (m, 2H, CH>), 2.84 (t, J = 6.9 Hz, 2H, CH)).

General synthesis of t-butyl 4-((4-sulfamoylbenzyl)carbamoyDpiperazine-1-
carboxylate (34) and t-butyl 4-((4-sulfamoylphenetyl)carbamoyl)
piperazine-1-carboxylate (35)

DIPEA (cat.) and t-butyl piperazine-1-carboxylate (1.5 equiv.) were
added to a solution of 32 or 33 (0.5 g, 1 equiv.) in anhydrous ACN (8 mL)
under a nitrogen atmosphere, and then the resulting suspension was
stirred overnight at reflux. The solution was cooled, and a slush was
added. Then, the obtained precipitate was filtered to obtain a white
powder.

t-Butyl 4-((4-sulfamoylbenzyl) carbamoyl)piperazine-1-carboxylate (34)

Compound 34 was obtained according to the general procedure
previously reported with phenyl (4-sulfamoylbenzyl)carbamate (32)
and piperazine as the starting materials. Yield 92 %; m.p. 247-248 °C;
silica gel R¢ 0.29 (MeOH/DCM 8 % v/v); &y (400 MHz, DMSO-de): 7.76
(d, J = 8.5 Hz, 2H, 2 x Ar-H), 7.43 (d, J = 8.5 Hz, 2H, 2 x Ar-H), 7.32 (s,
2H, exchange with D,0, SOoNH>), 7.26 (t, J = 6.0 Hz, 1H, exchange with
D,0, NHCON), 4.30 (d, J = 6.0 Hz, 2H, CH>), 3.31 (m, 8H, 4 x CH>), 1.42
(s, 9H, 3 x CH3).

t-Butyl 4-((4-sulfamoylphenetyl)carbamoylpiperazine-1-carboxylate (35)

Compound 35 was obtained according to the general procedure
previously reported with phenyl (4-sulfamoylphenetyl)carbamate (33)
and piperazine as the starting materials. Yield 88 %; m.p. 258-261 °C;
silica gel Ry 0.31 (MeOH/DCM 8 % v/v); 6y (400 MHz, DMSO-de): 7.77
(d, J = 8.3 Hz, 2H, 2 x Ar-H), 7.41 (d, J = 8.3 Hz, 2H, 2 x Ar-H), 7.34 (s,
2H, exchange with D,0, SOoNH>), 6.73 (t, J = 5.0 Hz, 1H, exchange with
D,0, NHCON), 3.29 (m, 10H, 5 x CH>), 2.82 (t, J = 6.2 Hz, 2H, CH)),
1.44 (s, 9H, 3 x CH3).
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Synthesis of t-butyl 4-((4-sulfamoylphenyl)carbamothioyl)piperazine-1-
carboxylate (39)

DIPEA (cat.) and t-butyl piperazine-1-carboxylate (1.5 equiv.) were
added to a solution of 38 (0.5 g, 1 equiv.) in anhydrous ACN (8 mL)
under a nitrogen atmosphere, after which the resulting suspension was
stirred overnight at RT. Slush was added, and the obtained precipitate
was filtered to give a white powder.

Yield 94 %; m.p. 277-280 °C; silica gel Ry 0.26 (EtOAc/hexane 50 %
v/v); 8y (400 MHz, DMSO-dp): 9.60 (s, 1H, exchange with D,O, NHCSN),
7.73 (d,J=8.4 Hz, 2H, 2 x Ar-H), 7.49 (d, J = 8.4 Hz, 2H, 2 x Ar-H), 7.29
(s, 2H, exchange with D,0, SO;NH>), 3.92 (t, J = 5.2 Hz, 4H, 2 x CH)),
3.45 (t, J = 5.2 Hz, 4H, 2 x CH3), 1.44 (s, 9H, 3 x CH3).

Synthesis of 5-amino-1,3,4-thiadiazole-2-sulfonamide (42)

HCI (12 M) was added to a suspension of 41 (1.5 g, 1 equiv.) in EtOH,
and the mixture was stirred overnight at reflux. The solvent was
removed under vacuum, the crude product was suspended in H,O (10
mL), and 5 M NaOH was added until the pH reached 6. The resulting
precipitate was filtered and washed with cold H20 to afford a white
powder.

Yield 86 %; m.p. 218-229 °C; silica gel TLC R 0.3 (MeOH/DCM 5 %
v/v); 8y (400 MHz, DMSO-dg): 8.07 (s, 2H, exchange with DO,
SO2NH>), 7.83 (s, 2H, exchange with D;0, NH>).

Synthesis of phenyl (5-sulfamoyl-1,3,4-thiadiazol-2-yl)carbamate (43)

Phenyl chloroformate (1.5 equiv.) was added dropwise to a solution
of 42 (1 g, 1 equiv.) in anhydrous THF (15 mL) at 0 °C under a nitrogen
atmosphere, after which the reaction was refluxed for 2 h. The solvent
was removed under vacuum, and the crude product was treated with a
slush and 12 M HCI until the pH reached 2. The suspension was filtered
and washed with HyO to give a white powder.

Yield 54 %; m.p. 195 °C; silica gel TLC Rf0.45 (MeOH/DCM 5 % v/v);
8y (400 MHz, DMSO-dp): 13.33 (s, 1H, exchange with D,O, CONH), 8.42
(s, 2H, exchange with D,0, SO;NH>), 7.51 (t, J = 7.8 Hz, 2H, 2 x Ar-H),
7.36 (m, 3H, 3 x Ar-H).

Synthesis of t-butyl 4-((5-sulfamoyl-1,3,4-thiadiazol-2-yl)carbamoyl)
piperazine-1-carboxylate (44)

DIPEA (cat.) and t-butyl piperazine-1-carboxylate (1.2 equiv.) were
added to a solution of 43 (0.4 g, 1 equiv.) in anhydrous ACN (5 mL)
under a nitrogen atmosphere, after which the resulting suspension was
stirred overnight at reflux. The solution was cooled, and a slush was
added. Then, the obtained precipitate was filtered to obtain a white
powder.

Yield 31 %; m.p. 268-270 °C; silica gel R 0.24 (MeOH/DCM 5 % v/
v); 8y (400 MHz, DMSO-dg): 11.92 (s, 1H, exchange with D,O, CONH),
8.29 (s, 2H, exchange with D,0, SOoNH>), 3.57 (m, 4H, 2 x CHs), 3.42
(m, 4H, 2 x CH>), 1.46 (s, 9H, 3 x CH3).

General synthesis of intermediates 24, 28, 31, 36, 37, 40 and 45

23, 27, 30, 34, 35, 39, and 44 (0.5 g, 1 equiv.) were suspended in 3
M MeOH/HCI or 4 M dioxane/HCI (10 mL) and stirred overnight at RT.
The mixtures were evaporated under vacuum, and the resulting powders
were suspended in EtOAc or acetone and filtered, yielding white
powders.

4-(4-Sulfamoylbenzoyl)piperazin-1-ium chloride (24)

Compound 24 was obtained according to the general procedure
previously reported with 23 as the starting material. Yield 86 %; silica
gel R;0.24 (TFA/MeOH/DCM 4/16/80 % v/v); 5y (400 MHz, DMSO-dg):
9.63 (s, 2H, exchange with D,0, NH3), 7.93 (d, J = 8.3 Hz, 2H, 2 x Ar-H),
7.69 (d, J = 8.3 Hz, 2H, 2 x Ar-H), 7.55 (s, 2H, exchange with D50,
SO,NH,), 3.87 (s, 2H, CH>), 3.59 (s, 2H, CH>), 3.18 (m, 4H, 2 x CH>).
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1-(2-Oxo0-2-((4-sulfamoylphenyl)amino)ethyl)piperazine-1,4-diium
chloride (28)

Compound 28 was obtained according to the general procedure
previously reported with 27 as the starting material. Yield 94 %; silica
gel R;0.14 (TFA/MeOH/DCM 4/16/80 % v/v); 5y (400 MHz, DMSO-dg):
11.23 (s, 1H, exchange with D,0, NH"), 10.50 (s, 1H, exchange with
D,0, CONH), 9.71 (s, 2H, exchange with D,0, NH3), 7.85 (m, 4H, 4 x Ar-
H), 7.37 (s, 2H, exchange with D20, SOoNH>), 4.22 (s, 2H, CH3), 3.49
(m, 8H, 4 x CHy).

1-(4-Sulfamoylbenzyl)piperazine-1,4-diium chloride (31)

Compound 31 was obtained according to the general procedure
previously reported with 30 as the starting material. Yield 91 %; silica
gel Ry0.17 (TFA/MeOH/DCM 4/16/80 % v/v); g (400 MHz, DMSO-dp):
12.48 (s, 1H, exchange with D,0, NH "), 9.83 (s, 2H, exchange with D50,
NH3), 7.90 (m, 4H, 4 x Ar-H), 7.53 (s, 2H, exchange with D20, SO2NH>),
4.48 (s, 2H, CH>), 3.49 (m, 8H, 4 x CH>).

4-((4-Sulfamoylbenzyl) carbamoylDpiperazin-1-ium chloride (36)

Compound 36 was obtained according to the general procedure
previously reported with 34 as the starting material. Yield 46 %; silica
gel R;0.22 (TFA/MeOH/DCM 4/16/80 % v/v); 5y (400 MHz, DMSO-dg):
9.32 (s, 2H, exchange with D,0, NH3), 7.76 (d, J = 8.8 Hz, 2H, 2 x Ar-H),
7.51 (t, J = 6.0 Hz, 1H, exchange with D;O, NHCON), 7.44 (d, J = 8.8
Hz, 2H, 2 x Ar-H), 7.34 (s, 2H, exchange with D,0, SO;NH>), 4.30 (d, J
= 4.4 Hz, 2H, CHy), 3.58 (m, 4H, 2 x CH>), 3.06 (m, 4H, 2 x CH>).

4-((4-Sulfamoylphenetyl)carbamoyl)piperazin-1-ium chloride (37)

Compound 37 was obtained according to the general procedure
previously reported with 35 as the starting material. Yield 68 %; silica
gel Ry0.26 (TFA/MeOH/DCM 4/16/80 % v/v); 8y (400 MHz, DMSO-dp):
9.34 (s, 2H, exchange with D20, NH3), 7.76 (d, J = 8.4 Hz, 2H, 2 x Ar-H),
7.39 (d, J = 8.4 Hz, 2H, 2 x Ar-H), 7.33 (s, 2H, exchange with D50,
SO,NH3), 6.96 (m, 1H, exchange with DoO, NHCON), 3.52 (m, 4H, 2 x
CHy), 3.28 (m, 2H, CH3), 3.00 (m, 4H, 2 x CH>), 2.81 (t, J = 6.9 Hz, 2H,
CHy).

4-((4-Sulfamoylphenyl)carbamothioylpiperazin-1-ium chloride (40)

Compound 40 was obtained according to the general procedure
previously reported with 39 as the starting material. Yield 79 %; silica
gel R;0.31 (TFA/MeOH/DCM 4/16/80 % v/v); 8y (400 MHz, DMSO-dg):
9.98 (s, 1H, exchange with D20, NHCSN), 9.20 (s, 2H, exchange with
D,0, NH%), 7.79 (d, J = 8.5 Hz, 2H, 2 x Ar-H), 7.55 (d, J = 8.5 Hz, 2H, 2
x Ar-H), 7.36 (s, 2H, exchange with D,0, SOoNH>), 4.16 (m, 4H, 2 x
CH>), 3.25 (m, 4H, 2 x CH>).

4-((5-Sulfamoyl-1,3,4-thiadiazol-2-yl)carbamoyl)piperazin-1-ium chloride
(45)

Compound 45 was obtained according to the general procedure
previously reported with 44 as the starting material. Yield 81 %; silica
gel R;0.28 (TFA/MeOH/DCM 4/16/80 % v/v); 5y (400 MHz, DMSO-dg):
12.02 (s, 1H, exchange with D;O, CONH), 9.44 (s, 2H, exchange with
D,0, NH3), 8.35 (s, 2H, exchange with D20, SO2NH>), 3.83 (m, 4H, 2 x
CHj), 3.19 (m, 4H, 2 x CHj).

CA inhibitory assay

An Applied Photophysics stopped-flow instrument was used for
assaying the CA-catalyzed CO, hydration activity [53]. Phenol red (at a
concentration of 0.2 mM) was used as an indicator, working at an
absorbance maximum of 557 nm, with 20 mM HEPES (pH 7.5) as a
buffer and 20 mM NaySO4 (for maintaining constant ionic strength),
following the initial rates of the CA-catalyzed CO5 hydration reaction for
a period of 10-100 s. The CO, concentrations ranged from 1.7 to 17 mM
to determine the kinetic parameters and inhibition constants. For each
inhibitor, at least six traces of the initial 5-10 % of the reaction were
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used to determine the initial velocity. The uncatalyzed rates were
similarly subtracted from the total observed rates. Stock solutions of
inhibitor (0.1 mM) were prepared in distilled—deionized water, and di-
lutions up to 0.01 nM were made thereafter with the assay buffer. The
inhibitor and enzyme solutions were preincubated together for 45 min at
room temperature prior to the assay to allow for the formation of the E-I
complex. The inhibition constants were obtained by nonlinear
least-squares methods using PRISM 3 and the Cheng-Prusoff equation,
as reported earlier [54,55], which represent the means from at least
three different determinations. The enzyme concentrations were in the
range of 5-16 nM. All CA isoforms were recombinant and obtained
in-house, as reported previously [54-56].

Computational Methodology

ML QSAR model dataset acquisition

The ChEMBL database was used to collect data on compounds that
were effective against targets CHEMBL5631, CHEMBL6068, and
CHEMBL5767 [57]. The database contains compounds with antibacte-
rial activity; therefore, the initial dataset produced by K; was chosen; on
the other hand, compounds without a known K; were excluded. After
that, 147, 44, and 107 compounds for Mtb $-CA1, Mtb $-CA2, and Mtb
B-CA3, respectively, were obtained [57]. All the ML models were built
with the KNIME analysis platform [58] using H20 ML [59] nodes and
KNIME ML nodes. The molecular descriptors were generated using
PaDel [60] standalone software.

Structure normalization and calculation of molecular descriptors

After removing the inconsistencies and biases in the dataset struc-
ture, normalization was used to reduce the structural artifacts that may
come with initial datasets. Normalization included de-salting, aroma-
tizing, and removing hydrogen. The normalized smiles are then used to
generate three-dimensional structures, where the minimization was
performed with the UFF forcefield for 1000 iterations. Standalone PaDel
software was used to generate the 1D-2D, 3D, and Fingerprints, in which
1D-2D descriptors included Petitjean Number, RingCounts, TPSA,
WAIlkcount, etc.; 3D descriptors included Autocorrelation3D, CPSA,
Gravitationallndex, WHIM, etc.; and for the fingerprint, descriptors,
PubChem Fingerprinter was used.

Dataset preprocessing and dimensionality reduction

The molecular descriptors were subjected to the “low variance filter”
(<0.001) and “correlation filter” (>0.95) nodes for dimensionality
reduction; afterward, the dataset was normalized to make it comparable,
such that it reduced the biases originating from the magnitudes of the
descriptors. Finally, any detected outliers were removed using a
“numeric outlier node.”

Genetic algorithm-based feature selection

The feature selection process was based on a genetic algorithm, with
a feature selection loop constructed using Naive Bayes as the learning
algorithm. The loop parameters included a population size of 20 and a
maximum of 10 generations. For the mechanistic interpretation model,
partitioning was performed by stratifying the target variables into Mtb
B-Cal, Mtb p-Ca2, and Mtb p-Ca3. In the individual ML regression QSAR
model, stratification was applied to labels as follows: active (pKi >6),
intermediate (pKi = 5-6), and inactive (pKi <5).

ML QSAR models for mechanistic interpretation

A mechanistic analysis was conducted to correlate a set of essential
chemical features with the experimental inhibition constant values (Ki)
across the three target spaces: Mtb -CA1, Mtb 3-CA2, and Mtb -CA3. A
multinomial classification model was constructed for this task, where
each molecule was labeled based on the target class with the highest pKi
value. For example, if the pKi value for Mtb p-CA3 was the highest
among the three targets for a particular molecule, it was labeled Mtb
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B-CA3. The generated matrix was then coupled with PaDeL descriptors
and pKi values of the individual target spaces as the descriptors to
develop the model. To construct classification ML models, four types of
learners were tested, i.e., naive Bayes (NB), random forest (RF), gradient
boosting (GB), and gradient linear (GL) models. To prevent any chances
of overfitting in the models, shallow trees were used (tree = 5 and
number of models = 50) for the RF and GB learners. The model per-
formance was evaluated based on matrices such as recall, precision,
sensitivity, specificity, F-measure, accuracy, and Cohen’s kappa values.

ML-QSAR models

Regression models were also built to predict the pKi values of the
chemical spaces of the Mtb $-CAs. The descriptor generation, dataset
curation, dataset preprocessing, and feature selection methods are
described earlier (sections 5.4.1-5.4.4). After feature selection, the
dataset was partitioned based on the computed k-means cluster in a
stratified manner. Here, we tested four types of regression learner nodes:
XGBoost (XGB), random forest (RF), gradient boosting (GB), and
gradient linear (GL) models. The generated regression models were
evaluated based on the mean absolute error (MAE), mean squared error
(MSE), root mean squared error (RMSE), and R? values.

Validation of ML models

All the ML models described herein were validated via the tenfold
cross-validation method. This method randomly partitioned the samples
into test and training sets, and model performance was evaluated ten
times. This method ensures the robustness of the model across the
varying distributions of the training dataset.

Applicability domains of the regression models

The applicability domains of the built machine learning models
(mechanistic interpretation and ML-QSAR models) were assessed via the
chemical space coverage between the training set, test set, and designed
query molecules. The chemical spaces were visualized by applying
dimensionality reduction techniques, specifically a principal component
analysis (PCA) bounding box, to molecular descriptors and fingerprints.
The results were then plotted in both 2D and 3D.

ADMET and molecular docking analysis

In silico ADMET profiles of the synthesized compounds were evalu-
ated using SwissADME 9 http://www.swissadme.ch/) [61]and Osiris
Property Explorer software (https://www.organic-chemistry.org/pr
og/peo/) [62]. For the molecular docking analysis, experimental crys-
tal structures were available for Mtb -CA1 (PDB ID: 4YF4, Resolution:
1.80 10\) and Mtb -CA2 (PDB ID: 2A5V, Resolution: 2.20 108). However,
there is no experimentally determined structure for Mtb p-CA3. Conse-
quently, we modeled its structure using the AlphaFold3 server (https
://alphafoldserver.com) [63], utilizing the fasta sequence from the
UniProt accession ID: P96878, and included the zinc ion in the model.
The quality of the resulting protein structure was assessed using posi-
tional error heatmaps, Ramachandran plots, and QMEAN score plots.
These metrics, including the Ramachandran plot, MolProbity score, and
QMEAN Z-score, are essential for evaluating homology models [64]. The
Ramachandran plot shows the distribution of residues in allowed phi (¢)
and psi (y) angles, with favored regions indicating stable conformations
[64]. The MolProbity score, a composite structural quality indicator, is
better when lower, with scores in the 98th percentile or higher consid-
ered excellent. The QMEAN Z-score, which compares a model’s QMEAN
score to high-resolution experimental structures, is optimal when close
to 0 or less than 1, indicating good quality [65]. These metrics provide a
comprehensive assessment of a protein model’s geometry and overall
structural quality, making them invaluable tools for validating homol-
ogy models and ensuring their reliability for further applications.

All the protein structures were preprocessed by stripping off all
heteroatoms except the zinc ion. Missing side chains were fixed using
Modeller software [66], and energy minimization was performed using
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100 steps of steepest descent followed by 10 steps of the conjugate
gradient method to remove any structural artifacts. Autodock Vina Zn
[67] was used to dock the synthesized compounds 1-13 into the active
sites of the zinc-containing metalloenzymes Mtb (-CAl1-3.
Three-dimensional structures were generated for compounds 1-13 and
were subjected to MM2 forcefield optimization. The grid centers were
determined based on the geometric coordinates of the zinc ion: Mtb
B-CA1 (11.52, —37.56, —17.79), Mtb $-CA2 (11.76, —40.98, —18.336),
and Mtb p-CA3 (11.71, —37.55, —16.69) with a grid size of 40x40x40 for
each. Binding poses and 2D interaction plots were visualized using
Pymol and Ligplot Plus software.

Systems biology approach to identify the probable mechanism of action

Systems biology provides a holistic understanding of biological sys-
tems, aiding in identifying mechanisms of action by elucidating complex
interactions between molecules and biological pathways. In this study,
molecules were selected based on their total average prediction ratios,
which were calculated as the average of the prediction ratios for Mtb
B-CA1, Mtb p-CA2, and Mtb p-CA3 (equationl).

Total Average Prediction = Prediction ratio of Mtb § — CA1
+ Prediction ratio of Mtb § — CA2 + Prediction ratio of Mtb f — CA3

where the prediction ratio is defined as (equationl):

Prediction ratio = Eixperlr.nental P _Kl
Predicted pKi

Target predictions and disease-related gene mining

After the selection of compounds system analysis, their targets were
predicted via an assembly of four tools, namely, Swiss Target Prediction
[68], the SEA server [69], the poly-pharmacology server [70] and the
SuperPred server [71]. The UniProt server standardized all the predicted
target gene names [72]. Incorporating multiple tools with different
methodologies has introduced a diverse pool of predicted targets for
synthesized compounds. The disease-related targets were mined from
three independent databases, namely, DisGeNET [73], OMIM [74], and
CTD DB [75], by searching the terms “TB” or “Tuberculosis” in the
respective databases. Furthermore, intersecting genes between the
compound target gene pool and the TB-related gene pool were identified
via the Venny2.0 [76] web server (https://bioinfogp.cnb.csic.es/tools/
venny/index2.0.2.html).

Protein-protein interactions and hub gene identification

The extracted common genes between the compound target gene
pool and TB-related gene pool were subjected to StringDB [77], where
the organism was selected as “Homo sapiens” to generate a
protein-protein interaction (PPI) network of the common genes. The
comprehensive dense PPI network was exported to the Cytoscape plat-
form, and the cytoHubba plugin was used to find the top ten hub genes
based on the degree method.

Gene enrichment, gene ontology, KEGG pathway analysis, and tissue-specific
localization

The identified hub genes were subjected to gene enrichment analysis
via the DAVID [78] webserver. The list of the top ten hub genes was
submitted to the server, in which the “Official gene symbol” was
selected as the identifier, “Homo sapiens” was selected as the choice of
the organism, and the list type was selected as the “Gene list.” In the
KEGG pathway [79] analysis, terms not relevant to TB or other infec-
tious diseases were discarded, and the final pool of terms was filtered
with a p-value>0.05 threshold. Gene ontologies [80] were also per-
formed based on biological processes (BP), cellular compartment (CC),
and molecular functions (MF), which were filtered with a p-value>0.05.
The results are depicted as gene enrichment bubble plots constructed
using the SRPLOTs [81] webserver https://www.bioinformatics.com.
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To assess potential side effects associated with synthesized com-
pounds (9, 8, 10, 12, 13, and AAZ), we utilized NetInfer, a network-
based inference server known for predicting adverse drug events
(ADEs) and chemical side effects (PMID: 32687354). The predictions
were aggregated and analyzed using hierarchical clustering to identify
clusters of similar side effects. From these predictions, the top 20 terms
with high frequency were extracted. Each term was classified using
ChatGPT to better understand its nature and potential implications.

Additionally, organ-specific localization of the hub genes was
explored via single-cell expression analysis via the GTEX [50] server
https://gtexportal.org/home/multiGeneSingleCellQueryPage.

Compound target interactions network construction

To thoroughly understand the complex interactions between the
compounds (layer 1), TB-related genes (layer 2), and enriched KEGG
pathways (layer 3), a tripartite network was constructed on the Cyto-
scape [82] platform. Subsequently, to understand the interaction net-
works in the context of tuberculosis, a hierarchical network was
constructed to determine the influence of a compound with a specific
gene that is ultimately related to this disease.

Hierarchical clustering of compound target genes and their associated genes,
pathways, phenotypes, and potential side effects

We calculated Jaccard similarity coefficients, plotted as heatmaps to
understand the similarities between the synthesized molecules in terms
of their genes, physical descriptors, phenotypes, and pathways. The
Jaccard similarity coefficient is defined as the size of the intersection
divided by the size of one of the sets, and mathematically, it is expressed
as

_|ANB]
" |AUB]

J(A,B)

A and B represent the two sets for which similarity coefficients are
calculated.

First, a biological network was built, incorporating chemicals with
their predicted target genes, pathways, and phenotypes, using data
gathered from the CTD database [75]. We also included chemicals and
their probable side effects using the Netinfer tool [83]. to better un-
derstand our designed inhibitors’ potential side effects.

After constructing the biological network, we performed Jaccard
index calculations for synthesized chemicals based on common genes,
pathways, phenotypes, and side effects. By comparing the overlap of
elements within different genes, pathways, phenotypes, and side effects,
we quantified the degree of similarity between these entities. This
approach provides a robust measure of how closely related chemicals
are in the context of their targeted genes, pathways, phenotypes, and
side effects, facilitating a deeper understanding of their
interconnections.

Once the Jaccard index scores were obtained, hierarchical clustering
was applied. Hierarchical clustering is a method of cluster analysis that
builds a hierarchy of clusters. In this context, similar genes, pathways,
phenotypes, and side effects, chemicals were grouped based on their
Jaccard index scores, allowing us to identify closely related groups and
gain insights into their relationships. To visualize the results, cluster-
grams were produced to show the hierarchical clusters, and word clouds
were generated to highlight common terms for genes, pathways, phe-
notypes, and side effects. These visualizations helped interpret the data
and understand the connections between different biological entities.
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