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PREFACE 

Among the different subtypes of matrix metalloproteinases (MMPs), MMP-2 is one of the 

validated potential targets for cancer. It has a crucial role in tumor progression, apoptosis, and 

angiogenesis. Chapter 1 provides an outline of different Cancer and its statistics along with 

MMPs and its classification, and the implication of MMP-2 enzyme and related mechanism 

regarding cancer especially with relation to chronic myeloid leukemia progression. Moreover, 

MMP inhibitors entered into different phases of clinical trials have also been discussed. In 

addition, a brief description of drug design and discovery incorporated. Chapter 2 extensively 

highlights MMP-2 inhibitors based on various zinc binding group and their implications as 

potential anticancer agents. Specific enzyme selectivity issue of hydroxamate-based MMP-2 

inhibitors has also been discussed. Chapter 3 deals with the rationale behind the 

hydroxamates-based selective MMP-2 inhibitor designing strategies. The aim and objectives 

of these study also been discussed. Chapter 4 describes the procedures for performing MMP-

2 inhibitor designing strategies along with the organic synthesis and biological screening 

techniques. Chapter 5 deals with the results and discussions related to the work describing the 

detailed designing techniques of hydroxamates-based MMP-2 inhibitors through comparative 

robust molecular modeling studies (such as regression-based and classification-based QSARs, 

3D-QSAR CoMFA and CoMSIA, HQSAR, molecular docking, MD simulations) followed by 

lead identification and subsequent organic synthesis, characterization as well as biological 

screening (enzyme inhibition, cytotoxic evaluation, apoptosis analysis, cell cycle analysis, 

angiogenesis assay, DNA deformation assay). Chapter 6, in a nutshell, concludes about the 

overall results of biphenylsulfonamido hydroxamates-based glutamines as potential MMP-2 

inhibitors having effective antileukemic activity particularly CML. Chapter 7 deals with the 

future direction of the research work, where the future journey for MMP-2 inhibitors as 

potential anticancer agents hinges on a multi-faceted approach encompassing structural 

refinement, translational studies, combination therapies, targeted drug delivery systems, and 

the elucidation of underlying molecular mechanisms. Therefore, this thesis provides a hallmark 

of the identified lead novel compound selective towards MMP-2 that may be further evaluated 

in future for in vivo biological studies and pharmacokinetic evaluation along with formulation 

development to achieve better anti leukemic efficacy. Therefore, this thesis will surely motivate 

researchers associated with this field both in academia and industry for further development of 

promising selective MMP-2 inhibitors as potential anticancer agents.  
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1. Cancer 

Cancer is defined as abnormal, uncontrolled growth that spreads throughout the body as a result 

of various genetic, epigenomic, and mutagenic alterations. Moreover, the cell's genome has 

undergone abnormal modifications that enable it to dodge apoptotic signals and provide growth 

signals that cause uncontrollable cell division (Fatma and Siddique, 2023). The development 

of cancer reveals a variety of intricacies that are challenging to analyze and comprehend. Also, 

to comprehend and categorize common cancer features, Hanahan and Weinberg established a 

number of hallmarks, such as self-sustaining growth signals and avoidance mechanisms 

(Hanahan and Weinberg, 2011). Complex molecular changes in cell cycle regulation act as a 

mediator for cancer metastasis, which is the spread of cancer cells from the primary tumor to 

neighboring tissues and distant organs (Quintero-Fabián et al., 2019). 

1.1. Cancer statistics  

Cancer is a major public health problem worldwide and one of the leading causes of death as 

per the world health organization (https://www.who.int/). As populations rise, get older, and 

adopt lifestyle habits that raise the chance of developing cancer, the number of cancer cases 

and deaths is anticipated to climb dramatically, adding to the burden already present. In 

addition, the risk of cancer drastically increases in low- and middle-income nations, which are 

undergoing economic transitions that involve growing mechanization of labor and 

transportation, cultural changes in the roles of women, and increased exposure and access to 

global markets (Torre et al., 2016). Because of this, many of the lifestyle risk factors, which 

are already prevalent in high-income nations, including tobacco use, physical inactivity, excess 

body weight, and reproductive patterns, are also becoming more frequent in low- and middle-

income nations (Torre et al., 2016). 

A report from the International Agency for Research on Cancer of WHO depicts a huge number 

of populations suffering in different continents (Figure 1.1) form different types of cancer 

(https://rb.gy/gmhja). As per Globocan 2020 reports, the population in Asia is much higher than 

other continents such as Europe, North America, Africa, etc. 
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Figure 1.1. Statistical data of the number of cases of cancer in different continents. 

Additionally, according to a report by cancer statistics in 2023, an estimated 609,820 people in 

the United States will die from cancer in 2023, corresponding to 1670 deaths per day (Siegel 

et al., 2023). The global report of cancer deaths is much higher than the report by the cancer 

statistic 2023. According to the world health organization, around 10 million deaths, or nearly 

one in every six, were caused by cancer in 2020, making it the world's top cause of death 

(https://www.who.int/). Another report by global cancer statistic 2020 where the reports are 

based on the estimation of incidence and mortality for 36 different types of cancer in 185 

countries worldwide depicts, including both sexes combined, one-half of all cases and 58.3% 

of cancer deaths are estimated to occur in Asia, while around 59.5% of the world population 

locate. Despite making up 9.7% of the world's population, Europe accounts for 22.8% of all 

cancer cases and 19.6% of all cancer deaths. The Americas come in second with 20.98% 

incidence and 14.2% worldwide mortality. Because of the distinct distribution of cancer types 

and greater case fatality rates in these regions, the percentage of cancer deaths in Asia (58.3%) 

and Africa (7.2%) are larger than the share of incidence (49.3 percent and 5.7 percent, 

respectively) (Sung et al., 2021). Moreover, statistical data by the world health organization 

exhibit a massive percentage of deaths by different cancers in different continents (Figure 1.2) 

(https://www.who.int/). 
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Figure 1.2. Statistical data of the number of deaths by different cancers in different 

continents. 

Therefore, cancer is one of the major diseases as it is increasing in number of cases as well as 

deaths. Thus, it is of utmost need to manage the disease i.e., cancer. Not only slow down the 

growth of cancer but also it should have proper drug molecules to prevent the migration of 

cancerous cells.  Moreover, the incredible diversity of cancer continues to provide hints as to 

its root causes, but it also highlights the need for increased global efforts to combat the illness. 

1.2. Types of cancer  

Cancer can be categorized based on the tumor type i.e., solid tumor and hematological cancer. 

However, as per WHO, cancers are divided into two categories: histological types, which refer 

to the tissue types in which they develop, and primary sites, which refer to the parts of the body 

where they initially appeared (Figure 1.3) (World Health Organization, International 

classification of diseases for oncology (ICD-O), 2013). Moreover, several body tissue 

categories give rise to different benign and malignant tumors.  
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Figure 1.3. Types of cancer along with different types of tumors. 

1.2.1. Solid tumor 

A solid tumor is an organ made up of stromal and cancerous cells that receive nutrition from a 

vasculature made up of endothelial cells, all of which are encased in an extracellular matrix. 

The expression of different genes is regulated by interactions between these cells, their 

surrounding matrix, and their local microenvironment. These genes by-products, in turn, 

regulate the pathophysiological characteristics of the tumor. Moreover, the response to different 

therapies is controlled by tumor pathophysiology, which also controls tumor development, 

invasion, and metastasis. Sarcomas and carcinomas are the two primary categories of solid 

tumors. Surgery is frequently used to treat a variety of solid tumors, including carcinoma and 

sarcoma (Jain, 1990). 

1.2.1.1. Carcinoma 

A malignant tumor of epithelial origin or cancer of the internal or exterior lining of the body is 

referred to as a carcinoma. In between 80 and 90 percent of all cancer cases, epithelial tissue 

malignancies called carcinomas are present 

Carcinomas, which are malignancies in epithelial tissues, are commonly found in 80 to 90 

percentage of cancer cases, though the specific proportion may vary depending on the cancer 

type and individual characteristics (https://rb.gy/b6712p). Carcinomas are subdivided into two 
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extensive subtypes i.e., squamous cell carcinoma, which begins in the squamous epithelium, 

and adenocarcinoma, which appears in an organ or gland, respectively (Chen and Dhahbi, 

2021). Moreover, a thicker plaque-like layer of white mucosa is the earliest sign of 

adenocarcinomas, which typically develop in mucous membranes. They can swiftly spread 

across the soft tissue where they start, especially in the lungs. Additionally, squamous cell 

carcinomas can develop in a variety of body parts. The majority of carcinomas involve glands 

or organs that can secrete, such as the breasts, which produce milk, the lungs, which release 

mucus, the colon, the prostate, or the bladder. 

(https://training.seer.cancer.gov/disease/categories/classification.html; Chen and Dhahbi, 

2021).  

1.2.1.2. Sarcoma 

Cancer that develops in supporting and connective tissues, such as bones, tendons, cartilage, 

muscle, and fat, is referred to as sarcoma. The most common sarcoma typically affects young 

adults and frequently manifests as a painful lump on the bone. They can be divided into two 

broad categories: primary bone sarcoma and soft tissue sarcoma, each of which has a unique 

staging and therapeutic strategy (Skubitz and D'Adamo, 2007). 

1.2.2. Hematological cancer 

A group of blood, bone marrow as well as lymph node disorders known as hematological 

malignancies are characterized by the clonal growth of blood-forming cells (Huang et al., 

2020). Frequently, abnormal hematopoietic and related processes are linked to bone marrow 

dysfunction. Hematologic malignancies come in three primary categories: lymphoma, 

leukemia, and myeloma. 

1.2.2.1. Lymphoma  

Lymphomas grow in the glands or nodes of the lymphatic system. The lymphatic system is a 

network of tubes, nodes, and organs (particularly the tonsils, spleen, and thymus) that cleans 

bodily fluids and creates lymphocytes, or white blood cells that fight infection 

(https://training.seer.cancer.gov/disease/categories/classification.html). Moreover, lymphoma 

is sometimes referred to be a "solid cancer", in contrast to leukemias, which are frequently 

called "liquid cancers." The stomach, breast, and brain are just a few of the organs where 

lymphomas can develop. Both Hodgkin lymphoma and Non-Hodgkin lymphoma are 

subclassified as lymphomas (McCarten et al., 2019). Hodgkin lymphoma can be distinguished 

from Non-Hodgkin lymphoma by the presence of Reed-Sternberg cells. These large, abnormal 
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cells are a hallmark characteristic found in Hodgkin lymphoma when examined under a 

microscope, aiding in its differentiation from the various subtypes of Non-Hodgkin lymphoma. 

1.2.2.1.1. Hodgkin lymphoma 

Hodgkin lymphoma is largely formed from the B-cell lineage and has two subtypes: classical 

Hodgkin lymphoma (cHL) and nodular lymphocyte predominate Hodgkin lymphoma. With 

cHL accounting for about 95% of all HL cases, HL is an uncommon kind of lymphoma that 

accounts for roughly 10% of lymphomas in the United States (Ullah et al., 2023).  

In general, first-line chemotherapy is seen to be highly effective in treating the condition, with 

or without the inclusion of radiotherapy. Additionally, high-dosage chemotherapy followed by 

an autologous hematopoietic stem cell transplant is the usual therapeutic option for cHL 

patients who experience relapses or who do not respond to frontline regimens (AHSCT). Also, 

several innovative agents are being examined in addition to chimeric antigen receptor (CAR) 

T-cell therapy, which is also being investigated in clinical trials as a potential treatment option, 

focused immunotherapy has recently transformed the treatment of cHL (Wang et al., 2017).  

1.2.2.1.2. Non-Hodgkin lymphoma 

Non-Hodgkin lymphoma (NHL) is a tumor that develops from B cell precursors, mature B 

cells, T cell progenitors, and mature T cells. It affects the lymphoid tissues. Non-Hodgkin 

lymphoma has several subtypes, each of which has unique epidemiology, etiology, 

immunophenotypic makeup, genetic makeup, clinical characteristics, and therapeutic response. 

Depending on how the disease is expected to progress, it might be classified as either "indolent" 

or "aggressive." Follicular lymphoma, Burkitt lymphoma, diffuse large B cell lymphoma, 

Mantle cell lymphoma, marginal zone lymphoma, and primary CNS lymphoma are the most 

prevalent adult B cell neoplasms. Mycosis fungoides and adult T cell lymphomas are the most 

prevalent mature T cell lymphomas (Armitage and Weisenburger, 1998). The use of 

medications including phenytoin, digoxin, and TNF antagonists is linked to non-Hodgkin 

lymphoma. The development of NHL is also linked to exposure to organic chemicals, 

pesticides, phenoxy-herbicides, wood preservatives, dust, hair color, solvents, chemotherapy, 

and radiation (Zhang et al., 2008; Eriksson et al., 2008). 

1.2.2.2. Leukemia 

Leukemias are bone marrow tumors also known as "liquid cancers" or "blood cancers" (the site 

of blood cell production). In Greek, leukemia is translated as "white blood." The excessive 

generation of immature white blood cells is frequently linked to the condition. Since these 
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immature white blood cells do not function as they should, the patient is frequently vulnerable 

to infection (https://training.seer.cancer.gov/disease/categories/classification.html). Both, 

acute and chronic leukemia are possible. Compared to acute leukemia, which needs to be 

treated right away, chronic leukemia advances more slowly. Also, the types of leukemia include 

lymphocytic and myelogenous. However, white blood cell is known as a lymphocyte that 

contributes to the immune system, lymphocytic leukemia describes aberrant cell proliferation 

in the marrow cells that become those lymphocytes. Additionally, the marrow cells that develop 

into red blood cells, white blood cells, and platelets proliferate abnormally in myelogenous 

leukemia (https://www.hematology.org/). Leukaemia can be broadly categorized into four 

groups: 

i) Acute lymphocytic leukemia (ALL) 

ii) Acute myelogenous leukemia (AML) 

iii) Chronic lymphocytic leukemia (CLL) 

iv) Chronic myelogenous leukemia (CML) 

Leukemia can develop in both children and adults. However, AML is the second most typical 

type of childhood leukemia, and ALL is the most common type. Additionally, AML and CLL 

are the two adult leukemias that are most frequent. 

1.2.2.2.1. Acute lymphocytic leukemia (ALL) 

In the bone marrow, immature leukocytes repeatedly multiply and produce an excessive 

number of immature leukocytes, which results in acute lymphocytic leukemia (ALL), a kind 

of WBC cancer (Das et al., 2022). About 25% of all childhood malignancies are ALL, which 

is mostly prevalent in youngsters. However, it can be challenging to diagnose this malignancy 

because it exhibits symptoms that are similar to those of the common flu as well as other 

symptoms including weakness, joint discomfort, exhaustion, etc. One's life is seriously at stake 

from this sickness. If therapy is delayed, ALL patients have a 3-month survival window. Thus, 

the patient's life depends on receiving the right care and therapies (Sulaiman et al., 2023). 

Nonetheless, a skilled doctor or physician is required for the manual detection of this 

malignancy in order to make an early and correct diagnosis. It is now normal practise to 

examine blood smear images to find ALL. However, manual detection relies on human 

interpretation and suffers from issues including noise, blur, weak edges, and the complexity of 

blood cells (Sulaiman et al., 2023). 
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1.2.2.2.2. Acute myelogenous leukemia (AML) 

Acute myeloid leukemia (AML) is a condition of the hematopoietic stem cells that is 

characterized by a stop in hematopoiesis, leading to the formation of a clonal population of 

malignant cells or blasts. However, if left untreated, this malignant change in hematopoietic 

stem cells causes a loss of normal hematopoietic function and often results in mortality within 

weeks to months of its clinical appearance (Shipley and Butera, 2009). Moreover, AML 

accounts for 15-20% of childhood leukemias and 33% of those in adolescents and young adults 

(AYA). Also, independent of other risk variables, age is a highly powerful prognostic factor, 

with the prognosis getting worse as one gets older (Creutzig et al., 2018). Treatment plans for 

AML are frequently for kids, adolescents, and adults, but not always, the same. Furthermore, 

they typically begin with intensive induction courses of cytarabine and anthracyclines at 

dosages sufficient to achieve remission, followed by post-remission phases that, in recent years, 

have also included maintenance therapy with novel agents such as tyrosine kinase inhibitors 

(TKIs) to destroy residual blasts in the bone marrow or other sites (Creutzig et al., 2018). 

1.2.2.2.3. Chronic lymphocytic leukemia (CLL) 

Monoclonal B-cell lymphocytosis (MBL), a protracted pre-malignant stage that precedes 

chronic lymphocytic leukemia (CLL), is the precursor of the disease (Kolijn et al., 2023). The 

proliferation of B lymphocytes chosen during clonal expansion through several interactions 

with (auto) antigens is thought to be the cause of CLL, despite the fact that their levels of 

activation and maturation vary. This is according to recent advancements in the understanding 

of CLL biology. Moreover, a diagnosis requires that there be more than 50 × 103 /μL B 

lymphocytes per liter of blood present for at least three months (Auen et al., 2023). The 

kappa/lambda ratio is used in flow cytometry investigations on patients with leukemic cells to 

determine clonality. The co-expression of CD19, CD20, CD5, and CD23 is the distinguishing 

characteristic of the B-CLL clone. When compared to normal B cells, the levels of surface 

immunoglobulin, CD20, and CD79 are often low (Ginaldi et al., 1998). Typically, there is 

significant bone marrow involvement, with more than 30% of the nucleated cells in the aspirate 

being lymphoid in origin (García-Muñoz et al., 2012). 

1.2.2.2.4. Chronic myelogenous leukemia (CML) 

Chronic myeloid leukemia (CML), is previously known as chronic granulocytic leukemia 

(Minciacchi et al., 2021). In the year 1845, Jhon Bennet published a case report of hypertrophy 

of the spleen and liver of patients along with leukocytosis (Bennett, 1845). Rudolf Virchow, an 
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independent pathologist, first introduced the term “Leukemia” which means “white blood”. A 

brief history of CML in a schematic representation is depicted in Figure 1.4, which describes 

the involvement of the Brc-Abl fusion chromosome (Philadelphia chromosome) responsible 

for this CML.  

 

Figure 1.4. A schematic representation of the history of chronic myeloid leukemia. 

CML belongs to the class of myeloproliferative neoplasms (MPN) that are defined by the 

unchecked proliferation of myeloid cells at various stages of maturity. Patients may present in 

one of three disease phases: the chronic phase (CP), the accelerated phase (AP), or the blast 

phase (BP) or blast crisis (BC) (Minciacchi et al., 2021).  Most CML patients are identified 

during the chronic phase (CP), which is characterized by a lack of obvious clinical signs other 

than elevated blood cell counts. The development of tyrosine kinase inhibitors (TKIs) that 

target the BCR::ABL1 oncoprotein has significantly improved the prognosis for CML, but a 

small percentage of patients continue to experience blast crisis (BC), which is marked by the 

proliferation of undifferentiated blasts and a poor prognosis, because of leukemic cells 

developing resistance to TKI (Hehlmann, 2012; Hochhaus et al., 2020; Radivoyevitch et al., 

2020). The Philadelphia (Ph) chromosome and the t(9;22)(q34;q11) chromosomal translocation 

are characteristics of CML cells. However, a major percentage of CML patients are found Ph-



Chapter 1: Introduction  
 

Page | 10  
 

positive and Philadelphia chromosome translocation occurred. Importantly, the breakpoint 

cluster region (BCR) of chromosome 22 and the ABL proto-oncogene from chromosome 9 fuse 

as a result of the Ph translocation (Figure 1.5) (Hehlmann, 2012). 

 

Figure 1.5. BCR protein and ABL gene reciprocal translocation results in an oncogene that 

constitutively triggers uncontrolled myeloid cell proliferation, which causes CML. 

Tyrosine kinase inhibitors (TKIs) are a useful tool for the treatment of CML because they block 

the tyrosine kinase enzyme in response to the CML and its progression (Bhatia, 2017; 

Meenakshi Sundaram et al., 2019; Talati and Pinilla-Ibarz, 2018; Saikia, 2018). Additionally, 

tyrosine kinase enzyme inhibitors are effective in CML progression, boosting chronic phase 

survival and inducing remission (Bhatia, 2017). Despite having such higher efficacy in slowing 

CML progression, these TKIs' limitations have become a significant problem in the TKI-

mediated treatment of CML. Moreover, TKIs had been held back from being a possible tool in 

the treatment of CML due to inadequate response-related therapy failures, drug toxicity, and 

the development of TKI resistance in CML leukemia stem cells (LSCs) (Bhatia, 2017). All of 

these shortcomings were able to steal the emphasis away from TKIs and encourage research 

into alternative workable, more recent options for CML progression and treatment. However, 
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modern leukemia research has been able to pinpoint other biological pathways, cytokines, and 

enzymes that are connected to the development of CML (Bhatia, 2017; Chaudhary et al., 2013; 

Ogawa et al., 2000; Yu and Han, 2006). 

1.2.2.5. Myeloma 

Cancer called myeloma develops in the bone marrow's plasma cells. Some of the proteins 

contained in the blood are produced by plasma cells. Multiple myeloma, a type of cancer, 

originates in the bone marrow's plasma cells, which normally produce antibodies essential for 

the immune system. This cancer leads to the abnormal proliferation of these plasma cells, 

causing the overproduction of monoclonal proteins or M proteins (Murray et al., 2021). These 

abnormal proteins can accumulate in the blood, urine, and potentially in organs, leading to 

various complications. The presence of these anomalous proteins in the blood serves as a 

crucial diagnostic indicator for multiple myeloma and can result in symptoms such as 

weakened immunity, anemia, bone pain, and kidney damage (Terpos et al., 2009). 

1.2.3. Mixed type 

Tumors with mixed-type components encompass a diverse array of tissue types within a single 

tumor, representing a combination of different categories of tumors. Adenosquamous 

carcinoma, for instance, features characteristics of both adenocarcinoma and squamous cell 

carcinoma, while Carcinosarcoma presents elements of both carcinomatous and sarcomatous 

tissues. These tumors pose diagnostic and treatment challenges due to their complex cellular 

compositions, which can significantly influence their behavior and response to therapies, 

making it essential to comprehend their varied elements for effective treatment planning. The 

mixed-type components could be from one category or several categories 

(https://training.seer.cancer.gov/disease/categories/classification.html). Some examples are (i) 

Adenosquamous carcinoma, (ii) Mixed mesodermal tumor, (iii) Carcinosarcoma, (iv) 

Teratocarcinoma, etc. 

1.3. Risk factors  

The increasing rate of cancer is thought to be influenced by a number of risk factors, such as 

internal risk factors and external risk factors for both men and women including tobacco 

smoking, infectious agents, alcohol drinking, dietary factors, obesity or overweight, physical 

inactivity, occupation, UV radiation, pollution, exogenous hormones, eating habits, and genetic 

mutation (Collatuzzo and Boffetta, 2023). These risk factors may either directly or indirectly 

encourage the growth of cancer. Controlling these kinds of internal and external influences, 
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however, can help to prevent cancer. Therefore, for a preventive intervention to have a 

significant impact on the treatment of cancer, exposure to the carcinogen must occur frequently. 

Additionally, for a cancer screening program, the time between avoiding exposure and the 

result is essential since it allows for potential therapeutic actions and gives a chance for 

monitoring. The development of targeted protocols, the identification of the subgroups of 

people who would benefit most from the preventive intervention, and preventative suggestions 

are all aided by detailed information on changes in other risk or protective factors. Thus, a 

desirable goal in modern cancer research is to have a better knowledge of how many elements 

that are related to cancer interact. 

More than 25% of known chemical processes, which enzymes in living cells catalyze, include 

oxidation. This is frequently performed through the transfer of electrons or hydrogen atoms 

from one molecule to another. These kinds of metabolic reactions are the main source of energy 

for biological functions (Khan et al., 2010). Although oxygen is necessary for the majority of 

complex life on the Earth to exist, it is a highly reactive molecule that harms living things by 

producing reactive oxygen species like hydrogen peroxide (H2O2), hypochlorous acid (HOCl), 

and free radicals like the hydroxyl radical (OH), superoxide anion (O2
-), and lipid peroxides 

(Valko et al., 2007). However, the chemical forms of oxygen have the ability to directly or 

indirectly harm proteins, lipids, and nucleic acids both temporarily and permanently. These 

biological macromolecules' oxidative damage is linked to the development of a number of 

illnesses, including cancer (Mayne, 2003; Bagchi and Puri, 1998). Therefore, the body 

maintains intricate networks of enzymes like catalase (CAT), superoxide dismutase (SOD), 

glutathione peroxidase (GPx), glutathione reductase (GR), and glutathione-S-transferase in 

order to protect itself (GST) (Bagchi and Puri, 1998). Henceforth, these parts or enzymes 

participate in a variety of metabolic processes to stop dangerous oxidative damage. 

Undoubtedly, a person's vulnerability to DNA damage and risk of developing cancer is 

associated with the genetic polymorphisms of these enzymes and the various degrees of their 

production. According to some recent studies, several enzymes, including asparaginase, 

arginine deiminase, arginase, methionine, lysine oxidase, phenylalanine ammonia lyase, and 

glutaminase, have been reported for the treatment of cancer (Wang et al, 2021).  

1.4. Signs and symptoms 

Analysis of serum tumor markers (TMs) is primarily recommended for patients being 

monitored for certain forms of cancer (Sturgeon et al., 2008). Tumor markers' sensitivity is 

typically poor in patients with confined tumors, whereas high TM concentrations are typically 
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found in individuals with bulky tumors or metastases (Molina et al., 2005; Duffy et al., 2010; 

Trapé et al., 2012; Duffy et al., 2007; Mattar et al., 2002). Many cancer patients who seek 

medical attention don't exhibit any particular symptoms or indicators. Moreover, a significant 

number of tests may be necessary for differential diagnosis with other illnesses (Pavlidis et al., 

2003). In addition, the tests may be challenging to administer and interpret in some underlying 

illnesses, such as liver disease, kidney failure, or chronic obstructive pulmonary disease 

(COPD). It is interesting to note that, the patient has an underlying disease like liver disease or 

renal failure, which can also cause high serum TM concentrations in the absence of tumors, or 

when they have other disorders like pneumonia, diverticulitis, cholelithiasis, etc., the 

differential diagnosis of cancer is made (Trapé et al., 2011). Additionally, the serum TM 

concentrations were higher in those who finally had tumors diagnosed among the individuals 

with signs or symptoms suggesting malignancy. Since this diagnosis was severe, the specificity 

was set to 100 percent. With a sensitivity of 46.6 percent, a positive predictive value of above 

99 percent, and a negative predictive value of 70.4 percent, the cut-off points for TMs obtained 

were therefore high across the board. These findings imply that patients who test positive have 

a very high risk of presenting with a confirmed cancer diagnosis. Significantly different cut-

off points for TMs were found after subclassifying patients into two groups based on their 

bilirubin and creatinine levels (Trapé et al., 2015). 

1.5. Early detection 

Early cancer detection leads to more successful therapy and significantly higher survival rates. 

However, only about 50% of tumors are still found after they are already advanced. Improved 

early cancer detection may significantly improve survival rates. Recent improvements in early 

detection have undoubtedly saved lives, but more advancements and development of early 

cancer detection techniques are required. Due to improvements in biological understanding and 

a faster speed of technology advancement, the subject is evolving quickly (Crosby et al., 2022). 

Both healthy and high-risk groups can benefit from screening because it can help find cancer 

early when there is a greater chance that it can be treated and cured. Nonetheless, some cancer 

types currently have a clear function for screening, but each screening test has drawbacks, and 

better screening techniques are urgently required. Unfortunately, there are currently ineffective 

screening guidelines for many malignancies, or the benefits of screening are sometimes 

insignificant when compared to the risk of harm (Schiffman et al., 2015). The possibility of 

overdiagnosis is still a major worry in screening because it is possible to find lesions with no 

clinical significance and force the clinician and patient to make challenging treatment choices. 
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Patients may experience morbidity from a course of treatment that might not actually be 

beneficial if treatment is pursued after an overdiagnosis.  

1.6. Treatment option 

The present strategy for treating cancer is still reductionist, despite significant advancements. 

Single molecular aberrations or cancer pathways have been the focus of effective treatment 

therapies that have only slightly impacted some malignancies' survival rates. The "magic 

bullet" approach of using a single medicine to target a specific characteristic or route, however, 

is unlikely to result in the cure of cancer (Zugazagoitia et al., 2016). There are a number of 

cancer treatment options. Also, the type of cancer and its stage will determine the types of 

treatment.  Some cancer patients will only receive one treatment. However, the majority of 

patients have a mix of therapies, including surgery, chemotherapy, and radiation therapy. 

Depending on the various treatment preferences the treatment options for cancer can be 

categorized into two broad groups such as (i) local therapy and (ii) systemic therapy.  

1.6.1. Local therapy 

There are numerous methods and medications for treating cancer, and many more are being 

researched. Some treatments are performed "locally," like surgery and radiation therapy, to treat 

a particular tumor or region of the body. 

1.6.1.1. Surgery 

In order to treat their cancer, about 60% of patients will have surgery of some kind. Surgery is 

the sole treatment necessary in some circumstances. As part of a comprehensive treatment 

strategy, it may also be used with radiation therapy or chemotherapy. Moreover, cancer is 

frequently taken out of the body during surgery and removed. For cancers that aren't advanced 

and haven't spread to other parts of the body, surgery is typically a good option. Depending on 

the sort of cancer you have, there are numerous surgical options. Additionally, there are various 

cancer surgeries such as curative surgery, reconstructive surgery, preventive surgery, staging 

surgery, palliative surgery, etc (Lange et al., 2009; Hanasono, 2014; Scheuer et al., 2002; 

Coburn et al., 2018; Hope and Pothuri, 2013). 

1.6.1.2. Radiotherapy 

About half of all cancer patients receive radiation therapy at some point during their illness, 

and it accounts for 40% of all curative cancer treatments. Radiation therapy is still a crucial 

part of cancer treatment. Radiation therapy's primary objective is to deprive cancer cells of 
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their capacity for cell division and proliferation (Baskar et al., 2012). Moreover, radiation 

creates ions (electrically charged particles) and deposits energy in the cells of the tissues it 

passes through, the radiation employed is known as ionizing radiation. This accumulated 

energy has the power to kill cancer cells by damaging the genetic materials (DNA) or damaging 

them by changing their genetic makeup (Jackson and Bartek, 2009). 

1.6.2. Systemic therapy  

Because they can have an impact on the entire body, drug therapies (such as biological therapy, 

chemotherapy, or hormone therapy) are frequently referred to as "systemic" treatments. 

1.6.2.1. Biological therapy 

Biological cancer therapy uses synthetic or naturally occurring chemicals created by the body 

or in the laboratory for cancer treatment. These treatments either support the immune system's 

defense against cancer or target the disease directly. These types of cancer therapy include the 

use of monoclonal antibodies, adoptive cell transfer, gene therapy, oncolytic viruses, cytokine 

therapy, cancer vaccines, immunoconjugates, along with different targeted therapies (Papież 

and Krzyściak, 2021). Moreover, the use of biological therapies for cancer treatment is 

currently on the rise and is a perfect fit for the new field of precision oncology, which uses the 

results of next-generation sequencing (NGS) techniques to identify novel, uncommon 

mutations in cancer cells in order to customize treatment for a particular patient (Han et al., 

2020). 

1.6.2.2. Chemotherapy 

Chemotherapy works to stop tumor growth and cell division, which prevents invasion and 

metastasis. However, because chemotherapy also has an impact on normal cells, this leads to 

hazardous side effects. Tumor growth can be slowed down at various levels both inside the cell 

and in its surroundings. By interfering with the production of DNA, RNA, or proteins or by 

impairing the proper operation of the preformed molecule, traditional chemotherapeutic drugs 

largely disrupt the macromolecular synthesis and function of malignant cells (Amjad et al., 

2023).  Combination chemotherapy is frequently used to get sufficient results. They seem to 

promote cytotoxicity in resting and dividing cells, which appears to stop the emergence of 

resistant clones (Baserga, 1981). Additionally, chemotherapy is possible in neoadjuvant, 

adjuvant, combination, and metastatic settings. A treatment administered before the main 

therapy is called neoadjuvant therapy. Also, adjuvant therapy, which is a form of secondary 

treatment used in conjunction with primary therapy, has the ability to slow or stop the growth 
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of occult cancer cells. Breast, lung, colorectal, and ovarian cancer adjuvant therapy is 

increasingly the norm. Before surgery or other curative treatments for malignancies of the head 

and neck, lung, or anal, combined therapies like chemotherapy and radiation are utilized to 

reduce the tumor (Amjad et al., 2023). 

1.6.2.3. Hormone therapy 

Hormone treatment has recently been employed more frequently for the treatment of cancer 

like breast, prostate gland, uterus, lymphatic, and hematopoietic cancer. Importantly, patients 

having neoplastic diseases who choose to receive hormone therapy must take medications that 

block the biological function of certain hormones or lower their levels in the body in order to 

stop or slow the spread of the disease (Mitra et al., 2022). Furthermore, inhibiting hormone 

production or preventing hormones from increasing the number and division of cancer cells 

are two ways that hormone therapy works to treat cancer. In recent years, there has been a 

tremendous advancement in the treatment of individuals with gynecological cancers (Chaudhry 

and Asselin, 2009; Mitra et al., 2022). 

1.6.2.4. Targetted therapy 

One another kind of cancer treatment is called targeted therapy. Drugs are used to specifically 

target the genes and proteins that support the growth and survival of cancer cells. Moreover, 

the tissue environment in which cancer cells grow can be changed by targeted therapy, or it can 

focus on cells like blood cells that are associated with cancer growth (Tsimberidou, 2015). 

There are most common targeted therapies for the treatment of cancer such as antibody-targeted 

therapy (monoclonal antibody), targeted therapy by small molecules, ligand-targeted therapy, 

etc (Wu et al., 2006). 

1.7. MMPs and their classification 

Matrix metalloproteinases (MMPs) are zinc-dependent endopeptidases. These are responsible 

for the degradation of the extracellular matrix (ECM). There are several enzymes, that are 

involved in ECM remodeling, but the MMPs have a major role in it (Bonnans et al., 2014). 

Numerous physiological processes, including tissue repair, morphogenesis, development, 

tissue homeostasis, etc, depend on tissue remodeling. It could be a component of several 

clinical disorders, neurological diseases, arthritis, cardiovascular diseases along with cancer. 

Interestingly, by modulating ECM, MMPs are involved in growth factor availability and play 

an extensive role in the functioning of cell surface signaling systems such that way MMPs 

influence proliferation, migration, and cell death (Djuric and Zivkovic, 2017). In general, all 
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the MMPs are secreted as inactive forms. However, one of the main methods for activating 

MMP is the "cysteine switch" process, in which the thiol group is left unpaired and the cysteine 

is switched out for a water molecule (Van Wart and Birkedal-Hansen, 1990). Additionally, it 

permits pro-peptide hydroxylation of partially activated MMPs in this stepwise activation 

pathway. All the MMPs are activated intercellularly other than MT-MMPs, MMP-11, -23, and 

-28 (Djuric and Zivkovic, 2017).  There are 26 different types of MMPs had been reported to 

this date, and sequence homology along with the biological effects have been reported (Mondal 

et al., 2020).  

MMPs are classified into six different classes (Table 1.1) based on their substrate specificity 

i.e., (i) collagenase, (ii) gelatinases, (iii) stromelysins, (iv) matrilysins, (v) membrane type (MT-

MMP), and (vi) Others MMPs.  MMPs play significant roles in the tumor development and 

invasion of inflammatory cells (Abbas et al., 2015). Additionally, the major number of MMPs 

are responsible for the different types of disease (Table 1.1). 

Table 1.1. Classification of MMPs along with their substrate and associated diseases 

Subfamily/Class MMPs Substrate Related Disease References 

Collagenases 

MMP-1 
CT I-III,VII-VIII, X, 

aggrecan, gelatin and MMP-
2, -9 

Cancer, RA (Hu et al., 2007; 
Arakaki et al., 2009)  

MMP-8 
CT I-III, V, VII-VIII, X, 

laminin, gelatine, fibronectin, 
aggrecan and elastin 

Periodontitis, 
Cancer, RA, 

Asthma 

(Hu et al., 2007; Ala-
aho  and Kähäri, 

2005; Romero et al., 
2013)  

MMP-13 
CT I-IV, aggrecan, gelatin 

and MMP-9 

Cancer, IBD, 
Osteoarthritis, 
RA, Obesity 

(Hu et al., 2007; Ala-
aho  and Kähäri, 
2005; Rath et al., 
2006; Shih  and 

Ajuwon, 2015; Li, 
2017) 

MMP-18 Unknown -- -- 

Gelatinases 

MMP-2 

CT I-V, VII, X-XI, XIV, 
aggrecan, gelatine, 

fibronectin, laminin, elastin, 
and MMP-9, -13 

Cancer, CVD, 
Asthma, HF 

(Hu et al., 2007; 
Overall and López-

Otín, 2002)  

MMP-9 
CTIV-V, VII, X, XIV; elastin; 

fibronectin; aggrecan and 
gelatin 

Cancer, Asthma, 
RA, IBD, HF, 
Liver fibrosis 

(Hu et al., 2007; 
Kurzepa et al., 2014; 

Radosinska et al., 
2017; Siloşi et al., 

2014; Huang, 2018)  

Stromelysins MMP-3 
CT II-IV, IX-XI; elastin; 
aggrecan; fibronectin; 

Atherosclerosis, 
CAD, IBD, 

Periodontitis 

(Hu et al., 2007; 
Romero et al., 2013; 
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laminin; gelatin and MMP-1,-
7,-8,-9,-13 

Siloşi et al., 2014; 
Beton et al., 2016) 

MMP-10 
CT III-V; fibronectin; 

laminin; aggrecan; gelatin; 
elastin and MMP-1,-8 

COPD, 
Atherothrombosis 

 

(Gharib et al., 2018; 
Rodriguez et al., 

2008) 

MMP-11 
Fibronectin; a-1 antitrypsin; 

laminin and aggrecan 
Ovarian Cancer, 

OSCC 
(Périgny et al., 2008; 

Hsin et al., 2014) 
MMP-27 Unknown -- -- 

Matrilysins 
MMP-7 

CT IV, X, elastin; fibronectin, 
aggrecan, laminin; gelatin 

and MMP-1, -2, -9 

Cancer, IBD, 
Lung fibrosis 

(Hu et al., 2007; 
Rath et al., 2006; 

Overall and López-
Otín, 2002) 

MMP-26 pro-MMP-9 
Periodontitis, 
Colon cancer 

(Emingil et al., 2006; 
Bister et al., 2004) 

Membrane type 
(MT-MMP) 

MMP-14 
CT I-III; elastin; aggrecan; 
fibronectin; laminin; gelatin 

and MMP-2,-13 
Cancer, ARF 

(Solovyeva et al., 
2015; Covington et 

al., 2006) 

MMP-15 
Gelatin; laminin; fibronectin 

and MMP-2 
Ovarian Cancer (Lin et al., 2013) 

MMP-16 MMP-2 -- -- 
MMP-17 Unknown -- -- 

MMP-24 Pro-MMP-2,-9, and gelatine Arthritis, AD 
(Sugimoto et al., 

2020) 

MMP-25 
CT IV; fibrin; fibronectin; 

and gelatine 
Periodontitis, 

COPD 

(Emingil et al., 2006; 
Blumenthal et al., 

2010) 

Others MMPs 

MMP-12 

CT IV; casein; elastin; 
gelatin; fibronectin; fibrin 
fibrinogen; vitronectin and 

plasminogen 

COPD, 
Neurological 

diseases 

(Hu et al., 2007; 
Chelluboina et al., 

2018) 

MMP-19 Type-I collagen Colon Cancer (Bister et al., 2004) 

MMP-20 
Aggrecan; gelatin; 

amelogenin (dentine) and 
COMP 

RA (Konttinen et al., 
1999) 

MMP-21 Not determined Cancer (Boyd et al., 2009) 
MMP-22 Casein and gelatin CHD (Jin et al., 2017)  
MMP-23 Not determined Melanoma (Moogk et al., 2014) 
MMP-28 Casein Colon Cancer (Bister et al., 2004) 
MMP-29 Not determined CHD (Jin et al., 2017) 

RA = Rheumatoid arthritis, IBD = Inflammatory bowel disease, CVD = Cardiovascular 
diseases, HF = Heart failure, COPD = Chronic obstructive pulmonary disease, CAD = 
Coronary artery disease, OSCC = Oral Squamous Cell Carcinoma, ARF = Acute renal failure, 
AD = Alzheimer’s disease, CHD = Coronary heart disease, CT = Collagen type. 

1.8. General structure of MMPs 

MMPs are made up entirely of a single peptide. MMPs are functionally different, despite their 

structural similarity. There are four primary domains in MMPs such as (i) signal peptide 
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domain, (ii) pro-peptide domain, (iii) catalytic domain, and (iv) hemopexin domain (Figure 
1.6). The one peptide domain (17–29 amino acids), which dissociated from the N-terminal 

amino acids (except from MMP–23), is responsible for its release from the cells. Moreover, a 

transmembrane domain binds the majority of MMPs to the cell surface (excluding MT-MMPs) 

(Baidya et al., 2021). Until or unless the enzyme is activated, the pro-peptide domain, which 

has 80 amino acids, inhibits the catalytic area. This area contains residues of cysteine. The 

catalytic domain contains 170 amino acids in total. Along with the calcium ion, this domain 

also contains the zinc-binding motif HEXXHXXGXXH, which is in charge of preserving the 

three-dimensional MMP structure for stability and enzyme function (Djuric and Zivkovic, 

2017). Hemopexin-like domains the hinge region, and the fibronectin (FN) domain are also 

present in the MMP structure (Figure 1.6). 

 

Figure 1.6. Representation of different structural domains of the MMP family members. 
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Moreover, For the creation of more potent and selective MMPIs, the X-ray crystal structure of 

gelatinases with their inhibitors provided data on the structure-activity relationship (SAR) 

(Figure 1.7). It has been revealed that the complex hydroxamic acid-based inhibitor (SC-

74020) has the 3D crystal structure of MMP-2 (PDB: 1HOV) (Feng et al., 2002). By forming 

a hydrogen bond connection with the amide protons and sulfonyl oxygen atom, the inhibitor 

SC-74020 attaches to the enzyme. The large hydrophobic portion is inserted into the substantial 

S1′ pocket. Again, another group of researchers provided information about the broad-spectrum 

hydroxamate-based inhibitor (CC27) crystal structure in combination with the MMP-

9 catalytic region (PDB: 4H3X) (Antoni et al., 2013). 

 

Figure 1.7. (A) Structure of different domain of MMP-2 enzyme and binding site (PDB: 

1HOV) of MMP-2 enzyme; Structure-based hydrophobic contour at the (B) MMP-2 binding 

site (PDB: 3AYU) and (C) MMP-9 binding site (PDB: 4WZV), mapped with inhibitor (shown 

in Ball and stick). Catalytic amino acid residues are shown in stick and the catalytic zinc ion is 

shown in yellow ball. 
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Another group of workers validated the binding mode of the MMP-9 complex with the two 

distinct inhibitors (Nuti et al., 2015). The catalytic domain of MMP-9 is complexed with the 

hydroxamate-based inhibitors APR101 and EN140 in both crystal structures (PDB: 4XCT and 

4WZV). Moreover, another group of researchers revealed the crystal structure of another 

hydroxamate-based inhibitor, LT4 and MMP-9 complex (PDB: 5CUH) (Camodeca et al., 

2016). The asymmetric structure is made up of the catalytic domain of MMP-9 without the 

repetition of FN-II. Three α-helices, a twisted five-strand β-sheet, eight intervening loops, and 

a deep S1′ pocket where the inhibitor LT4 is attached are all present in this conformation of the 

domain. The catalytic domains of gelatinases are homologous with hydrophobic subsites, and 

the S1′ site is medium in size when taken collectively. Recently, the Dept. of Pharm Tech, 

Jadavpur University, provided an explanation for the variation in the S1′ pocket among 

medium-size pocket MMPs, which offers information for the development of MMP inhibitors 

(Baidya et al., 2022).  

1.9. Biochemistry of MMPs 

The cellular conditions necessary for development and morphogenesis are created by 

extracellular matrix (ECM) macromolecules. Moreover, proteinases known as MMPs, also 

known as matrixins, are involved in the breakdown of ECM (Kwon, 2023). The transcription 

of MMPs, activation of the precursor zymogens, interaction with particular ECM components, 

and inhibition by endogenous inhibitors are all tightly regulated under normal physiological 

conditions (Sternlicht and Werb, 2001). Therefore, diseases like arthritis, cancer, 

atherosclerosis, aneurysms, nephritis, tissue ulcers, and fibrosis may be brought on by a loss of 

activity control (Visse and Nagase, 2003; Kwon, 2023). Tissue inhibitors of metalloproteinases 

(TIMPs) are particular matrixins inhibitors that help to regulate the local MMP activity in 

tissues (Visse and Nagase, 2003). Additionally, it has been reported that MMPs with medium-

sized S1′ pockets, such as MMP-2, MMP-8, MMP-9, MMP-12, and MMP-14, are involved in 

modifying a number of disease states, including malignancies, cardiovascular illnesses, 

neurological disorders, inflammatory diseases, and viral infections (Baidya et al., 2022). 

Nevertheless, not only medium-sized S1′ pockets MMPs, but also all different classes of MMPs 

like collagenases, stromelysin, matrilysins, membrane-type MMPs, and other types of MMPs 

are associated with the various types of diseases (Figure 1.8). 
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Figure 1.8. The implication of all different classes of MMPs consisting of various disease 

conditions. 

Moreover, MMPs can be triggered by proteinases or chemical triggers like oxidized 

glutathione, SDS chaotropic compounds, reactive oxygens, and thiol-modifying agents (4-

aminophenylmercuric acetate, HgCl2, and N-ethylmaleimide). Additionally, activation may 

result from heat treatment and low pH. The disruption of the cysteine-zinc connection of the 

cysteine switch is most likely how these substances function (Nagase, 1997). MMPs that have 

been activated can take part in processing other MMPs. Given that TIMPs may obstruct 

activation by engaging with the intermediate MMP before it is fully activated, the stepwise 

activation system may have evolved to accommodate finer regulatory mechanisms to control 

destructive enzymes (Visse and Nagase, 2003). 

The elimination of ECM during tissue resorption is regarded to be one of MMPs' main 

functions. In addition to serving as an extracellular structure, the ECM also stores 

physiologically active chemicals like growth factors (Sternlicht and Werb, 2001). On 

proteolysis, several ECM components can display cryptic biological roles. As a result, MMP 
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destruction of ECM components can change the phenotype and behavior of cells. For example, 

the activation of osteoclasts, keratinocyte migration during re-epithelialization, and epithelial 

cell death prior to the start of labor are all linked to the degradation of type I collagen by 

collagenase. The cleavage sites of protein substrates or a variety of synthetic peptide substrates 

have both been used to study the substrate specificities of MMPs. The S1′ specificity pocket, 

whose size and shape varied significantly among MMPs, can fit the hydrophobic residues 

(Bode et al., 1999, Baidya et al., 2022). In addition, the substrate selectivity of the enzyme is 

also influenced by other substrate interaction sites (subsites) besides the S1′ pocket. 

1.10. Expression of MMPs 

Growth factors and cytokines released by both tumor or stromal cells and tumor-infiltrating 

inflammatory cells control the production of MMPs in tumors in a paracrine way. Research 

suggests that during the invasion process, tumor cells, stromal cells, and inflammatory cells 

continuously interact with one another (Westermarck and Kähäri, 1999). As a result, substances 

produced by tumor cells that boost the expression of a number of MMPs in stromal cells have 

been isolated. One of these elements, called EMMPRIN, was first discovered in the cell 

membrane of LX-1 carcinoma cells and has been demonstrated to cause fibroblasts to express 

MMP-1, MMP-3, and MMP-2 (Zhao et al., 2013). Aside from destroying ECM components, 

MMPs, and TIMPs may also control the availability and activity of inflammatory cytokines at 

the site of the tumor invasion due to their capacity to degrade and inactivate interleukin-1β (IL-

1β), cleave the precursor of tumor necrosis factor α (TNF-α) into a biologically active form, 

and inhibit TNF-α activation (Ito et al., 1996). 

Different malignant tumors have high levels of expression for both MMP-2 and MMP-9 (Li et 

al., 2017). Additionally, breast, colon, and stomach adenocarcinomas have an increased 

abundance of the immunoreactive enzyme at the neoplastic epithelium, according to an 

immunohistochemistry study of the expression of MMP-2. However, in situ hybridizations 

demonstrate an increase in MMP-2 mRNA mostly in the stromal component of tumors, in 

contrast to the immunohistochemistry data. Discoveries that the MMP-2 interacts with cell 

membrane-associated MT1-MMP to bind to the cell surface of malignant cells may help to 

explain this discrepancy (Westermarck and Kähäri, 1999). Additionally, through the aVβ3 

integrin, active MMP-2 attaches to the cell surface of invasive melanoma and endothelial cells 

(Jiao et al., 2012). Findings suggest that MT1-MMP binds to and activates MMP-2 at the cell 

surface of fibroblasts, as both MMP-2 and MT1-MMP mRNAs are expressed by stromal 

fibroblasts of human vulvar, breast, lung, and head and neck carcinomas. In SCCs, MMP-13, 
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which may in turn be activated by MT1-MMP, can also activate MMP-2 and MMP-9 

(Westermarck and Kähäri, 1999). They significantly increase in vivo cell surface localized 

proteolytic activity and suggest that selective inhibition of one MMP may be sufficient to 

prevent activation cascades and ECM degradation during tumor invasion. These types of 

activation cascades may be necessary to ensure cooperation between tumor and stromal cells. 

1.11. MMPs in cancer and leukemia 

MMP has crucial functions in the development of cancer. The advancement of cancer goes 

through various stages, including the development of the tumor and the multi-step processes 

of invasion, metastasis, and angiogenesis, all of which can be influenced by MMPs. MMPs are 

expressed in the tumor microenvironment in conjunction with nearby stromal cells as well as 

cancer cells (Gialeli et al., 2011). Nonetheless, angiogenesis, tumor cell invasion, and 

metastasis are made easier by MMPs' proteolytic action, which breaks down the physical 

barriers. The enhanced accessibility of signaling molecules, such as growth factors and 

cytokines, to cancer cells and the tumor microenvironment, is made possible by MMPs. This 

is also essential for tumor growth and angiogenesis. In order to do this, either IGF, bFGF, and 

VEGF are released from the ECM or the cell sheds them (Gialeli et al., 2011).  

Due to their potential to function as both positive and negative regulators of angiogenesis 

depending on the time point of expression during tumor angiogenesis and vasculogenesis as 

well as the availability of the substrates, MMPs exhibit a dual role in tumor vasculature. MMP-

2, -9, and MMP-14 are the main MMP family members involved in tumor angiogenesis, with 

MMP-1 and -7 playing a less significant role (Rundhaug, 2003).  Furthermore, new blood 

vessels must develop in order for cancer cells to multiply and begin moving. By degrading the 

ECM, the physical barriers are first removed, which is followed by the production of pro-

angiogenic factors. VEGF, the most potent mediator of tumor vasculature, and basic fibroblast 

growth factor (bFGF) are two important factors in the angiogenic switch, and MMP-9 

contributes to this process by increasing their bioavailability through the degradation of 

extracellular components like collagen type IV, XVIII, and perlecan, respectively (Gialeli et 

al., 2011). 

1.12. Gelatinases (MMP-2 and MMP-9) in cancer and leukemia 

Currently, the focus of cancer research is on determining the underlying functional processes 

of cell transformation, tumor growth, and metastasis (Gonzalez-Avila et al., 2019). However, 

complex molecular changes in cell cycle regulation act as a mediator for cancer metastasis, 

which is the spread of cancer cells from the primary tumor to neighboring tissues and distant 
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organs (Gonzalez-Avila et al., 2019). Epithelial-mesenchymal transition (EMT) is one of the 

primary underlying functional processes of cancer progression, according to newly available 

research (Gonzalez-Avila et al., 2019). EMT enables polarised epithelial cells to go through a 

number of biochemical changes that allow them to adopt a mesenchymal cell phenotype with 

increased invasiveness, motility, and resistance to apoptosis (Kalluri and Weinberg, 2009). 

Also, MMP-2 and MMP-9 participate in biochemical reactions, which cause cancer cells to 

invade and migrate (Gonzalez-Avila et al., 2019; Li et al., 2020; Li and Luo, 2019). 

Angiogenesis is the process by which new blood vessels develop from pre-existing ones. 

Malignant cells need oxygen and nutrients to survive and multiply, and they cluster around 

blood vessels, hence the beginning of tumor angiogenesis is necessary for tumor progression 

(Lugano et al., 2020). In cases of solid tumors, such as malignancies of the breast, lung, gastric, 

hepatic, colorectal, prostate, ovarian, oesophageal, melanoma, thyroid, and head and neck 

cancer, the gelatinolytic action leads to tumor invasion and metastasis. The literature's Pythora 

of data indicated that gelatinases are closely related to solid tumor malignancies. The 

association between gelatinases and hematological cancers has not been well investigated to 

date (Das et al., 2021; Baidya et al., 2021). Despite the fact that over 5,000 gelatinase inhibitors 

had been recorded in the ChEMBL database, only a small portion had been tested against 

leukemia or other hematological malignancies (https://www.ebi.ac.uk/chembl). 

However, some groups of researchers indicated the correlation of gelatinase expression in CML 

cells. Through in silico and in vitro experiments, Veena and coworkers revealed the anti-

leukemic potential of the microbial polyketide 2, 4-diacetyl phloroglucinol (DAPG) (Veena et 

al., 2016). DAPG interacted with proteins associated with metastasis, including MMP-2 and 

MMP-9. Furthermore, Arg 149 of the MMP-2 enzyme interacts with one hydroxyl functional 

group of DAPG at a bond distance of 2.075 Å (PDB: 1HOV). With Thr 143, the carboxyl group 

of DAPG forms a hydrogen bond. However, three hydroxyl groups of DAPG are implicated in 

hydrogen bonding interactions with Leu 188, Ala 189, and Glu 402 the residues of MMP-9 

(PDB: 1GKC). It inhibited the MMP-2 (IC50 = 5.82 ± 1.6 µM) and MMP-9 (IC50 = 6.75 ± 1.2 

µM) in a dose-dependent manner followed by NF-κB (IC50 = 10.82 ± 1.5 µM). In addition to 

inhibiting MMP-2, MMP-9, and NF-B, DAPG also inhibits the Bcl-2 protein family's 

antiapoptotic members and causes leukemic cells to undergo apoptosis. Additionally, DAPG 

also inhibited human cancer cell lines such as A549 (IC50 = 0.06 ± 0.02 µM), MDA MB-231 

(IC50 = 0.08 ± 0.01 µM), K562 (7.67 ± 0.73 µM), Raji (IC50 = 10.72 ± 0.92 µM) and HL-60 

(IC50 = 16.31 ± 1.82) in a dose-dependent manner.  
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Amsacrine [4-(9-acridinylamino)-N-(methanesulfonyl)-m-anisidine hydrochloride] reduces 

the amount of MMP-2/MMP-9 protein expression and mRNA level in U937, Jurkat, HL-60, 

K562, KU812, and MEG-01 cells lines (Liu  et al., 2013). Results from Liu and coworkers 

reported that amsacrine (m-AMSA) may have an anti-leukemic impact by decreasing the 

expression of MMP-2/MMP-9 in leukemic cells (Liu et al., 2013). Amsacrine also decreased 

the activity of the MMP-2/MMP-9 promoter luciferase in leukemia cells. The molecular 

mechanism of CIL-102-induced MMP-2/MMP-9 down-regulation in human leukemia K562 

cells was better understood as a result of additional work by the group of scientists (Liu et al., 

2012). Moreover, in K562 cells, ROS production caused by CIL-102 promoted ERK 

inactivation, which resulted in the reduction of MMP-2/MMP-9 gene transcriptional activity. 

Additionally, p38 MAPK/JNK activation caused by CIL-102-induced ROS production caused 

PP2Acα up-regulation and consequently TTP breakdown. When TTP was downregulated, 

KSRP protein complexes containing TTP were formed, which aided in the MMP-2/MMP-9 

mRNA degradation process. Together, MMP-2/MMP-9 genetic transcription and mRNA 

stability were markedly inhibited by CIL-102, which ultimately prevented K562 cells from 

migrating and invading other cells. 

Doxycycline significantly affected the migration of AML (KG1a) and CML (K562) cells, 

according to Wang et al (Wang et al., 2015). These findings suggested that doxycycline-induced 

leukemic cell migration may benefit from the inhibition of MMP-2/-9 and the expression and 

phosphorylation of FAK. Data suggested that MMP-2/MMP-9 expression may be reduced by 

m-AMSA to improve leukemia treatment. Furthermore, MMP-2/MMP-9 expression has been 

linked to the pathophysiology of leukemia (Bruchova et al., 2002; Lin et al., 2002; Kaneta et 

al., 2003; Baran et al., 2007; Paupert et al., 2008). 

1.13. MMP-2 Crystal structure 

MMP-2 enzyme has so far had 11 different structures determined by nuclear magnetic 

resonance (NMR), solution structures, and X-ray diffraction (XRD) structures (although high 

resolution). The different structures of MMP-2 are summarised in Table 1.2. Only a few of 

these structures have been primarily used in docking and molecular dynamics simulation-based 

studies for the exploration of potential newer drug interactions as well as for finding novel 

compound or substructural features. Although, these structures may provide an in-depth 

knowledge of the overall protein structure of MMP-2 as well as their roles in the protein 

function. 

 



Chapter 1: Introduction  
 

Page | 27  
 

Table 1.2. Details of the crystal structures of MMP-2 (https://www.rcsb.org/). 

Sl no 
PDB 
ID 

Type Structure Resolution 
Sequence 

length 

Substrate/
Inhibitor 

Year 

1 1RTG X-Ray 
C-terminal 

domain 
2.60 210 -- 1996 

2 1GEN X-Ray 
C-terminal 

domain 
2.15 218 -- 1996 

3 1CK7 X-Ray Full length 2.80 631 -- 1999 

4 1QIB X-Ray 
Catalytic 
domain 

2.80 161 -- 1999 

5 1CXW 
Solution 

NMR 

Fibronectin 
Type II 
Module 

-- 60 -- 1999 

6 1HOV 
Solution 

NMR 
Haemopexin-
like domain 

-- 163 SC-74020 2001 

7 1J7M 
Solution 

NMR 

Fibronectin 
Type II 
Module 

-- 72 -- 2001 

8 1EAK X-Ray 
Catalytic 
domain 

2.66 421 -- 2001 

9 1KS0 
Solution 

NMR 

Fibronectin 
Type II 
Module 

-- 63 -- 2002 

10 1GXD X-Ray -- 3.10 631 -- 2002 

11 3AYU X-Ray 
Active site 

mutant 2.00 167 
Decapepti

de 
inhibitor 

2011 

1.14. MMP-2 inhibitors 

MMP-2, a member of the gelatinase subfamily and one of the most important targets for cancer, 

has been discovered among the several MMP subtypes, whereas MMP-9 has been linked as an 

anti-target in the advanced stages of cancer (Adhikari et al., 2017A; Overall and Kleifeld, 

2006). 

1.15. Classification of MMP-2 inhibitors 

A number of molecules have been designed and tested as effective MMP-2 inhibitors, but most 

of the compounds have shown adverse effects as well as failed in cytotoxic studies. However, 

these molecules can be categorized based on their structure into two broad sections, such as (i) 

hydroxamate-based inhibitors, and (ii) non-hydroxamate-based inhibitors. Furthermore, non-

hydroxamate-based inhibitors can be classified into five different segments such as carboxylic 

acid-based inhibitors, phosphonate-based inhibitors, pyrimidine-2,4,6-triones based inhibitors, 

n-hydroxyformamides-based inhibitors and thiols and mercaptosulfide-based inhibitors. 
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1.16. Clinical studies 

A number of MMPIs have been designed and developed based on the zinc ion and substrate 

binding pocket analysis. MMPIs can be classified as hydroxamates, carboxylates, sulfhydryls, 

amino carboxylates, and phosphoric acid-based derivatives depending on whether a zinc-

binding group is present (Baidya et al., 2021). For the clinical development of MMPIs, 

hydroxamates are used because of their strong zinc-binding properties. Through hydrogen 

bonds, the hydroxamates' NH and OH groups can join with the Glu and Ala residues, 

respectively (Mondal et al., 2020). MMP inhibitory activity of the clinical trial compounds is 

depicted in Table 1.3. 

Table 1.3. MMP inhibitory activity of the clinical trial compounds (Baidya et al., 2022) 
Name MMP-1 MMP-2 MMP-3 MMP-7 MMP-8 MMP-9 MMP-12 MMP-13 MMP-14 

Batimastat 3 4 20 6 10 1  1 3 
Prinomastat 8.3 0.05 0.3 54 - 0.26 - 0.03 0.33 
Marimastat 5 6 200 20 2 3 < 5 0.74 1.8 

BB1101 10 (8) 5 (4) 30 (30) 30 (60) 3 (3) 3 (3) - (5) - (7) - (10) 
CGS-27023A 33 (33) 11 (20) 13 (43) - - (1.9) 8 (8) 7.7 6 - 

Illomastat 
 (GM 6001) 1.5 (0.4) 1.1 (0.39) 1.9 (27) - - (0.18) 0.5 (0.2) - - 13.4 

Doxycycline > 4,00,000 56,000 32,000 28,000 
26,000-
50,000 

- - 20,000-
50,000 

- 

Minocycline -- -- 2,90,000 1,25,000 -- 1,80,000 -- -- -- 
Tanomastat/ 
BAY 12-9566 

(>5000) (11) (134) - - (301) - (1,47,000) - 

Rebimastat/
BMS 275291 

25 41 157 - - 25 - 4 - 

Solimastat/B
B-3644 

10 80 30 5 - 70 - - - 

RO-32-3555 (3) (154) (527) - (4) (59) - (3) - 
RS-130830 (590) (0.22) (9.3) (1200) - (0.58) - (0.52) - 

The respective Ki values are provided in the first bracket wherever the data is available.  

1.17. Classification of different types of MMPIs in clinical trials  

MMPIs can be categorized into four pharmacologic categories, such as (i) collagen 

peptidomimetics, (ii) non-peptidomimetics, (iii) bisphosphonates & bisphosphonate esters, and 

(iv) tetracycline derivatives. MMP-mediated clinical conditions have been treated using 

chemically diverse ZBGs and peptidomimetic or non-peptidomimetic scaffolds with a variety 

of synthesized MMPIs (Li and Wu, 2010). 

1.17.1. Collagen peptidomimetics 

The earliest generation of MMPIs with a hydroxamic moiety is collagen peptidomimetics. The 

peptidomimetic inhibitors include Ilomastat (GM-6001), Batimastat (BB-94), and Marimastat 

(BB-2516), (Krüger et al., 2010; Vandenbroucke et al., 2011; Whittaker et al., 1999). Batimastat 

(BB-94), is a peptide analog based on hydroxamate having a low molecular weight (Figure 
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1.9). British Biotech created this initially for patients with cancer in clinical trials (Wang et al., 

1994; Sledge et al., 1995). 

 

Figure 1.9. Structures of MMPIs evaluated in clinical trials. 

It has very promising results against animal tumor models, tumor development, angiogenesis, 

and metastasis. Additionally, when combined with captopril and docetaxel, batimastat 

demonstrated antiproliferative, anti-angiogenic, and pro-apoptotic effects (Hidalgo and 

Eckhardt, 2001). However, due to weak solubility and undesirable effects, further development 

was put on hold years ago (Macaulay et al., 1999).  

Additionally, British Biotech created marimastat (BB-2516, Figure 1.9). This extensive range 

of MMPIs participated in pre-clinical research and successfully completed Phase I, II, and some 

Phase III trials for various tumor development and metastasis (Thomas and Steward, 2000). 

Marimastat water solubility was made easier by the inclusion of tert-butyl and hydroxyl groups 

(Whittaker et al., 1999). However, in phase II clinical research, just 5% of patients with various 

cancer kinds responded (Nelson et al., 2000). Marimastat manifested several adverse side 

effects, including GI-tract toxicity, inflammation, weight loss, fibrosis, necrosis tissue, and 
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bleeding.(Wojtowicz-Praga et al., 1997).  Ultimately, this molecule's performance in that study 

did not improve, which resulted in the discontinuation of additional clinical trials (Shepherd et 

al., 2002).  

Ilomastat (GM-6001) is a member of the first generation of MMPIs based on collagen 

peptidomimetics (Figure 1.9). It was a broad-spectrum MMP subtype inhibitor, inhibiting 

MMP-2 and MMP-9 (Agren et al., 2001; Hao et al., 1999). It was applied topically to treat 

corneal ulcers and act as a skin collagenase inhibitor (Galardy et al., 1994). Nevertheless, 

ilomastat's poor oral bioavailability caused the clinical studies to fail. 

1.17.2. Non-peptidomimetics 

Non-peptidomimetics MMPIs were developed and manufactured using a structural approach 

in comparison to peptidomimetics inhibitors in order to increase oral bioavailability and have 

substantial pharmacokinetic features. The non-peptidomimetic class of drugs includes 

prinomastat (AG3340), CGS27023A (MM1270), rabimastat (BMS275291), tanomastat (BAY 

12-9566), and neovastat (AE-941) (Figure 1.9).  

Agouron Pharmaceutical Inc. was the first to develop prinomastat (AG3340) (Figure 1.9). This 

medication showed good results against MMPs of all types, including MMP-2,-3,-9, and -13 

(Shalinsky et al., 1999a). It demonstrated a moderate level of gelatinase-specific inhibitory 

action. Prinomastat has lipophilic properties and may pass the blood-brain barrier (BBB) as a 

result. Although it might slow the growth of an implanted tumor, there were no appreciable 

effects on the proliferation of cells in culture. Additionally, it reduced angiogenesis and 

apoptosis expression in a variety of cancers, including non-small cell lung, breast, colon, and 

prostate carcinoma, in the xenograft mice model (Shalinsky et al., 1999b; Shalinsky et al., 

1999c). Phase I clinical trials revealed acute and long-term harm at various levels. Although 

joint and muscle pain have been identified as the predominant symptoms at this stage (Li et al., 

2013). Additionally, phase III clinical trials for patients with prostate and non-small lung cancer 

have been discontinued because they were ineffective (Peterson, 2004). 

A broad-spectrum sulfonamide derivative called CGS-27023A (MM1270) (Figure 1.9) that 

was also efficient against gelatinases was known as an inhibitor of MMPs. It was a non-

peptidomimetic inhibitor based on hydroxamate that, according to preclinical studies, reduced 

angiogenesis and tumor growth (Overall and López-Otín, 2002; Nakamura et al., 2003). It 

demonstrated synergistic benefits when used in combination therapy with the cytotoxic agent. 

MMP-1 (IC50 = 33 nM), MMP-13 (IC50 = 6 nM), MMP-3 (IC50 = 13 nM), MMP-2 (IC50 = 11 

nM), and MMP-9 (IC50 = 8 nM) were all inhibited by CGS-27023A (Baidya et al., 2021). 
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However, CGS-27023A did not have any anti-proliferative effects on tumor cells, but at 

nanomolar (nM) concentrations, it decreased the activity of MMPs in the proteasome (Li et al., 

2010). Unfortunately, due to its adverse effects and the resulting muscle and joint discomfort, 

the therapeutic potential was uncertain and failed in multiple clinical trials (Cathcart et al., 

2015). 

Bayer, Inc. was the company that first created tanomastat (BAY 12-9566) (Figure 1.9). It is an 

orally accessible homolog of biphenyl non-peptide butanoic acid. It demonstrated strong and 

precise inhibition of MMP-13, gelatinase A, and gelatinase B. In the phase, I clinical 

investigation, tanomastat's efficacy with a combined therapy of carboplatin and paclitaxel was 

safe (Gatto et al., 1999). However, patients with lung, ovarian, and pancreatic cancer received 

unsatisfactory results in phase III clinical trials (Nelson et al., 2000). Additionally, it 

demonstrated a relatively low rate of survival for patients with small-cell lung cancer in the 

clinical trials, which led to the termination of future research (Thomas and Steward, 2000).   

Third-generation inhibitor rabimastat (BMS275291) (Figure 1.9) was orally accessible and has 

a broad range. The MMPs (MMP-1, -2, -3, -9, -13, and -14) are inhibited in a number of cancer 

types, including breast, lung, ovarian, and pancreatic cancer (Somani and Bhanushali, 2013). 

However, the tested substance was toxic, so this agent was also removed from clinical trials 

(Lara et al., 2006). 

Neovastat (AE-941) (Figure 1.9), a non-peptidomimetics compound, is a naturally occurring 

multifunctional angiogenic inhibitor. MMP-2 was shown to have gelatinolytic activity 

compared to other MMPs (i.e., MMP-1, -7, -9 and -13). In addition to MMP-12, it demonstrated 

elastinolytic action against gelatinase (Gingras et al., 2001). The phase III clinical trials of this 

molecule for non-small cell lung carcinoma, breast, renal, and colorectal cancer had started, 

but the study was later stopped due to unfavorable side effects (Gingras et al., 2001). 

1.17.3. Bisphosphonates & bisphosphonate esters 

Bisphosphonates were developed in the previous three decades (O'Carrigan et al., 2017). It is 

unclear how these synthetic bisphosphonates work, although it may involve a direct inhibition 

of osteoclast function, assimilation into the skeletal matrix, or inhibition of the generation of 

the osteoclast cytokines (Rodan and Fleisch, 1996). Additionally, bisphosphonates precisely 

induced apoptosis and reduced prostate cancer cell gene expression. The study provided data 

that chelating with zinc ions can prevent MMPs from invading tumor cells (O'Carrigan et al., 

2017). The bisphosphonates class of MMPIs includes BP-7033, minodronate (YM529), 
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risedronate, alendronate, incadronate, ibandronate, pamidronate, zoledronate (CGP 42446), 

and clodronate (Figure 1.10).  

 

Figure 1.10. Structures of bisphosphonate derivatives 

Due to their extreme hydrophilicity, these substances displayed very limited membrane 

permeability, which resulted in a reduced drug concentration in the soft tissue (Li et al., 2010). 

By esterifying the hydroxyl group, one or more ionized groups of bisphosphonates were 

covered in order to avoid these issues. Camdronate, trypdronate, BKM1740, and Me-BP7033 

are all members of the bisphosphonate ester family (Figure 1.11). 

It was discovered that the bisphosphonate, BP-7033, which doesn't contain nitrogen atoms, 

works well in treating cancer (Li et al., 2010). Its impact on human umbilical vein endothelial 

cells was positive (Ledoux et al., 2006). Additionally, it was reducing the VEGF and MMP-2 

synthesis. The third-generation bisphosphonate minodronate (YM529) inhibited osteoclastic 

bone resorption, which had an impact on lung cancer. It demonstrated its anticancer effects by 

activating the mitochondria-dependent apoptotic pathway (Ohishi and Matsuyama, 2018). A 

bone resorption inhibitor called risedronate is effective in treating Paget's disease, osteoporosis, 

bone metastases, and hypercalcemia. Moreover, MMP's proteolytic activity was suppressed by 

it. It did not stop MMP from being produced (Nuti, 2014). For the treatment of osteoporosis, 

alendronate was incredibly effective. Rather than preventing MMP-2 or TIMP-free plasmin 
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from degrading, it allowed TIMP-2 to ensure that MMP-2 would degrade by plasmin (Farina 

et al., 1998). The adverse consequences were a low calcium level and bone discomfort 

(Deliberador et al., 2018). 

 

Figure 1.11. Structures of BKM1740, Me-BP7033, Camdronate, Trypdronate, Doxycycline 

(Periostat), and Metastat (COL-3). 

Incadronate is a member of the aminomethylidenebisphosphonic acid family. In an animal 

model, it proved a very effective osteoporosis inhibitor (Nasulewicz-Goldeman et al., 2019). 

Moreover, ibandronate is one of the most effective nitrogen-containing bisphosphonates that 

can be used to treat bone metastases, osteoporosis, and hypercalcemia of malignancy (Li et al., 

2010). Pamidronate is essential in controlling osteoclast activity and treating osteoporosis 

patients with malignancies that spread to the bone (Doroshow and Gaur, 2020). Novartis 

pharmaceutical originally introduced the bisphosphonate zoledronate (CGP 42446). By 

entering macrophages, this nitrogen-containing medication reduced the expression of MMP-9 

(Giraudo et al., 2004). In rat vascular smooth muscle cells(VSMCs), MMP-2, -9, and -13 

expression were affected by zoledronate, according to Arun et al., (2016). Clodronate has 
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quickly been employed for its osteoactive and antiresorptive properties as well as its ability to 

reduce endothelial cell proliferation at low doses. Interestingly, patients with low serum MMP-

2 and MMP-9 levels experience negative effects (Leppä et al., 2005). Compared to its 

predecessor, ME-BP7033 had greater pharmacokinetic action. In vivo investigations showed 

antitumoral and antiangiogenic action, but no evidence of deleterious consequences. 

Additionally, ME-BP7033 reduced the growth of human cancer A431 cell lines (Ledoux et al., 

2006). Both carbonate and trypdronate had strong bone tissue binding properties while being 

less harmful. In human prostate cancer cells, BKM1740 clearly suppressed survivin and 

promoted apoptosis (Li et al., 2010). 

1.17.4. Tetracyclines 

Tetracycline derivatives inhibited MMPs by chelating with the catalytic zinc ion in the 

enzyme's active site to impede its activity. Additionally, these substances controlled how pro-

MMP became active (Li et al., 2010). As a result, these compounds were extremely beneficial 

for treating conditions including cancer and osteoarthritis. Tetracycline derivatives were 

doxycycline (periostat) and metastat (COL-3) (Figure 1.11). 

Inhibiting breast cancer metastasis with the antibiotic doxycycline (periostat) may be beneficial 

for both MMP production and tumor cell proliferation (Ali et al., 2017). In the MDA-MB-435 

cell line, it reduced MMP-2 and MMP-9 secretion (Fife and Sledge, 1995). Notably, this 

substance is a periodontitis medication that has received FDA approval (Samartzis et al., 2019). 

A non-antimicrobial tetracycline called metastat (COL-3) is created by changing the elemental 

structure of tetracycline. It was utilized to prevent tumor metastasis since it can reduce MMP 

activity. Additionally, COL-3 can prevent the thermal hyperalgesia caused by paclitaxel, 

suggesting that it may be useful in the prevention of chemotherapy-induced painful neuropathy 

(Parvathy and Masocha, 2013). 

1.18. Importance of development of MMP-2 inhibitors 

MMPs have been identified as crucial biomolecular targets in connection with several disease 

states. As a result, research is currently being done to learn more about the mechanism of action 

on these MMPs during the past 40 years. There are a number of MMPIs that have been created 

and are now going through various stages of clinical testing. However, because of serious side 

effects, many substances either stopped working or were taken out of trial phases. Despite this, 

there are currently no medication candidates for these MMPs on the market. Although there is 

a pressing need to create target-specific and selective MMPIs, the structural similarity of the 
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various MMPs makes the task of devising strategies difficult and time-consuming. Therefore, 

efforts to discover new MMP-2 inhibitors in the field of medicinal chemistry are still ongoing.  

However, MMPs are an attractive target for drug discovery against a number of illness 

situations due to the diversity and distinctive characteristics of the S1′ pocket and the catalytic 

Zn2+ ion. The key amino acid residues of the S1′ pocket and zinc chelating capacity have thus 

been used to design a number of prospective and selective inhibitors. However, due to the 

higher hydrophobic character and higher zinc chelating activity of such compounds, obtaining 

specificity and druggability is a serious challenge. This could result in a wide range of 

inhibition and serious off-target negative consequences. Department of Pharm. Tech., Jadavpur 

University has been involved in the development of powerful and targeted MMP-2 inhibitors 

in recent years (Halder et al., 2013; Halder et al., 2015; Adhikari et al., 2016; Jha et al., 2017; 

Adhikari et al., 2017A; Adhikari et al., 2018; Mukherjee et al., 2017; Sanyal et al., 2019; Das 

et al., 2021). 

However, it is also true that MMPIs are only taken into account when it comes to treating a 

variety of solid tumors, whereas their role in the invasion of hematological neoplastic diseases 

is mostly ignored. None of these MMPIs used in various stages of clinical investigations have 

been examined to date for the management of leukemia. Furthermore, research has looked at 

the relationship between MMPs and leukemia, where invasion is a crucial feature. Therefore, 

in this research work, I am focusing on developing potential and promising MMP-2 inhibitors, 

which may be selective over other MMPs, and may totally change the course of the 

development of anticancer as well as antileukemic agents. 

1.19. MMP-2 and chronic myeloid leukemia 

Although there is evidence suggesting gelatinases (MMP-2 and MMP-9) are a potential target 

for the therapy of CML, the biological role of gelatinases (MMP-2 and MMP-9) in CML is not 

fully understood. However, a study found that MMP-2 was present in only 3 of the 6 peripheral 

blood MNC samples taken from 6 CML patients, while MMP-9 was expressed in all 6 samples. 

Additionally, it was shown that murine FL5.12 cells transfected with the Bcr-Abl constructs 

expressed both gelatinases. The study also noted that the angiogenic factor VEGF increased 

the expression of MMP-9 in primary CML cells, contradicting the observation described in the 

case of CLL, albeit the mechanism by which VEGF increased MMP-9 expression by primary 

CML cells has not been identified (Ugarte-Berzal et al., 2010, Janowska-Wieczorek et a., 

2002). Another study found an increasing amount of MMP-2 enzyme was much higher in CML 

patients during the measurement of the production of bone marrow mononuclear cells of 
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normal individuals and patients having CML (Ries et al., 1999). In addition to MMP-9, the 

study found that MMP-2 enzyme release was present in bone marrow mononuclear cells (BM-

MNC) from a diversity of myeloid leukemia and preleukemia patients, but not in specimens 

from healthy people. Therefore, due to the presence of MMP-2 and MMP-9 in these samples, 

it is highly likely that the leukemic blast cell population released these enzymes. The absence 

of this enzyme in samples from healthy individuals supports the hypothesis that MMP-2 is 

generated by leukemic cells in bone marrow. MMP-2 transcripts were also found by RT-PCR 

in the BM-MNC fractions from healthy individuals and CML patients, even though 

zymography was unable to detect the enzyme's activity in these samples. This could be 

attributed to the fact that RT-PCR can only detect a small subset of the mRNA molecules 

produced by MMP-2-expressing cells, which are present in these BM-MNC fractions but may 

not necessarily secrete detectable levels of this enzyme (Ries et al., 1999). Another study found 

that the results indicate that MMP-2 and MMP-14 are not expressed in adult bone marrow 

mononuclear cells normally, but TIMP-2 is. In contrast, all bone marrow mononuclear cells 

from CML patients express TIMP-2, whereas 90% express MMP-2 and MMP-14 (Song et al., 

2009). Given that the chronic phase in CML patients is in a self-balanced state in comparison 

to acute leukemia, TIMP-2 may be a factor in suppressing disease development; however, if 

the balance is lost, MMP-2 cannot be inhibited, and its excessive production causes disease 

progression (Huang et al., 2017). Therefore, MMP-2 inhibition might be a helpful therapeutic 

strategy for the treatment of diseases like CML. 

1.20. Drug design and discovery 

Drug discovery is a lengthy, expensive, risky, multi-step process that starts with target 

identification and is followed by validation, hit-to-lead production, lead optimization, 

preclinical research, and various stages of clinical trials. To transfer a novel medicine candidate 

from a basic research laboratory to the shelf of a chemist's shop, a journey of 10 to 15 years 

and an investment of more than a billion are needed (Tautermann, 2020; Hu et al., 2011; Gurung 

et al., 2021). High-throughput screening and combinatorial techniques were developed in the 

1990s to expedite the synthesis and screening of huge libraries and decrease the times and costs 

associated with drug discovery. Unfortunately, there was little progress made in the creation of 

new chemical entities and no notable successes were reported (Baig et al., 2018). Later, 

improved computer tools, chemical synthesis, and biological research were combined to speed 

up the discovery process (Baig et al., 2018). Amazingly, the Fortune magazine cover story from 

1981, headed "The next industrial revolution: developing pharmaceuticals by computer at 
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Merck," was released. Computer-aided drug discovery (CADD) has been showing signs of 

progress since 1981 (Brown et al., 2017). The previous ten years have seen the development of 

many impressive initiatives as well as the gratifying emergence of sophisticated computational 

approaches. All preclinical drug development stages can now be advanced using computational 

methods, including target selection and validation, lead finding and optimization, and 

preclinical tests (Anwar et al., 2021). A schematic representation of computer-aided drug 

discovery (CADD) workflows based on the available structural information, a structure- or 

ligand-based approach selected for drug design is depicted in Figure 1.12. 

 

 

Figure 1.12.  Schematic representation of computer-aided drug discovery (CADD) workflows, 

based on the available structural information, a structure- or ligand-based approach is selected 

for drug design. Following the successful discovery of lead compounds, a number of lead 

optimization cycles produce one or more drug-like molecules. 

Structure-based drug design (SBDD) and ligand-based drug design  (LBDD) are two primary 

categories for CADD. Drug target structural knowledge is a requirement for structure-based 

drug design (SBDD). Several computational methods, including homology modeling, 

molecular docking, and molecular dynamic (MD) simulation, were used by SBDD. Using these 

computational methods for SBDD, target molecules that may be enzymes linked to the disease 
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of interest are found and new, functionally active compounds may be developed (Baig et al., 

2018). 

Again the LBDD seeks to establish a generic method for evaluating how physicochemical and 

structural characteristics of substances or ligands affect their biological effects (Baig et al., 

2018). In the case of LBDD, currently existing information on ligands and their biological 

functions is used to create new, successful therapeutic candidates (Baig et al., 2018). The 

LBDD is typically predicated on the idea that molecules with comparable structural traits 

interact with or inhibit molecules with similar biological characteristics (Baig et al., 2018). 

Quantitative structure-activity relationships (QSARs), pharmacophore modeling, and artificial 

intelligence (AI) are among the key methods employed in LBDD (Gurung et al., 2021). 

1.20.1. Rational drug design 

There are essentially two types of rational drug design:  

(i) Development of small compounds with desired properties for biomolecules (proteins or 

nucleic acids) with known 3D structures and functional roles in biological processes as targets. 

The pharmaceutical industry frequently uses this strategy in medication design, which is well-

established. 

(ii) Development of small molecules with predefined properties for targets, whose cellular 

functions and their structural information may be known or unknown. Using cutting-edge 

computational technologies, it is possible to identify unknown targets (genes and proteins) by 

examining the global gene expression data of samples that have not been treated and that have 

been treated with a drug. 

Both strategies (i) and (ii) for the development of small molecules must be examined after a 

target has been identified. In addition to the evaluation of binding scores (affinity/specificity), 

absorption, distribution, metabolism, and excretion (ADME), electrophilic, nucleophilic, and 

radical attack (biodegradation), toxicity of the parent small molecules, and products due to 

biotransformation in the various phases of metabolism, quantitative structure-activity 

relationship (QSAR), and quantitative structure-property relationship (QSPR) respectively 

(Mandal and Mandal, 2009). The majority of these processes, including designing a small 

molecule, might be initially carried out using computer methods. To learn more about gene 

expression patterns after the first assessment and identification of lead compounds, gene 

expression profiling, and bioinformatics analysis would be especially crucial. This knowledge 

can then be used to develop drugs that have desired properties like disease-free survival, disease 
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eradication, elimination or reduction of toxic side effects, reduction of undesirable 

biotransformation, improvement in distribution (bioavailability), defeating drug resistance, and 

enhancement of immune responses. In order to develop and discover new drugs, rational drug 

design would therefore be a key strategy (Mandal and Mandal, 2009). 

1.20.1.1. Ligand-based drug design 

When 3D structures of macromolecules are unavailable, drug discovery and lead compound 

optimization become difficult. In contrast to conventional procedures, which are considered to 

be time- and cost-effective, the development of computer-aided drug designing and high-

throughput virtual screening has opened new possibilities for major therapeutic approaches in 

contemporary technology. This appears to be an issue that needs improvement everywhere. 

Due to this issue, the concept of ligand-based drug designing (LBDD) has shed light on the 

similarity principle, which states that molecules with comparable structural characteristics will 

have similar biological capabilities. These approaches were combined, which resulted in an 

increase in the complexity of the R&D process and an expansion of the chemical and biological 

data field (Ajjarapu et al., 2022). 

1.20.1.1.1. Quantitative structure-activity relationship (QSAR) study 

A data-driven approach, the modern pipeline for finding hit compounds is dependent on the 

biological activity data produced by high throughput screening (HTS) programs (Nantasenamat 

et al., 2015). The quantitative structure-activity relationship (QSAR) study is a ligand-based 

chemometric drug discovery technique that quantitatively shows a mathematical association 

between changes in chemical compound structures and corresponding changes in biological 

activities (Sharma and Bhatia, 2021). The potency, effectiveness, and selectivity of the lead 

compounds intended for clinical investigations are all enhanced by the QSAR approaches, 

which play important roles in the drug discovery process (Sharma and Bhatia, 2021). Moreover, 

due to its high and quick throughput and good hit rate from ligand-based virtual screening 

(LBVS) studies of huge databases of compounds, the QSAR analysis is a potent and cost-

effective in-silico drug discovery approach (Neves et al., 2018). QSAR modeling is essential 

for minimizing the number of compounds that must be created and biologically assessed. 

However, QSAR models are helpful for lead optimization, hit-to-lead conversion, and hit 

discovery (Neves et al., 2018). It has been noted that QSAR techniques have dominated lead 

optimization in recent decades. Not only is QSAR modeling used in academia and/or industry, 

but it is also acknowledged on a global scale by regulatory bodies including the FDA, Health 
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Canada, and European Union (EU) authorities (Kar et al., 2020). Additionally, under the New 

Substances Provisions of the Canadian Environmental Protection Act, the regulatory body of 

Canada uses QSAR models to evaluate and prioritize the Canadian inventory of existing 

substances (i.e., domestic substances list, DSL, 1999). Also, the Danish Environmental 

Protection Agency (EPA), which is part of the EU, uses QSAR models to foretell the endpoint 

of ecological and health-risking compounds for which experimental results are not yet available 

(Kar et al., 2020). 

1.20.1.1.1.1. Hansch equation and Free-Wilson analysis 

The Hansch approach, which examines the structure-activity relationship in many biological 

systems, has gained widespread acceptance and recognition as a flexible method of 

comprehending drug action. This method makes the assumption that the electronic, 

hydrophobic, and steric components can be used to account for the physicochemical parameters 

influencing the transport and drug-receptor interaction. In general, one might assume that the 

corresponding changes in these physicochemical parameters determine the variations in 

biological activity brought on by structural alterations in congeneric medications. In Equation 

1.1 parameters for the factored physicochemical qualities, E, H, and S, respectively, sum up 

the assumption (Hansch and Fujita, 1964).  ∆𝐵𝐴 = 𝑓(∆𝐸, ∆𝐻, ∆𝑆)                                                       1.1 𝐵𝐴 = 𝑓(∆𝐸, ∆𝐻, ∆𝑆) + 𝑐𝑜𝑛𝑠𝑡𝑎𝑛𝑡                                              1.2 

The biological activity, BA, of a reference chemical, remains constant throughout a group of 

congeners. Equation 1.2 therefore applies to every member of the series. The value of BA is 

typically assumed to be inversely proportional to the drug concentration C that produces a 

typical biological response, such as EC50, IC50, minimum inhibitory concentration (MIC), etc., 

on a molar basis. Practically speaking, the parameters relating to free energy are employed, 

such as log 1/C for ΒΑ, π or log P for ∆H, σ, σ*, σ˙, or Δlog KA for ∆E and E8 or E8
C for ΔS. π 

is the hydrophobic substituent constant derived from the partition coefficient, P, which is 

usually determined with the use of a 1-octanol/water system, σ is the Hammett constant, σ˙ is 

an electronic parameter for radical reactions, σ* and E8 are the Taft's polar and steric constants 

for aliphatic systems, and E8
C is the Hancock corrected steric constant.  𝑙𝑜𝑔 1/𝐶 = −𝑎 (log 𝑃)2 + 𝑏 𝑙𝑜𝑔 𝑃 + ρσ + δ𝐸8 + 𝑐                                1.3 
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The formula for the most popular equation in this method is Equation 1.3, where a(≥0), b, ρ, δ, 

and c are constants that are determined by the least-squares analysis (Hansch and Fujita, 1964). 

The Free Wilson model is a quick and effective way to describe structure-activity correlations 

quantitatively. In contrast to Hansch analysis, which correlates physicochemical attributes with 

biological activity values, it is the only numerical method that directly links structural features 

with biological properties. However, both approaches have a close relationship with one 

another, both theoretically and in terms of how they might be used in real-world situations. 

Both models can frequently be used to create a mixed approach that uses physicochemical 

characteristics to characterize the impact of various substituents on the biological activity 

(Equation 1.4) and Free Wilson-type variables to describe the activity contributions of specific 

structural alterations. This combination model is the most potent tool of conventional QSAR, 

as shown by numerous successful applications, especially from the work of Hansch and his 

team on the structure-activity correlations of enzyme inhibitors (Kubinyi, 1988). 𝐵𝐴 = ∑ 𝑎𝑖 + µ                                                             1.4 

BA represents the biological activity values (on a linear scale) where ai are the activity 

contributions of the substituents Xi which refer to the overall mean of the biological activity 

values, µ. 

Both models can frequently be used to create a mixed approach that uses physicochemical 

parameters to characterize the impact of various substituents on the biological activity and Free 

Wilson-type variables to describe the activity contributions of specific structural alterations. 

This combination model is the most potent tool of conventional QSAR, as shown by numerous 

successful applications, especially from the work of Hansch and his team on the structure-

activity correlations of enzyme inhibitors (Kubinyi, 1988). 

1.20.1.1.1.2. Significance of QSAR study 

QSARs are concerned with creating and developing prediction models that connect chemical 

bioactivity with characteristics or descriptors that are indicative of molecular structure (Amin 

and Gayen, 2016). Similar analogs with minute differences in their chemical structures may 

exhibit varying levels of a specific biological activity or may generate radically different forms 

of biological potential. The QSAR model's goal is to quantitatively comprehend how changes 

in biological activity and their corresponding molecular structures are related (Roy et al., 2009; 

Cherkasov et al., 2014). Nevertheless, the association between biological activity and the 

structural and physicochemical characteristics of substances is investigated using statistical 
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approaches as a preliminary tool in the QSAR research (Amin et al., 2016). Several regressions 

and classification-based methods are available to produce QSAR equations. Different 

diagnostic statistics are used to determine the accuracy and predictability of generated QSAR 

models. One may be able to forecast the biological activities of novel compounds using the 

QSAR equations that have been developed (Cherkasov et al., 2014). 

1.20.1.1.1.3. Different types of QSAR study 

There are three approaches to characterize the QSAR methodologies: by the number of targets, 

by the chemometric methods, and by the dimension of descriptors (Figure 1.13).  

 

Figure 1.13. Schematic representation of different types of QSAR techniques. 

The chemical information that represents the behavior of the substance is encoded by molecular 

descriptors in QSAR analysis. The appropriate algorithm is utilized to calculate the descriptors 

in numerical form, and they are then employed as the independent variables for the construction 

of QSAR models (Roy and Das, 2014). In contrast, the dimension of an object can be defined 

as the smallest set of coordinates necessary to explain a point within it. Dimension is an 

inherent quality that is independent of an object's space (Crilly and Johnson, 1999). Therefore, 

a higher level of structural information is acquired when dimensions are added to descriptors 

in QSAR analysis. The QSAR approach uses the dimension as a constraint to control how the 

analysis is conducted. The complexity of the modeling technique is correlated with the 

dimensional increment of descriptors used in building QSAR models. A descriptor's dimension 

corresponds to the compound's dimension, which specifically describes that molecular 

property. As a result, the dimension of the computed descriptors, which is used to create the 
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QSAR model, includes the dimension of the QSAR analysis (Roy and Das, 2014). According 

to the number of dimensions in the descriptors, there are six different types of QSAR 

methodologies: zero-dimensional (0D), one-dimensional (1D), two-dimensional (2D), three-

dimensional (3D), four-dimensional (4D), five-dimensional (5D), and six-dimensional (6D). 

The 0D-QSAR model is built using descriptors derived from knowledge of molecules, 

including molecular weight, atom counts and kinds, and the sum of atomic attributes. The 1D-

QSAR model correlates the activity or attribute with the overall parameters of the molecules, 

such as the pKa, solubility, hydrophobic parameter, and functional groups (Todeschini and 

Consonni, 2009). The 2D-QSAR model also reveals a correlation between activity and 

structural ornamentation. The fundamental predictor variables utilized for 2D-QSAR model 

generation are the descriptors derived from the topological portrayal of a molecule. Different 

topological indices that take into account the internal atomic arrangement of molecules are 

employed as 2D descriptors for the creation of successful QSAR models (Roy and Das, 2014). 

Topological parameters encode information about the amount of heteroatoms, numerous bonds, 

and molecular size, shape, and branching. These 2D descriptors play an important role in 

describing a variety of biological outcomes as well as the physicochemical properties of 

molecules. The mathematical symbol for a molecular graph, which depicts the topology of a 

chemical compound is G = (V, E) where V is a collection of vertices that represent the 

compound's atoms and E is a collection of elements that correspond to the binary associations 

between pairs of vertices. These molecular diagrams show the chemical structure in a non-

numeric way. Chemical graphs must be numerically transformed. Topological indices are 

calculated using specific algorithms (Danishuddin and Khan 2016). Additionally,  there are 

many other topological descriptors, such as the connection indices, Wiener index, Kier shape, 

Zagreb indices, and Balaban J index are the most often used topological indices. Furthermore, 

connectivity indices are the most successful descriptors in QSAR investigations (Danishuddin 

and Khan 2016). Other physicochemical characteristics of molecules are also regarded as an 

essential component of the 2D-QSAR study, in addition to topological descriptors. The 

hydrophobic, electronic, and steric characteristics are the three main groups of physicochemical 

descriptors that are frequently utilized in 2D-QSAR modeling. These physicochemical 

characteristics can be determined experimentally or even computed from the compound's 

structure without taking conformational analysis or energy minimization into account. 

Numerous physicochemical characteristics of the substance, such as the acid dissociation 

constant (pKa), partition coefficient (logP), molar refractivity (MR), spectroscopic signals, rate 

constants, etc may be used to describe the entire molecule or may highlight certain molecular 
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components. Other structural features that can be directly computed from the molecular 

structure or formula are also included in the 2D-QSAR analysis. These include the molecular 

weight (MW), the number of hydrogen bond donors (nHBD), the number of hydrogen bond 

acceptors (nHBA), and the number of various additional atoms, fragments, and links (Roy and 

Das, 2014). On the other hand, the 3D-QSAR approach visualizes the molecular organization 

in 3D space and links the activity or characteristic to the molecules' steric and electrostatic non-

covalent interaction fields (Tosco and Balle, 2011; Cramer, 2011; Cramer, 2012). In a similar 

fashion to the 3D-QSAR study, the 4D-QSAR analysis extends the number of ligand 

configurations by labeling each chemical in a variety of conformations, stereoisomers, 

orientations, tautomers, or protonation states. The numerous induced-fit models in the 4D-

QSAR study, however, are perfectly designated by 5D-QSAR analysis. Once more, the 6D-

QSAR approach includes a variety of solvation models in the 5D-QSAR study (Scior et al., 

2012).  

QSAR assessments can be divided into linear and non-linear categories depending on the type 

of chemometric techniques used. In the case of linear approaches, these include partial least-

square (PLS), principal component analysis (PCA), stepwise multiple linear regression (S-

MLR), multiple linear regression (MLR), linear regression (LR), and genetic function 

approximation (GFA) (GFA) (Fisher, 1980). Yet again, more recent developments in 

chemometrics have led to a variety of fresh methods for building predictive models that include 

nonlinear and algorithmic methodologies like support vector machines (SVM) (Nantasenamat 

et al., 2008; Nantasenamat et al., 2013), artificial neural networks (ANN) (Nantasenamat et al., 

2013; Worachartcheewan et al., 2009), k-nearest neighbors (kNN) (Ajmani et al., 2006), and 

Bayesian neural nets (Klon et al., 2006). The classification of QSAR as single-target or multi-

target depends on the number of dependent variables, such as the number of biological targets 

(Figure 1.13). Recent studies have demonstrated the potency of multi-target pharmacological 

molecules in treating conditions like Alzheimer's disease (AD), cancer, diabetes, malaria, and 

tuberculosis. This work demonstrates that multi-target drug development strategy is a current 

study topic in the field of drug discovery (Ling et al., 2020; Benek et al., 2020; Makhoba et al., 

2020). 

1.20.1.1.1.4. Software/tool used for QSAR study 

Various QSAR modeling software and tools have been released during the past 20 years, 

including commercial, non-commercial, and open-source versions. Table 1.4 provides a 

summary of some of these significant programs and technologies. 
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Table 1.4. A list of various applications and web services, both paid and free, for QSAR studies. 
Sl No Software Description Paid/Free 

1 cQSAR 
A database of regression-based QSAR models having more than 21,000 
QSAR equations relating bio-chemical and physic-chemical activities to 

molecular descriptors. 
Paid 

2 QSARPro 

QSAR software for calculation of molecular descriptors QSAR model 
building (linear or non-linear regression) and also used for predicting the 

activities of the test or new set of molecules. It offers another patent 
pending QSAR technique named group-based QSAR (GQSAR). Works 

on Linux and Windows. 

Paid 

3 
MedChem Studio 

(Formerly 
ClassPharmer) 

Used for QSAR model building and ADMET property prediction. Paid 

4 Codessa Procures molecular descriptors using quantum mechanical results from 
AMPAC which are then used to develop QSAR/QSPR models. 

Paid 

5 OpenMolGRID Grid-enabled QSAR approach for modeling large and complex datasets. Paid 

6 CODESSA Pro 
Program for calculating descriptors, developing multi-linear and non-

linear QSAR/QSPR models, and interpreting the developed model. 
Paid 

7 MCASE 
Machine learning-based QSAR software for modeling and predicting 

toxicities of chemicals. Paid 

8 smirep 
SAR/QSAR tool for predicting the structural activity of chemical 

compounds. It works on the Linux platform. 
Free 

9 AutoWeka Automated data mining software for QSAR. Free 
10 DTC Lab tools 2D QSAR tools. Free 

11 MOLE db 
Online molecular descriptors database comprised of 1124 molecular 

descriptors which are calculated for 234773 molecules. Free 

12 

Datasets of Milano 
Chemometrics and 
QSAR Research 

Group 

Reference data sets. Free 

13 OCHEM Database 

Online database of experimental measurements of chemical and 
biological data integrated with a modeling environment. Users can 
submit experimental data or use the data uploaded by other users to 

build predictive QSAR models. 

Free 

14 ChemSAR 

Web-based pipeline platform for classification-based models of small 
molecules. It includes standardization and validation of molecules, 

calculation of descriptors (1D, 2D, and FP), feature selection, model 
building, and interpretation. 

Free 

15 Chembench 

Chembench provides robust model building, property and activity 
predictions, and virtual libraries of available compounds with predicted 

biological activities and drug-like properties. It also provides special 
tools for designing chemical libraries. 

Free 

16 
Partial Least Squares 
Regression (PLSR) 

Construct QSAR/QSPR models and predict activity/property using the 
Partial Least Squares (PLS) regression technique. Free 

1.20.1.2. Structure-based drug design 

When the target structure is known, structure-based drug discovery is crucial. The key methods 

for structure-based drug discovery include molecular dynamics (MD) simulations and 

molecular docking studies. 

1.20.1.2.1. Molecular docking study 

Drug and target protein interactions resemble a secure connection in which each party tries to 

accommodate the other to some extent. One of the effective methods for comprehending 
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protein-ligand interactions is molecular docking (Kalyaanamoorthy and Chen, 2011). 

Currently, molecular docking study is used often in many stages of the drug design process 

(Tripathi and Bankaitis, 2017). In order to evaluate binding interaction poses, a potential ligand, 

a target of interest, and a technique are usually needed in protein-ligand docking. 

In a molecular docking study, the proposed ligand could be a small molecule, DNA, peptide, 

or perhaps even a protein. The main repository for protein structures that may be retrieved for 

molecular docking study is the RSCB Protein Data Bank (PDB) (https://www.rcsb.org/; Burley 

et al., 2018). There are currently more than 62,000 entries for protein-ligand complexes in the 

RSCB Protein Data Bank, of which 60,000 were resolved using X-ray techniques and 1,700 

using NMR techniques. There are numerous open-source and commercial molecular docking 

methods that can compute binding energies and predict protein-ligand poses. Table 1.5 displays 

a collection of protein-ligand docking software/tools. 

Table 1.5. List of various protein-ligand docking software/tools 

Sl No Software/tools Method Types Sourcea 

1 3D-Dock Suite 

Fourier correlation algorithm, self-
consistent mean field optimization 

procedure, single distance 
constraint empirically derived pair 

potential 

PLI 
http://www.sbg.bio.ic
.ac.uk/docking/index.

html 

2 ArgusLab Genetic algorithm and ArgusDock PLI http://www.arguslab.
com 

3 AutoDock Lamarckian genetic algorithm PLI http://autodock.scrip
ps.edu/ 

4 BiGGER Soft-docking PLI http://www.cqfb.fct.u
nl.pt/ 

5 ClusPro 
10 most populated low energy 

clusters, irmsd > 9 Å 

automatic 
docking web 

servers 
https://cluspro.org/ 

6 Dock Vision Hybrid evolutionary algorithm PLI http://dockvision.co
m/ 

7 DOT Fast Fourier transforms PLI http://www.sdsc.edu/
CCMS/DOT/ 

8 FlexX 
Sequential importance sampling 

(SIS)-algorithm 
PLI http://www.biosolveit

.de/FlexX/ 

9 FRED 
Directed docking with SMiles 
ARbitrary target specification 

(SMARTS) patterns 
PLI http://www.eyesopen.

com/fred 

10 Gold Genetic algorithm PLI http://www.ccdc.cam
.ac.uk/ 

11 GRAMM-X 
Up to 300 lowest energy 

conformations 

automatic 
docking web 

servers 

http://vakser.compbio
.ku.edu/resources/gra

mm/grammx/ 

12 HADDOCK 
Fully flexible for interacting 

residues of peptide and protein 

automatic 
docking web 

servers 

https://wenmr.science
.uu.nl/haddock2.4/ 
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13 HADDOCK 
Uses ambiguous interaction 

restraints of NMR 
PLI http://www.nmr.chem

.uu.nl/haddock/ 

14 HDOCK Top 100 lowest energy clusters, 
lmrsd > 5 Å 

automatic 
docking web 

servers 

http://hdock.phys.hus
t.edu.cn/ 

15 Hex 
Similar to conventional fast 

Fourier transform (FFT) PLI http://www.loria.fr/rit
chied/hex/ 

16 InterPred No conformational search 
(template-based) 

automatic 
docking web 

servers 

http://bioinfo.ifm.liu.
se/inter/interpred/ 

17 LZerD Up to 50,000 generated geometries 
automatic 

docking web 
servers 

https://lzerd.kiharala
b.org/ 

18 MDockPP 
Up to 3000 generated geometries; 

clustering cutoff adjustable 

automatic 
docking web 

servers 

https://zougrouptoolk
it.missouri.edu/MDo

ckPP/ 

19 PatchDock 
Up to 100 top-ranking candidates; 

clustering cutoff adjustable 

automatic 
docking web 

servers 

http://bioinfo3d.cs.ta
u.ac.il/PatchDock/ 

20 pyDockWEB Top 100 lowest energy 
conformations 

automatic 
docking web 

servers 

http://life.bsc.es/servl
et/pydock 

21 rDock 

Weighted sum of intermolecular, 
ligand intramolecular, site 

intramolecular, and external 
restraint terms 

PLI http://www.ysbl.york
.ac.uk/rDock 

22 RosettaDock 1000 decoys can be downloaded 
automatic 

docking web 
servers 

http://rosettadock.gra
ylab.jhu.edu 

23 Surflex-Dock Hammerhead docking system PLI http://www.tripos.co
m/ 

24 ZDOCK 
Top 10 lowest energy 

conformations; possibility to 
retrieve top 500 

automatic 
docking web 

servers 

https://zdock.umassm
ed.edu/ 

aas accessed in 30th April, 2023; PLI, protein-ligand interactions 

Protein-ligand docking has been effectively applied in numerous real-world scenarios since its debut 

fifty years ago, including the subsequent approval of new drugs created with the help of structure-

based drug design. These novel drugs include ion channel blockers, receptor antagonists and agonists, 

and enzyme inhibitors. As the practical applications of molecular models grow as a result of the 

quality enhancement in computational power, the field is quickly evolving with approximations that 

offer a better balance between accuracy and computing cost.  

Investigating protein-protein interaction (PPI) networks is necessary for pathophysiology 

understanding and drug discovery (Andreani and Guerois, 2014; Ohue et al., 2013; Ohue et al., 2014; 

Shin et al., 2017; Vakser, 2014). As a result, the protein-protein docking problem is one of the trendiest 

subjects in computational biophysics and structural biology. In general, it is more difficult to estimate 

the 3D structure of a protein-protein complex than it is to do so for a single protein. Effective 
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computational algorithms to predict protein interactions are crucial as more and more protein 

structures, particularly in light of structural genomics, are known. A structural foundation for drug 

development is provided by docking study, which also provides resources for basic research on 

protein interactions. Protein-protein docking can be used to deduce the structure of a complex from 

the individual protein structures. Steric and physicochemical complementarity at the protein-protein 

interaction is the foundation of docking technology. Table 1.6 provides a selection of protein-peptide 

and protein-protein docking software/tools.  

Table 1.6. List of different protein-peptide and protein-protein docking software/tools. 

Sl No Software/tools Method Sourcea 

1 ClusPro PeptiDock 

Fast Fourier Transform (FFT)-based 
docking method, Clustering by 

structure scoring and CAPRI peptide 
docking criteria 

https://peptidock.cluspro.org/ 

2 DOCK Geometric matching algorithm http://dock.compbio.ucsf.edu/ 

3 DynaDock 
Combined Optimized Potential 

Molecular dynamics (OPMD) with a 
soft-core potential 

Not available to the public 

4 GalaxyPepDock 
Use similarity search (known 

template structures) as scaffolds for 
prediction 

http://galaxy.seoklab.org/pepdock 

5 GRAMM Empirical approach http://vakser.bioinformatics.ku.edu/m
ain/resources_gramm.php 

6 HPEPDOCK 
Ensemble peptide conformation by 

MODPEP 
http://huanglab.phys.hust.edu.cn/hpep

dock/ 

7 ICM-Docking Flexible docking 
http://www.molsoft.com/docking.htm

l 

8 PBRpredict-Suite 
Integrated six machine learning 

algorithms (model stacking) 
http://cs.uno.edu/~{}tamjid/Software/

PBRpredict/pbrpredict-suite.zip 

9 pepATTRACT 
Rigid-body peptide docking within 

the binding pocket 

http://bioserv.rpbs.univ-
parisdiderot.fr/services/pepATTRAC

T/ 

10 PepComposer 

Motif similarity search to defined 
binding interfaces from monomeric 

protein databases PepX 
(http://pepx.switchlab.org) 

https://cassandra.med.uniroma1.it/pep
composer/webserver/pepcomposer.ph

p 

11 PepCrawler Rapidly exploring Random Tree 
(RRT) algorithm 

http://bioinfo3d.cs.tau.ac.il/PepCrawl
er 

12 PepSite 2.0 
Coarse-grained peptide orientation by 

spatial position-specific scoring 
matrix (S-PSSM) 

http://pepsite2.russelllab.org 

13 Rosetta 
FlexPepDock 

Rosetta energy function-based 
clustering and scoring 

http://flexpepdock.furmanlab.cs.huji.a
c.il 

14 Situs Correlation-based rigid body docking 
and density filtering, ARD 

http://situs.biomachina.org/index.html 

15 SPRINT-Str Use SVM with optimized parameters 
http://sparks-lab.org/server/SPRINT-

Str 
aas accessed on 30th April 2023 
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Additionally, molecular docking study consists mostly of two stages: sampling and scoring 

functions. Furthermore, the sampling procedure successfully searches the conformational 

space depicted by the free energy landscape. Also, the scoring function, on the other hand, 

assigns a score to each expected pose from the free energy landscape (Huang and Zou, 2010; 

Abagyan and Totrov, 2001; Kitchen et al., 2004). It may be said that the scoring function makes 

it possible to link the native bound conformation to the energy hypersurface's global minimum. 

1.20.1.2.2. Molecular dynamics simulation study 

Many drug development processes, from hit identification to lead optimization and beyond, 

now use molecular dynamics (MD) simulations as their primary tool (Parrill and Reddy, 1999; 

Sussman and Silman, 2020). MD simulations have a considerable impact on molecular biology 

as well as medication discovery. By retaining the movements of macromolecules in their 

complete atomic detail while keeping a good temporal resolution, it analyses the time-resolved 

motion of proteins and other biomolecules. An intuitive and quick understanding of dynamics 

and function is made possible by the visualization of MD trajectories (Hollingsworth and Dror, 

2018). It can produce a wealth of data on interactions between proteins and ligands as well as 

dynamic structural data on biomacromolecules (Adcock and McCammon et al., 2006). This 

information is essential for determining the target's structure-function relationship, 

understanding the basics of protein-ligand interactions, and guiding drug development and 

design strategies. 

Because of this, MD simulations have been widely and dependably utilized throughout all 

phases of modern drug discovery research (Liu et al., 2018). It also forecasts how each 

molecule in a protein or other molecular system would move over time based on a broad model 

of the physics governing interatomic interactions (Karplus and McCammon, 2002). These 

simulations are capable of simulating a variety of important biomolecular events, including 

protein folding, conformational change, and ligand binding. It can show all atoms' locations 

with femtosecond temporal resolution (Hildebrand et al., 2019). Additionally, these simulations 

could predict how biomolecules will react to changes like mutation, phosphorylation, 

protonation, or the atomic-scale addition or removal of a ligand (Hollingsworth and Dror, 

2018). 

1.20.1.3. Advanced approaches 

Due to the crystal-specific packing of ligand-receptor complexes, structure-based 

pharmacophore models created from a single 3D coordinate set collected from X-ray structures 
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may or may not incorporate a number of properties. Multiple crystal structures of active ligand 

complexes can be used for the same function as a solution to this issue. Every ligand-ligand 

interaction is identified and connected to a more precise pharmacophore theory. This approach 

is nonetheless restricted to ligand-target complexes for which several crystal structures are 

known, and each ligand must have a unique binding mechanism. Another method to produce a 

number of precise sets of atomic coordinates without being constrained by the availability of 

numerous experimental structures is to run molecular dynamics (MD) simulations of the 

system under study. For pharmacophore modeling and pharmacophore-based virtual screening, 

the enormous amount of data gathered can be applied in numerous ways: 

(i) Methods combining the concept of a 3D pharmacophore with molecular docking and MD 

simulations 

The docking approach analyses the effects of protein mutations on ligand binding by supplying 

mutational cues that support the robust survival of drug-resistant infections. It also offers novel 

mechanistic insights into protein-ligand binding mechanisms. The discipline is developing 

quickly as ongoing advances in computing power broaden the useful applications of molecular 

models, providing a better balance between accuracy and computational expense. Future work 

will definitely result in many more interesting applications (Wieder et al., 2017). 

(ii) Integrated pharmacophore and docking-based virtual screening 

The pharmacophore model (query) is utilized in this search as a characteristic of the 

pharmacophore model since it is used to filter and get the initial set of hits from a huge database. 

One can either obtain molecules with characteristics that are similar to those of the 

pharmacophore or entirely distinct scaffolds. Then, hits are gathered from molecules that have 

received higher scores and better fit for the pharmacophore model. Additional research using 

various modeling techniques is necessary in this case. For example, the highest-scoring perfect 

match compounds found in a pharmacophore-based screen can be docked into the putative 

binding pocket of a specific target of interest to reduce the number of active hits. This approach 

is also called docking-based virtual screening. Therefore, the combination of pharmacophore 

and docking-based virtual screening followed by MD simulation has proven to be a powerful 

approach to incorporating all available information into computational hit identification (Molla 

et al., 2023). 
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2.1. Literature Search 

MMPs, which are Zn2+ and Ca2+ dependent endopeptidases, aid in the breakdown of the 

basement membrane's gelatin, elastin, fibronectin, collagen, and laminin as well as the 

extracellular matrix (Agrawal and Pulendran 2004; Murphy et al., 1991; Nagase and Woessner 

1999; Page-McCaw et al., 2007). MMPs have been revealed to be essential for a number of 

vital physiological processes, such as angiogenesis, tissue remodeling, wound healing, and 

embryo development (Nelson et al., 2000; Skiles et al., 2004; Whittaker et al., 1999). MMP-2, 

also known as gelatinase A, is one of the MMPs that has been linked to a number of diseases, 

including cancer, angiogenesis, cardiovascular disease, neurodegenerative disease, aortic 

aneurysms, obesity, asthma, sepsis, kidney disease, inflammatory bowel disease, rheumatoid 

arthritis, viral infections, and liver fibrosis (Baidya et al., 2022). 

A number of studies have been conducted for the finding of potent and selective MMP-2 

inhibitors for the management of those diseases. However, in this work, a drastic search for 

potential MMP-2 inhibitors for the management of cancer has been carried out.  Furthermore, 

the Department of Pharmaceutical Technology at Jadavpur University in Kolkata, India, has 

been working on developing glutamate-based small-molecule anticancer drugs over the past 

decades. Target identification, however, is the most important step in drug design strategies 

because it pinpoints the specific mechanism by which a molecule inhibits a specific enzyme. 

Therefore, it is essential but difficult to develop such glutamate-based hydroxamate derivatives 

as anticancer agents with target selectivity and higher efficacy. 

2.2. Matrix metalloproteinases-2 (MMP-2): A medicinally important target 

MMP-2, a member of the gelatinase subfamily and one of the most lucrative targets for cancer, 

has been found among the 26 subtypes of MMPs, whereas MMP-9 has been linked to an 

antitarget in advanced stages of cancer (Fabre et al., 2013; Fabre et al., 2014; Overall and 

Kleifeld, 2006; Serra et al., 2012; Zapico et al., 2015). Besides that, other studies using MMP-

2 knockout mice have shown that MMP-2 is connected to the development of cancer in 

humans. Additionally, MMP-2 is essential for angiogenesis and neovascularization (Cathcart 

et al., 2015, Kessenbrock et al., 2011). Additionally, MMP-2 overexpression has been linked 

to the development of a variety of cancers (Chien et al., 2013; Herszényi et al., 2012; Liu et al. 

2006). Therefore, it is vital to develop an MMP-2 inhibitor that is efficacious and selective 

compared to other MMPs, particularly MMP-9. MMPIs have been investigated in significant 

areas of medication development and research due to their involvement in a variety of 



Chapter 2: Literature Review 

 

Page | 52  
 

significant medical disorders. Several MMPIs (Table 1.3, Chapter 1) were introduced into 

various stages of clinical trials (Section 1.15) but were not successful because of serious side 

effects or unsatisfactory pharmacokinetics efficacy. The main factor hindering MMP selective 

drug discovery methods may be the lack of selectivity or rather the broad spectrum of inhibition 

of MMPIs. However, a number of MMPIs have previously been examined, and this process is 

ongoing because achieving target specificity for a given MMP is crucial for the development 

of novel, potent therapeutic candidates for treating a variety of medical conditions. Here, in 

this review, various MMP-2 inhibitors are presented for creating new MMP-2 inhibitors. 

2.3. MMP-2 inhibitors based on different ZBGs 

Zinc binding groups (ZBGs), which are important for MMP inhibition, may control the process 

by which the substrate is cleaved by MMPs by interfering with the catalytic Zn2+ ion (Hangauer 

et al., 1984; Lovejoy et al., 1999; Matthews, 1988). A charge transfer mechanism from a 

conserved glutamic acid residue and the scissile bond amide nitrogen atom results in the 

cleavage of peptide when a water molecule coordinates to the Zn2+ ion during attachment to 

the substrate (Lovejoy et al., 1999; Matthews, 1988; Skiles et al., 2001). Therefore, enzyme 

activation may not occur until and unless the zinc-bound water molecule is not displaced by 

the ZBGs (Rao, 2005). Additionally, ZBGs coordinate the exact binding pockets by directing 

the associated inhibitor's backbone structure. ZBGs are essential for creating strong and 

targeted MMPIs. With the enzyme, ZBGs' oxygen, nitrogen, and sulfur atoms can form 

monodentate, bidentate, and tridentate chelates. These ZBGs' atomic constituents exhibit a 

wide range of diversity and affinity for the catalytic Zn2+ ion. However, the binding pattern of 

MMPIs may be significantly influenced by the structural orientation of ZBGs and the 

corresponding backbone structure. The structures of the MMP-2 inhibitors contain a wide range 

of ZBGs, including hydroxamic acids, carboxylic acids and related esters, thiols, 

mercaptosulfides, phosphonates, carbamoylphosphonates, nitrogen-based ZBGs, heterocyclic 

ZBGs, etc (Baidya et al., 2022). It is interesting to note that, hydroxamate groups, the ZBG, 

produce trigonal-bipyramidal geometry to attach to the catalytic Zn2+ ion. Furthermore, the 

hydrophobic contacts of MMPIs created a stable enzyme-inhibitor complex with broad-

spectrum inhibition, and the amide group developed a possible hydrogen bonding interaction 

with the adjacent functional groups of amino acids of MMP enzymes (Verma, 2012). 
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2.4. Hydroxamic acid-based MMP-2 inhibitors 

Through coordination with a number of metal ions, including Zn2+, hydroxamate has been 

shown to produce strong bidentate chelates. It is one of the efficient ZBGs that can interact 

with the Zn2+ ion and nearby amino acid residues in the MMP active site via hydrogen bonds. 

With the residues of alanine and glutamic acid, respectively, the amino and hydroxyl groups of 

the hydroxamate moiety create hydrogen bonds (Rao, 2005). Hydroxamate may make it more 

difficult to develop selective MMPIs because of its strong zinc chelating activity and causes 

undesirable adverse effects against unintended MMPs (Georgiadis and Yiotakis, 2008; Overall 

and Kleifeld, 2006; Rao, 2005). However, one of the factors contributing to the MMPIs' greater 

activity is the existence of the hydroxamate moiety.  

A number of Cα gem-disubstituted succinimide hydroxamates have been reported by Abbott 

Laboratory researchers as potential broad-spectrum MMPIs (Curtin et al., 1998). Most of these 

molecules exhibited robust and specific MMP-2 inhibition over MMP-1 and -3. Compound 1 

(Figure 2.1) produced around 4-fold and 74-fold MMP-2 selectivity over MMP-1 and -3, 

respectively, and was a highly powerful MMP-2 inhibitor (IC50 = 2.3 nM). 
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Figure 2.1. Hydroxamate-based MMP-2 inhibitors (Compounds 1-6). 

Likewise, the Abbott researchers developed a number of potent macrocyclic rings containing 

succinimide hydroxamates (Steinman et al., 1998). Compound 2 (Figure 2.1) showed a 

minimum 15-fold selectivity over MMP-1, -3, and -7 while exhibiting significant MMP-2 

inhibition (IC50 = 0.1 nM). Another study described a series of succinyl hydroxamate MMPIs 

that substituted C-terminal amino acid amides with an arylaminoketone moiety (Sheppard et 

al., 1998). Many of these molecules were powerful broad-spectrum MMPIs but lacked 

selectivity. A highly effective but nonselective broad-spectrum inhibitor, compound 3 (Figure 
2.1) had IC50 values for MMP-1, MMP-2, MMP-3, and MMP-7 of 0.26 nM, 0.38 nM, 1.20 

nM, and 0.30 nM, respectively. When compared to marimastat (Figure 1.16, Chapter 1), 

compound 3 had high oral bioavailability at a dose of 10 mg/kg. Again, a series of promising 

hydroxamates-based MMPIs had been reported by researchers of Kanebo Limited (Yamamoto 

et al., 1998). Compound 4  produced a minimum of 2.5-fold selectivity over MMP-1 and -3 
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but produced robust but nonselective gelatinase inhibition (Figure 2.1). It has been reported 

that a group of acyclic sulfonamide-based hydroxamates are highly potent MMPIs that 

selectively inhibit MMP-9 rather than MMP-1, -2, -3, and -13 (Hanessian et al., 1999). 

Moreover, the selectivity of compound 5 over MMP-9 and -13 was 3.5-fold and 17-fold, 

respectively, with higher MMP-2 inhibition (IC50 = 0.70 nM) (Figure 2.1). Some sulfonamide-

based hydroxamates have been reported by British Biotech researchers as powerful MMPIs 

(Martin et al., 1999). A minimum 33-fold selectivity over other MMPs, such as MMP-2 (IC50 

= 900 nM), was maintained by compound 6 (Figure 2.1), which exhibited effective MMP-1 

inhibition. In comparison to marimastat (Figure 1.16, Chapter 1), compound 6 had higher oral 

bioavailability in rats (Cmax = 171.8 ng/mL after 30 min, AUC = 662 ng/mL.hr).  

Furthermore, a number of arylsulfonamido thiazine and thiazepine-based hydroxamates have 

been identified by Procter & Gamble Pharmaceuticals researchers as powerful and broad-

spectrum MMPIs (Almstead et al., 1999). The majority of compounds were potent, broad-

spectrum MMPIs. A minimum of 2.3-fold selectivity over other MMPs was maintained by 

compound 7 (Figure 2.2), which produced potent MMP-2 inhibition (IC50 = 1 nM)over other 

MMPs (such as MMP-1, -2, -3 and -13).  
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Figure 2.2. Hydroxamate-based MMP-2 inhibitors (Compounds 7-12). 

In a different study, a group of hydroxamates based on arylsulfonamido proline were described 

as robust, broad-spectrum MMPIs that contained oxime, hydrazone, and exomethylene 

moieties (Cheng et al. 1999). All of these inhibitors showed higher affinities for MMP-2 and -

13 while still exhibiting strong selectivity for MMP-1, -3, and -7. Compound 8 (Figure 2.2) 

exhibited at least 25-fold selectivity over other MMPs with higher but nonselective inhibition 

for MMP-2 and -13. In 2000, Barta and colleagues reported a number of arylhydroxamate 

sulfonamides and tested their activity against MMP-1, -2, and -13. The majority of substances 

exhibited effective and selective MMP-2 inhibition over MMP-13 sparing MMP-1. With a 

selectivity of over 21-fold over MMP-13, compound 9 (Figure 2.2) exhibited the potential 

MMP-2 inhibition (IC50 = 1.3 nM). Again, a series of arylsulfonamido hydroxamates with 

functionalized 4-aminoproline moiety have been reported by researchers from Procter and 

Gamble Pharmaceuticals to have high potency, nonselectivity between MMP-2 and -13, but 

the higher selectivity over other MMPs (Natchus et al., 2000). Compound 10 (Figure 2.2) 

displayed a 7-fold selectivity over MMP-2 (IC50 = 4 nM) and substantial MMP-13 inhibition 

(IC50 = 0.6 nM). In a rat arthritis model generated by iodoacetate, compound 10 also reduced 
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articular damage by 26%. There have also been reports of several 3-aryloxy propionic acid 

hydroxamates as possible MMPIs by a group of workers (Chollet et al., 2001). Most 

compounds were incredibly potent and selective MMP-2 inhibitors compared to other MMPs. 

When compared to MMP-3, -9, and -13, compound 11 (Figure 2.2) showed a higher affinity 

for MMP-2 (IC50 = 0.4 nM). The degradation of proteoglycans was similarly effectively 

inhibited by compound 11 (IC50 = 0.1 M). Despite having a favorable pharmacokinetic profile, 

it also produced a 40% tumor decrease in mice using the B16F10 melanoma model at a dose 

of 100 mg/kg i.p. Succinylhydroxamates have been described by Pfizer researchers as very 

effective and selective MMP-2 inhibitors over MMP-3 (Fray et al., 2001a). With the 141-fold 

selectivity over MMP-3, compound 12 (Figure 2.2) showed the strongest MMP-2 inhibition 

(IC50 = 0.34 nM).  

Another set of succinylhydroxamates was reported by Fray and Dickinson (2001b) as robust 

and highly selective MMP-3 inhibitors over MMP-2. Compound 13 (Figure 2.3) exhibited the 

highest dual MMP-2 and MMP-3 inhibition. 

 

 

Figure 2.3. Hydroxamate-based MMP-2 inhibitors (Compounds 13-18). 

The researchers at Procter and Gamble Pharmaceuticals revealed several arylsulfonamide-

based hydroxamates with 6-oxohexahydropyridine and diazepine moieties as potent MMPIs 
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(Pikul et al., 2001). Inhibition of MMP-2 by compound 14 (Figure 2.3) was very effective 

(IC50 = 1 nM) and at least 2.5 times more selective than inhibition of other MMPs. Arylsulfonyl 

hydroxamates have been found by researchers at Celltech Chiroscience as effective MMPIs 

(Baxter et al., 2001). When compared to MMP-8, compound 15 (Figure 2.3) showed effective 

but non-selective MMP-2 inhibition (IC50 = 3 nM for both), while still exhibiting better 

selectivity over MMP-3 and -9. After oral administration in rats (10 mg/kg), compound 15 

showed a significant plasma level concentration (300 ng/ml). Comparatively better than 

marimastat (Figure 1.16, Chapter 1), compound 15 produced 50% and 80% inhibition in the 

adjuvant arthritis model and the B16F10 melanoma mouse model, respectively, at a dose of 3 

mg/kg. Pharmacia researchers reported some arylhydroxamate sulfonamides are powerful 

inhibitors of MMP-2 and -13 (Barta et al., 2001). The majority of substances produced strong 

and specific MMP-2 inhibition over MMP-13. Compound 16 (Figure 2.3) exhibited favorable 

pharmacokinetic characteristics in rats (Cmax = 5.16 g/ml, t1/2 = 1.5 hours), effective MMP-2 

inhibition (IC50 = 0.8 nM), and around 5-fold selectivity over MMP-13. It has been suggested 

that a group of hydroxamates of -alkyl-amino-sulfone could inhibit MMP-2 and -13 (Becker et 

al., 2001). The best MMP-2 inhibition was obtained by compound 17 (Figure 2.3), which also 

had a selectivity over MMP-13. A number of macrocyclic amide and ketone-based 

hydroxamates have been identified by Abbott laboratories researchers as effective inhibitors of 

TACE as well as MMP-1 and -2 (Holms et al., 2001). Compound 18 (Figure 2.3) produced 

significant MMP-2 inhibition (IC50 = 0.23 nM) and had a selectivity of more than 26 times over 

TACE. In addition, MMP-2 activity is better than prinomastat (Figure 1.16, Chapter 1). The 

THP-1 cellular assay showed that it inhibited TNF production in a promising way.  

Some N-aryl sulfonyl aziridine hydroxamates were described by Hanessian and colleagues 

(2001a) as potent MMPIs. The most potent MMP-2 inhibitor (IC50 = 237 nM, Figure 2.4) was 

compound 19, which was nonselective toward MMP-3 and -13 and nearly three times less 

active against MMP-9 (IC50 = 83 nM).  
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Figure 2.4. Hydroxamate-based MMP-2 inhibitors (Compounds 19-23). 

 

Additionally, Hanessian et al. (2001b) revealed that a few arylsulfonyl homocysteine 

hydroxamates were efficient MMPIs. The majority of these compounds exhibited strong and 

focused MMP-9 inhibition in comparison to other MMPs. Compound 20 (Figure 2.4) produced 

strong MMP-2 inhibition (IC50 = 0.3 nM), but it had a 30 times stronger affinity for MMP-9 

(IC50 = 0.01 nM). Hanessian et al. (2001c) reported certain arylsulfonamido hydroxamates as 

possible MMPIs in a different report. The highest MMP-2 inhibition was shown by compound 

21 (Figure 2.4), which also had a nearly higher affinity for MMP-9 (IC50 = 0.9 nM). Some 3-

bisarylthio N-hydroxy propionamides with α-substitutions were described by Chollet et al. 

(2002) as potential MMPIs. Most compounds show excellent and selective MMP-2 inhibitory 

activity as compared to other MMPs. The best MMP-2 inhibition (IC50 = 0.06 nM) was seen 

with compound 22 (Figure 2.4), which had the minimum 8-fold selectivity over other MMPs. 

Additionally, Compound 22 showed a significant reduction in the metastatic spread and a 55 



Chapter 2: Literature Review 

 

Page | 60  
 

percent tumor reduction at 200 mg/kg ip dose in the B16F10 mouse melanoma model. Also, it 

(compound 22) demonstrated high absorption (92 percent) in the permeability investigation 

using the caco-2 cell line monolayer and intermediate metabolic stability (20 percent) in human 

hepatic microsomes. Tetrahydroisoquinoline-based hydroxamates have been reported to be 

effective broad-spectrum MMPIs (Ma et al., 2004). Compared to MMP-15 (IC50 = 19 nM) and 

MMP-16 (IC50 = 21 nM), compound 23 (Figure 2.4) inhibited MMP-2 potently but 

nonselectively (IC50 = 18 nM). 

When compared to other MMPs, a group of N-arylsulfonyl-N-alkyloxy aminoacetohydroxamic 

acids have been found to be effective and selective MMP-2 inhibitors (Rossello et al., 2004). 

Compound 24 (Figure 2.5), which had the minimum 17-fold selectivity over MMP-3 and -9, 

had strong MMP-2 inhibitory action (IC50 = 12 nM). Additionally, compound 24 was also found 

to reduce fibrosarcoma HT1080 cells at a concentration of 50 nM, in addition to a decreased 

invasion as revealed by the matrigel assay.  

 

Figure 2.5. Hydroxamate-based MMP-2 inhibitors (Compounds 24-29). 
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The report of N-ipropoxy-N-biphenylsulphonyl-aminobutylhydroxamic acids as potent and 

specific MMP-2 inhibitors over other MMPs was the result of research by Rossello and 

coworkers (2005a). With a stronger selectivity for MMP-2 than the other compounds, 

compound 25 (Figure 2.5) demonstrated the strongest MMP-2 inhibitory efficacy (IC50 = 0.09 

nM). Compound 25 also showed a significant reduction in HUVEC cells' chemoinvasion after 

they crossed the matrigel barrier. In addition, it has been found that some arylsulfonamido 

hydroxamic acids are more effective and specific MMP-2 inhibitors than other MMPs 

(Rossello et al., 2005b). Compound 26 (Figure 2.5), which had the minimum 19-fold 

selectivity over other MMPs, exhibited higher MMP-2 inhibition (IC50 = 0.41 nM). Compound 

26 also showed potential as the cytotoxic agent against HT1080 in a Trypan Blue test (35% 

cytotoxicity at 10 μM dosage). A group of α- and β-piperidine-sulfone hydroxamic acids were 

reported by Pfizer researchers to be effective MMPIs (Becker et al., 2005). Compound 27 

(Figure 2.5), however, showed strong selectivity against other MMPs while exhibiting robust 

but nonselective MMP inhibition (MMP-2 IC50 = 0.33 nM, MMP-13 IC50 = 0.40 nM). It also 

showed a fantastic Cmax of 281 ng/ml after 6 hr of treatment in rats. In the mouse model of 

corneal neovascularization, compound 27 reduced neovascularization by 50% at the dose of 50 

mpk, indicating a promising antiangiogenic action. Nevertheless, compound 27 with paclitaxel 

improved mice's median survival time by roughly 46.7 days, which strongly supported 

compound 27 potential for tumor reduction. Another work by Ono Pharmaceuticals researchers 

identified a number of γ-aminobutyric acid derivatives as potential MMP-2 inhibitors using an 

in silico fragment-based methodology (Takahashi et al., 2005). The highest MMP-2 inhibitory 

efficacy (IC50 = 2.4 M) and maximum selectivity for MMP-2 were exhibited by compound 28 

(Figure 2.5). The same research laboratory conducted additional studies that resulted in the 

creation of N-benzyl γ-aminobutyric acid hydroxamates as highly effective and selective 

MMP-2 inhibitors (Ikura et al., 2006). Compound 29 (Figure 2.5), which has 620-fold 

selectivity over MMP-3, showed the highest MMP-2 inhibition (IC50 = 2.9 nM).  

Once again, the Ono workers created a number of N-benzoyl γ-aminobutyric acid 

hydroxamates that show potential as MMP-2 inhibitors (Nakatani et al., 2006). Compound 30 

(Figure 2.6) displayed the highest selectivity for MMP-2 and the strongest MMP-2 inhibition 

(IC50 = 0.73 nM). 
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Figure 2.6. Hydroxamate-based MMP-2 inhibitors (Compounds 30-34). 

The Ono researchers carried out some more studies that resulted in the creation of N-phenoxy 

benzyl γ-aminobutyric acid hydroxamates (Yamamoto et al., 2006). Compound 31 (Figure 2.6) 

exhibited impressive MMP-2 (IC50 = 0.5 nM) inhibition with selectivity over other MMPs. 

Researchers at Wyeth Research created a number of butynyloxyphenyl-sulphone piperidine 

hydroxamates as potential TACE inhibitors selective for MMPs (Park et al., 2006). Compound 

32 (Figure 2.6), the highly effective TACE inhibitor with a selectivity of 237-fold over MMP-

2 (IC50 = 355 nM), had an IC50 value of 1.5 nM. The Wyeth researchers carried out more work 

that resulted in the discovery of TACE inhibitors that are specifically effective against MMP-

2 and MMP-13 (Condon et al. 2007). Compound 33 (Figure 2.6) showed potent MMP-2 

inhibition (IC50 = 4 nM) with a selectivity of nearly 6 times that of MMP-13 (IC50 = 24.4 nM). 

A series of butynyloxyphenyl and butynylaminophenyl o-sulfone piperidine hydroxamates 

were described by Lombart and colleagues (2007) as potent and selective TACE inhibitors over 

MMP-2, -13, and -14. Compound 34 (Figure 2.6) resulted in MMP-2 inhibition (IC50 = 940 

nM) but potent and selective TACE inhibition (IC50 = 3 nM).  

Researchers from Pfizer Global Research reported a series of 4-biaryl piperidine sulfonamide 

hydroxamates as potent and selective MMP-3 inhibitors over MMP-2 (Whitlock et al. 2007). 
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Among these molecules, compound 35 (Figure 2.7) had the highest MMP-2 inhibition (IC50 = 

9 nM), while it was nonselective over MMP-3 (IC50 = 6 nM). 

 

 

Figure 2.7. Hydroxamate-based MMP-2 inhibitors (Compounds 35-40). 

Arylsulfonamide hydroxamates have been identified by Nuti and co-workers (2007) as MMP 

and carbonic anhydrase inhibitors (CAs). The most effective compound 36 (Figure 2.7), MMP-

9 inhibitor (IC50 = 286 nM) exhibits potential inhibitory activity over MMP-2 (IC50 = 730 nM). 

Moroy and colleagues (2007) produced some ilomastat (Figure 1.16, Chapter 1) analogs and 

tested them against various MMPs. Inhibitory activity against MMP-2 (IC50 = 123 nM) was 

produced by compound 37 (Figure 2.7), which was more effective against other MMPs. Again, 

some β-sulfonyl hydroxamates have been identified by Wyeth Research as potential and 

stronger MMP inhibitors than TACE inhibitors (Huang et al., 2007). Compound 38 (Figure 

2.7) exhibited remarkable TACE inhibition with greater selectivity than MMP-2 (IC50 = 513 

nM) and the IC50 of 2.3 nM. Researchers at Incyte Corporation described a number of N-

hydroxy-6-carboxamide-5-azaspiro [2.5] octane-7-carboxamides as strong and specific 

inhibitors of MMPs and ADAM-10 (Yao et al., 2007). Compound 39 (Figure 2.7) showed 

significant MMP-2 inhibitory effects with the IC50 of 39 nM and better selectivity over other 
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MMPs and ADAM-10. Additionally, compound 39 was shown to reduce HER-2 overexpressed 

human breast cancer, as indicated by the mouse xenograft model BT-474-SC1. The tumor size 

of models was also reduced, which improved the effectiveness in combination with 

trastuzumab. A number of arylsulfonamido hydroxamates were described by Wagner et al. 

(2007) as promising broad-spectrum MMPIs. It's interesting to note that compound 40 (Figure 
2.7) inhibited MMP-2 (IC50 = 2 nM) more effectively than other MMPs. 

Incyte Corporation researchers also further disclosed a series of 7- [(hydroxylamino) carbonyl]-

6-carboxamide-5-azasprin [2.5] octane-5-carboxylates as ADAM-10 as well as MMPIs 

inhibitors (Yao et al., 2008). With the higher selectivity over various MMPs, such as MMP-2 

(IC50 = 488 nM), compound 41 (Figure 2.8) produced significant ADAM-10 inhibitory action 

(IC50 = 26 nM).  

 

 

Figure 2.8. Hydroxamate-based MMP-2 inhibitors (Compounds 41-45). 

In additional research conducted by the same laboratory, potent MMPIs and ADAM-10 

inhibitors known as β-sulfonamido piperidine hydroxamates were developed (Burns et al., 

2008). With a stronger selectivity over MMP-2 (IC50 = 1,272 nM) than any other molecule, 

compound 42 (Figure 2.8) demonstrated potent ADAM-10 inhibitory action (IC50 = 9.1 nM). 
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Johnson and Johnson's Pharmaceutical researchers investigated several hydroxamates based on 

β-N biarylether sulfonamide as potent gelatinase inhibitors (Yang et al., 2008a). However, 

inhibition of MMP-9 by compound 43 (Figure 2.8) was highly effective (IC50 = 7.8 nM) and 

7.8-fold more selective than MMP-2 (IC50 = 61 nM). The same research team conducted 

additional research that led to the development of β-N biarylether sulfonamido hydroxamates, 

which are powerful and selective MMP-9 inhibitors over MMP-2 (Yang et al., 2008b). 

Compound 44 (Figure 2.8) displayed strong MMP-9 inhibitory activity and exhibited 

selectivity over MMP-2 (IC50 = 9.3 nM). Chun and coworkers (2008) reported certain 

chromene-based hydroxamates as possible TACE inhibitors. Compound 45 (Figure 2.8) 

showed a 347-fold selectivity over MMP-2 (IC50 = 1040 nM) having promising TACE 

inhibitory activity. 

Some L-lysine derivatives have been found by Wang et al. (2008) to be powerful and selective 

MMP-2 inhibitors over aminopeptidase N (APN). The highest MMP-2 inhibitory activity (IC50 

= 3.54 M) was exhibited by compound 46 (Figure 2.9) with a 161-fold selectivity over APN. 

 

 

Figure 2.9. Hydroxamate-based MMP-2 inhibitors (Compounds 46-50). 

Some iminodiacetyl-based arylsulfonamido hydroxamates were reported by Marques et al. 

(2008) acting as both MMP and CA inhibitors. Compound 47 (Figure 2.9) exhibits potent 

MMP-13 inhibitory activity (IC50 = 0.12 nM) in addition to promising CA inhibitory activity, 

surpassing that of other MMPs like MMP-2 (IC50 = 0.35 nM). The Wyeth Research group 
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reported a number of α-sulfone piperidine hydroxamates as powerful inhibitors of MMP-2, -

13, and TACE (Zhang et al., 2009). Compound 48 (Figure 2.9) showed the 62-fold selectivity 

for MMP-2 (IC50 = 62 nM) and powerful TACE inhibitory activity. Also, as powerful MMPs 

and ADAM-10 inhibitors, Incyte Corporation researchers created a series of 2-carboxamide-3- 

hydroxamic acid piperidines (Burns et al. 2009). The MMP-2 (IC50 = 8 nM) enzyme was 

effectively inhibited by compound 49 (Figure 2.9) as compared to ADAM-10. Researchers 

from Incyte Corporation explored several carboxamate derivatives as effective ADAM-10 

inhibitors that are also selective for MMPs in a separate research (Li et al. 2009). Moreover, 

when compared to ADAM-10 (IC50 = 11 nM), compound 50 (Figure 2.9) showed robust and 

selective MMP-2 inhibition (IC50 < 5 nM).  

Mou and coworkers (2009) suggested a number of L-arginine-based compounds as possible 

APN and MMP-2 inhibitors. Compound 51 (Figure 2.10) displayed 191-fold selectivity for 

APN and significant MMP-2 inhibitory action (IC50 = 8.7 M).  

 

Figure 2.10. Hydroxamate-based MMP-2 inhibitors (Compounds 51-55). 

APN and MMP-2 are both inhibited by certain N-cinnamoyl-L-aspartic acids, according to Liu 

et al. (2009). With a selectivity of 5.5-fold over APN, compound 52 (Figure 2.10) showed 

significant MMP-2 inhibition (IC50 = 176.5 M) among such molecules. Nuti and coworkers 
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(2009a) reported certain N-O-isopropyl sulfonamide-based hydroxamates as potential MMPIs. 

Compound 53 (Figure 2.10) exhibited impressive MMP-13 inhibitory activity with 3.2-fold 

selectivity over MMP-2 (IC50 = 9.6 nM), and its IC50 value was only 3 nM. Arylsulfone-based 

hydroxamates were developed as potential MMPIs as a result of further research by Nuti et al. 

(2009b). Despite having a strong inhibitory effect on MMP-2 (IC50 = 3.5 nM) in compound 54 

(Figure 2.10), it was more selective for MMP-12 (IC50 = 0.20 nM). Some phenylpiperadine α-

sulfone hydroxamates have been described by Pfizer researchers as orally bioavailable and 

selective MMP-13 inhibitors. (Kolodziej et al., 2010a). A minimum of 12.5-fold selectivity 

over all MMPs, including MMP-2 (IC50 = 5.3 nM), was obtained by compound 55 (Figure 
2.10), which exhibited strong MMP-13 inhibitory action (IC50 = 0.42 nM). 

Kolodziej et al. (2010b) developed a host of N-aryl isonipecotamide α-sulfone hydroxamates 

as potential and effective MMP-13 inhibitors that are selective compared to other MMPs. With 

the minimum of 41-fold selectivity over other MMPs, including MMP-2 (IC50 = 400 nM), 

compound 56 (Figure 2.11) produced strong MMP-13 inhibitory activity (IC50 = 9 nM).  

 

Figure 2.11. Hydroxamate-based MMP-2 inhibitors (Compounds 56-60). 

A variety of arylsulfonamides were also reported by Nuti and colleagues (2010) as powerful 

inhibitors of MMPs as well as ADAM-17 and -10. A minimum of 10.6-fold selectivity over 

various MMPs, including MMP-2 (IC50 = 17 nM), was exhibited by compound 57 (Figure 
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2.11), which demonstrated potent ADAM-17 inhibition (IC50 = 1.6 nM). The epithelial ovarian 

(A2774 and SKOV3), breast (MCF-7 and MDAMB-486), and neuroblastoma (GI-CA-N) 

cancers were all responded well with it. Additionally, it effectively reduced the release of 

sALCAM from a variety of cell lines, including the A2774 cell line (IC50 = 11 nM). Pfizer 

Research scientists produced a number of α-sulfone α-piperidine and α-tetrahydropyranyl 

hydroxamates as possible MMPIs (Becker et al., 2010). Strong but nonselective MMP 

inhibition was demonstrated by compound 58 (Figure 2.11) (IC50: MMP-2 = 0.1 nM, MMP-

13 = 0.1 nM). The same research team conducted additional studies that resulted in the 

discovery of α-sulfone hydroxamates as potent MMPIs (Fobian et al., 2011). Despite being 

nonselective toward MMP-8 and -13, compound 59 (Figure 2.11) had strong MMP-2 

inhibitory action (IC50 = 0.18 nM). A group of 2-naphthyl sulfonamide-based hydroxamates 

has been identified by Novartis researchers (Tommasi et al., 2011) as effective MMP-13 

inhibitors that are selective for MMP-2. Compound 60 (Figure 2.11) showed excellent MMP-

2 inhibition (IC50 = 128 nM), but it was 213-fold more selective for MMP-13 (IC50 = 0.6 nM).   

Nuti and coworkers (2011) reported a number of (ethylthiophene) sulfonamide-based 

hydroxamates that are effective MMPIs. A minimum of 16.5-fold selectivity over other MMPs 

was shown by compound 61 (Figure 2.12), which exhibited strong MMP-2 inhibitory activity 

(IC50 = 2.3 nM). In U87MG glioma cells, compound 61 displayed 12 percent cell viability and 

decreased 42.6 percent cellular invasion in a dose-dependent manner.  

 

Figure 2.12. Hydroxamate-based MMP-2 inhibitors (Compounds 61-64). 
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Some arylsulfonyl hydroxamates based on α-tetrahydropyranyl were reported to be strong and 

selective MMP-2 inhibitors over MMP-9 (Zapico et al., 2011). The highest MMP-2 inhibitory 

action was obtained by compound 62 (Figure 2.12), which also maintained a minimum 4-fold 

selectivity over other MMPs (IC50 = 0.03 nM). Topai and coworkers (2012) suggested several 

gelatinase inhibitors using a number of scaffolds using an in silico pharmacophore-based 

method and the virtual screening strategy. An efficient gelatinase inhibitory pyroglutamine 

analog was found to be a promising hit. In order to create several arylsulfonamido hydroxamate 

derivatives, the pyroglutamate moiety was first changed by various bioisosteric scaffolds 

(specifically proline, hydroxyproline, thiazolidine, and thiazolidinedione). The majority of 

these substances have greater potency and selectivity for MMP-2 than MMP-9. Compound 63 

(Figure 2.12), which maintained the minimum 17.8-fold selectivity over other MMPs, 

demonstrated strong MMP-2 inhibitory action (IC50 = 9 nM). Ltyrosine-containing dual 

inhibitors of HDAC-8 and MMP-2 were developed by Cheng et al. in 2012. Compound 64 

(Figure 2.12) demonstrated more than 4,850-fold selectivity over HDAC-8 and significant 

MMP-2 inhibitory action (IC50 = 17 nM). 

Some triazole-substituted hydroxamates were described by Hugenberg et al. (2012) as potent 

MMPIs. Compound 65 (Figure 2.13) exhibited strong MMP-2 inhibition (IC50 = 0.13 nM), 

however, it was 21 times more selective for MMP-13 (IC50 = 0.006 nM). Compound 65 may 

be a potential MMP-targeted radiotracer for non-invasive positron emission tomography (PET) 

imaging of activated MMPs, according to the in vivo investigation. 
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Figure 2.13. Hydroxamate-based MMP-2 inhibitors (Compounds 65-68). 

A number of arylsulfonamido hydroxamates with potential MMP and aggrecanase inhibitory 

actions were reported by Nuti and colleagues in 2013a. In comparison to MMP-2 (IC50 = 46 

nM), compound 66 (Figure 2.13) showed significantly greater affinity for aggrecanase-2 (IC50 

= 35 nM). Additional research by Nuti and colleagues (2013b) prompted the development of a 

number of arylsulfonamides that are promising MMPI and ADAM-17 inhibitors. Compound 

67 (Figure 2.13) showed excellent MMP-2 inhibition (IC50 = 240 nM) with a minimum 

selectivity of 6.8-fold over MMP-9 and -14. It was also revealed to strongly decrease sALCAM 

shedding at lower concentrations in a variety of ovarian cancer cell lines (such as A2774, 

SKOV3-luc, and A2780). Some triazolyl-substituted arylsulfonyl hydroxamates were 

described by Fabre et al. (2013) as strong and highly selective inhibitors of MMP-2 over MMP-

9. Compound 68 (Figure 2.13) showed 25.8-fold selectivity over MMP-9 and strong MMP-2 

inhibition (IC50 = 1.7 nM). It also exhibited promising water solubility and caco-2 cellular 

permeability in vitro in the HT1080 cell line, where it inhibited invasive behavior by 37% at a 

10 µM dose.  

Some α-sulfonyl γ-(glycynylamino) proline peptidomimetic analogs were reported by Zhang 

and coworkers (2014) as dual inhibitors of MMP-2 and APN-sparing HDACs. Inhibition of 
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MMP-2 by compound 69 (Figure 2.14) was highly selective against APN (IC50 = 72.29 M) 

and displayed significant activity. Compound 69 also exhibited antiproliferative properties in 

vitro against the human ovarian cell line (SKOV3) with an IC50 value of 196.37 M, however, 

it had no effect on the HL60 leukemia cell line or the A549 lung carcinoma cell line. 

 

Figure 2.14. Hydroxamate-based MMP-2 inhibitors (Compounds 69-73). 

Behrends and coworkers (2015) reported a series of effective gelatinase inhibitors called γ-

fluorinated α-aminocarboxylic and α-aminohydroxamic acids. Compound 70 (Figure 2.14) 

demonstrated strong MMP-2 inhibition (IC50 = 2 nM) with 2.3-fold selectivity over MMP-9. 

Additionally, N-isopropoxy-arylsulfonamido hydroxamates were reported by Nuti et al. (2015) 

as promising and selective MMP-2 inhibitors in comparison to other MMPs. MMP-2 inhibition 

(IC50 = 0.67 nM) by compound 71 (Figure 2.14) was significant, but its MMP-9 and MMP-13 

inhibitory actions were higher. According to the in vitro study, compound 71 drastically 

lowered HUVEC migration and invasion at lower concentrations (1 nM). However, in a dose-

dependent manner, it also prevented HUVEC cells from undergoing FBS-induced 

morphogenesis, indicating that it may have antiangiogenic properties. Further evidence that 

compound 71 could block gelatinase activity came from the western blot and gelatine 

zymography analyses. Additionally, it demonstrated potential cytotoxicity and an ability to 

cause apoptosis in endothelial cells. However, the matrigel sponge assay model in mice 
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revealed that it also responded favorably to the evaluation of antiangiogenic efficacy in vivo. 

According to Zapico et al., (2015), a group of arylsulfonamido hydroxamates is effective 

gelatinase inhibitor. Compound 72 (Figure 2.14) demonstrated strong MMP-2 inhibitory 

activity (IC50 = 1.3 nM) with a maximal 95-fold selectivity over other MMPs. Some 

hydroxamates have been identified by Sjoli et al. (2016) as potential gelatinase and ADAM-17 

inhibitors. Compound 73 (Figure 2.14) produced strong MMP-2 inhibition (IC50 = 0.003 nM) 

with selectivity for MMP-2 greater than 17.6 times that of MMP-9. 

2.5. Development of MMP-2 inhibitors 

For the past decade, the Natural Science Laboratory at Jadavpur University's Department of 

Pharmaceutical Technology has been focused on developing carboxylic acid derivatives based 

on arylsulfonamide and arylcarboxamide as efficient MMP-2 inhibitors as possible anticancer 

agents (Dutta et al., 2019; Mukherjee et al., 2017; Adhikari et al., 2016; Halder et al., 2015; 

Dutta et al., 2022; Adhikari, 2018). The arylcarboxamide derivatives were shown to have both 

MMP-2 and HDAC8 inhibitory capabilities, whilst the arylsulfonamides were discovered to be 

more effective and selective MMP-2 inhibitors. The study has discovered that the biphenyl 

sulfonyl scaffold may be a key fragment for exerting potential MMP-2 inhibition through the 

use of several ligand-based drug designing methodologies (specifically 2D-QSAR, 

classification-based QSARs, pharmacophore mapping, as well as 3D-QSAR CoMFA and 

CoMSIA) (Adhikari et al., 2016). Various biphenyl sulfonyl L(+) glutamic acid derivatives 

were designed and synthesized based on this discovery and molecular docking validation 

(Adhikari et al., 2016). It's interesting to note that all of them have the potential to inhibit MMP-

2 with a high level of selectivity for MMP-2 over MMP-9 (>10-fold), sparing MMP-1. The 

biphenyl group attached to the sulfonamido moiety directed toward the S1′ pocket played 

significant roles in the MMP-2 selectivity, according to several molecular modeling studies 

using these in-house molecules (Baidya et al., 2023; Adhikari et al., 2017; Adhikari et al., 

2018a; Jha et al., 2018; Adhikari et al., 2018b). 

Biphenyl sulfonyl L-(+) glutamine (compound 74, Figure 2.15) was shown to be a powerful 

and selective MMP-2 inhibitor when compared to MMP-9 and MMP-14 in the initial 

observation (Adhikari et al., 2016).  
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Figure 2.15. Structures of glutamic acid-based potent and selective MMP-2 inhibitors 

(Compound 74-78). 

Similar to this, the free amine group was substituted with cyclohexyl (compound 75, Figure 
2.15) and benzyl (compound 76, Figure 2.15) groups to produce very effective and selective 

MMP-2 inhibitors over MMP-9 and MMP-14. However, when evaluated against other 

medium-sized S1′ pocket MMPs, the MMP-2 selectivity of each of these compounds was found 

to be significantly lower (namely MMP-8 and MMP-12). When tested against all other 

medium-size S1′ pocket MMPs, the 3,5-bistrifluoromethylbenzyl moiety (compound 77, 

Figure 2.15) produced a strong and relatively selective MMP-2 inhibition. None of these 

compounds, with the exception of compound 77 (IC50 = 270 M), had any cytotoxicity (>200 

nM) against the lung cancer cell line A549. Interestingly, it was shown that compounds 76 and 

77 both decreased the cellular MMP-2 expression in the A549 cell line by up to 60.50 and 

78.90%, respectively. Similarly, it was found that both of these compounds had effective anti-

invasive activities (> 50%) and decreased migration in the A549 cell line at a dose of 50 µM. 

When these compounds (74-76) were tested for cytotoxicity against the leukemia cell line 

K562, they did not perform well. In this situation, it is reasonable to suppose that while being 
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extremely strong and selective for MMP-2, the biphenyl scaffold's greater hydrophobicity and 

poor solubility may have restricted cellular permeability and caused poor cytotoxicity. 

To test whether this change would affect MMP-2 inhibitory potency, selectivity, or cytotoxic 

characteristics, structural alterations were made by substituting the terminal phenyl group of 

the biphenyl scaffold with an electron-withdrawing nitro group (Mukherjee et al., 2017). It was 

noteworthy to find that although exerting cytotoxicity against multiple cancer cell lines (such 

as A549, MDA-MB-231, K-562, and U-937), these compounds MMP-2 inhibitory efficacy and 

selectivity were reduced several fold when compared to the earlier ones. In contrast to other 

medium-sized S1′ pocket MMPs, Compound 78 (Figure 2.15), a dual selective gelatinase 

inhibitor, showed good cytotoxic potential against leukemia cell lines K-562 (IC50 = 17.90 M) 

and U-937 (IC50 = 32.14 M) as well as breast cancer cell lines MDA-MB-231 (IC50 = 162 M) 

and A549 (IC50 = 205.80 M).  

The benzyl analog (compound 79, Figure 2.16) had significant cytotoxic potential against the 

K-562 cell line and demonstrated MMP-2 selectivity (IC50 = 210 nM) over other medium-size 

S1′ pocket MMPs. 

 

Figure 2.16. Structures of glutamic acid-based potent and selective MMP-2 inhibitors 

(Compound 79-82). 

In the K-562 cell line, compound 78 also resulted in sub-G1 cellular arrest and produced a 

dose-dependent anti-invasive action. Again, flow cytometry analysis indicated that compound 
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78 downregulated MMP-2 expression (80.10 percent) at the dose of 10 µM. It is reasonable to 

assume that the decreased hydrophobicity of such compounds may be a regulating factor for 

altering their ability to damage leukemia and solid tumor cell lines. Again, it was noticed that 

compound 80 (Figure 2.16) showed highly potent gelatinase inhibition. Despite being a 

nonselective inhibitor, compound 80 was found to have a greater affinity for MMP-9 than 

MMP-2 in terms of gelatinase inhibition. Ethyl analog (compound 81, Figure 2.16) yielded 

better MMP-2 inhibition (IC50 = 0.588 nM) than the other analog but it was only 2-fold MMP-

2 selective over MMP-9. Last but not least, compound 82 (Figure 2.16) benzyl substitution 

analog exhibits potential gelatinase inhibition, but non selective against MMP-2 enzyme 

inhibition.  

According to the binding mode of interaction investigation, both MMP-2 and MMP-9 allowed 

the biphenyl group to reach the S1′ pocket in an aligned manner (Figures 2.17A and 2.17B). 

The benzyl group (compound 76) and 3,5-bis-trifluoromethyl benzyl group (compound 77) 

against MMP-2, on the other hand, created a π-π stacking interaction with His85 at the S2′ 

pocket.  When compared to the amino (compound 74) and cyclohexyl (compound 75) analogs, 

these molecules (compounds 76 and 77) may inhibit MMP-2 more potently due to this type of 

interaction. Contrarily, compounds 78 and 79, which lack the phenyl moiety but have the nitro 

group in their place, were less effective against MMP-2 in comparison but more effective 

MMP-2 inhibitors than MMP-9 enzyme.  
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Figure 2.17. (A) Binding mode of interactions of compounds 74-79 at the active site of MMP-

2 (PDB ID: 1HOV); (B) Binding mode of interactions of compounds 74-79 at the active site 

of MMP-9 (PDB ID: 1GKC) (C) Binding mode of interactions of compounds 74 and 80-82 at 

the active site of MMP-2 (PDB ID: 1HOV); (D) Binding mode of interactions of compounds 

74 and 80-82  at the active site of MMP-9 (PDB ID: 1GKC) [Compounds 74, 75, 76, 77, 78 

and 79 are shown in orange, green, cyan, black, violet and grey ball and stick, respectively; 

Compounds 77, 80, 81, 82 are shown in orange, green, cyan, black ball and stick, respectively] 

 

Henceforth,  it is possible to argue that the large aryl groups in the S1′ pocket are also in part 

to blame for the selectivity provided over MMP-9 in addition to their role in the increased 

MMP-2 inhibitory potency. All of these changes from all of these compounds were noticeably 

absent from the S2′ pocket upon binding to MMP-9, giving a possible explanation for the 

increased MMP-2 selectivity of these molecules over MMP-9 (Figure 2.17A and 2.17B). 
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3.1. Rationale 

The Department of Pharmaceutical Technology at Jadavpur University, Kolkata, India, has 

dedicated the last 30 years to designing glutamate-based small molecule anticancer agents, as 

evidenced by a substantial body of research publications (De et al., 1984, 1985; Debnath AK 

et al., 1989; Debnath B et al., 2002, 2005, 2006; Gayen et al., 2005; Halder et al., 2013, 2015; 

Jha et al., 1986, 1987a, 1987b, 1999, 2003, 2017; Panda et al., 2006; Samanta et al., 2004, 

2007, 2009; Srikanth et al., 2001, 2002a, 2002b). This significant research emphasizes on the 

critical importance of target identification in the drug design process, particularly in 

understanding the pathways and specific mechanisms by which these molecules interact with 

enzymes to inhibit cancer progression. Designing and developing glutamate-based anticancer 

agents with both precise target specificity and heightened efficacy poses a complicated 

challenge. Therefore, a deep understanding of the biological pathways, drug-target interactions, 

comprehensive efficacy and safety evaluations, as well as continual refinement of these 

molecules to address issues such as specificity, bioavailability, and toxicity while utilizing 

advanced methodologies to enhance the development of safer and more effective anticancer 

agents. A thorough review of the literature confirms that glutamic acid is associated with 

hydroxamates, which could make it a viable and efficient ZBG (Adhikari et al., 2017c). The 

type of ZBG and the pattern of binding between the ZBG and the catalytic Zn2+ of the 

metalloenzyme may have a significant correlation with the rate of metalloenzyme inhibition as 

well as the potentiality of the ligand (Adhikari et al., 2017a; Baidya et al., 2022). To maintain 

greater efficacy and selectivity between these isoenzymes containing Zn2+ ions, ZBG's 

presence in the molecule is not as significant as its related groups/functions and structural 

orientation (Adhikari et al., 2017c).  

A number of hydroxamate analogs having potential MMP-2 inhibitory activity have already 

been discussed in detail in Chapter 2. Taking into account this important fact, the hydroxamates 

of the glutamic acid analogs may be considered as potential ZBG.  Interestingly, hydroxamate 

is an effective ZBG as it may form hydrogen bonding interaction with the Zn2+ ion as well as 

the neighboring amino acid residues in MMP enzyme active sites. Moreover, the –NH group 

and the –OH group of the hydroxamate group are found to form hydrogen bonds with alanine 

and glutamic acid residues respectively (Rao, 2005). Hydroxamate, a potent chelator, may 

make it difficult to create selective MMPIs because of unfavorable side effects against off-

target MMPs (Rao 2005; Overall and Kleifeld, 2006; Georgiadis and Yiotakis 2008). Despite 

these serious problems, hydroxamates (ZBG1) and carboxylates (ZBG2) containing MMPIs 
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were reported to exhibit selectivity among MMPs (Rossello et al. 2005a; Nakatani et al. 2006; 

Whitlock et al. 2007). It was also proven that strong ZBGs may not impart off-target 

metalloenzyme inhibition inherently. Moreover, the off-target activity of ZBGs may not 

necessarily produce the overall reflection of the off-target activity of an inhibitor compared to 

the same ZBG (Jacobsen et al. 2008). Despite being potent MMPIs, none of the hydroxamate 

analogs were approved by the FDA due to unwanted musculoskeletal syndromes (MSS) in 

clinical studies (Brown et al. 2004) for nonselective MMP inhibition as discussed in Chapter 

1. However, in case of improvement of selectivity, strong metal chelating groups may impede 

the development of highly selective MMPIs because of the conserved Zn2+ ion across all 

MMPs, even if devolve powerful and selective MMPIs. Achieving MMPIs selectivity for a 

particular isoenzyme over various MMPs is a difficult challenge. Therefore, to improve the 

physicochemical characteristics of these MMPIs, pharmacokinetic and bioavailability studies 

may need to be taken into account. In addition to MMPIs with ZBGs, effective methods for 

achieving MMPI selectivity for compounds without ZBGs were reported. 

It is an extremely tough undertaking to build a molecule with better potency towards MMP-2 

and simultaneously higher selectivity over other different MMPs with respect to efficacy and 

selectivity towards MMP-2. The structure and amino acid residues of the S1′ pocket of these 

MMPs that show structural similarities are the only factors contributing to this issue. In 

addition, it is well known that the hydrophobic S1′ pocket is the single most important and 

inevitable component in maintaining the efficacy of MMPIs. Thus, while creating powerful 

MMPIs, the essential hydrophobicity of the S1′ pocket must be taken into account (Baidya et 

al., 2022). However, creating a druggable MMPI with a superior pharmacokinetic profile and 

less harmful characteristics is equally challenging. However, the selectivity profile should be 

given the highest importance or priority in order to obtain or construct target-specific MMPIs, 

given the significant biological implications. 

The key structural components of arylsulfonamide compounds that enable them to inhibit 

MMP-2 enzyme selectively and effectively are displayed in Figure 3.1 (Adhikari et al., 2017a). 

This SAR study could be helpful in the development of more effective and selective MMP-2 

inhibitors. 
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Figure 3.1. Structural exploration of hydroxamates-based arylsulfonamides moiety for 

exerting MMP-2 selectivity. 

3.2. Aims and objectives 

This present research has been using a variety of molecular modeling approaches such as 

docking-based 2D-QSAR, HQSAR, Linear discriminant analysis (LDA), Bayesian 

classification, and 3D-QSAR (i.e., CoMFA and CoMSIA) to design various 

biphenylsulfonamide hydroxamates-based glutamine analogs. These molecules were 

synthesized and characterized by different analytical techniques followed by biological 

evaluation through enzymatic assay and cytotoxicity studies. To combat terrible diseases like 

cancer, especially hematological cancer, the goal of this work was to create and identify a 

potential lead molecule as a metalloenzyme (MMP-2) inhibitor that may also offer selectivity 

over other MMPs. It has long been known that glutamines may effectively cure cancer. One of 

the most crucial requirements for metalloenzyme inhibition is that glutamines act as an 

effective zinc binding group, which is made possible by the presence of hydroxamates. 

Molecular modeling research and a thorough review of the literature, however, indicated that 

glutamine compounds would work well as MMP-2 inhibitors. The initial hit molecule was 

found to be an efficient MMP-2 inhibitor using extensive multiple molecular modeling and 

structure-activity relationship (SAR) studies. Subsequent structural modification resulted in the 

lead molecule, which exhibited MMP-2 inhibitory activity at nM concentrations. However, 

these molecules did not exhibit any significant cytotoxicity and did show some typical 

antiinvasive and antimigratory properties. Moreover, these molecules can effectively be used 
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as adjuvant cancer therapy in combination with first-line anticancer treatments to treat diseases 

like cancer. Though our in-house molecules did not show MMP-2 selectivity in contrast to 

MMP-9, they were more cytotoxic in many cancer cell types. Again, some compounds were 

achieved through conformational alteration of the lead molecule and these were found to be 

highly selective towards MMP-2 as well as cytotoxic towards leukemia K-562 cell line and 

non-cytotoxic in normal human cell line. In terms of creating selective and cytotoxic MMP-2 

inhibitors, this might be the biggest accomplishment. Additionally, this research contained 

significant hints that might offer some helpful information for future improvements and 

adjustments to the methods used to design selective MMP-2 inhibitors. 

Therefore, this research work's aims and objectives may be briefly summarized as follows: 

▪ To develop promising therapy against cancer by targeting selective inhibition against 

MMP-2 through evaluation of small molecule biphenylsulfonamides hydroxamates-based 

glutamine derivatives. 

▪ To conduct molecular modeling studies using docking-based multiple linear regression 

(MLR), HQSAR study, linear discriminant analysis (LDA), bayesian classification study 

(molecules developed by Shandong University) and docking-based 2D-QSAR and 3D-

QSAR (i.e., CoMFA and CoMSIA) study of MMP-2 inhibitors (in-house molecules) 

required for the design and development of promising MMP-2 inhibitors. 

▪ To synthesize and characterize 5-N-Substituted 2-(substituted biphenylsulfonyl) D(-) 

glutamines. 

▪ To synthesize and characterize hydroxamate derivatives of 5-N-Substituted 2-(substituted 

biphenylsulfonyl) D(-) glutamines. 

▪ The most effective and potential hydroxamate-based MMP-2 inhibitor(s) was subjected to 

biological evaluation like cytotoxicity assay, MMP-2 expression analysis, enzyme assay, 

cell cycle analysis, angiogenesis assay, apoptosis analysis in K-562 cell line, and DNA 

deformation assay by DAPI staining for the management of cancer, especially 

hematological malignancy.  
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Target identification and subsequent validation are the first steps in the lengthy, expensive, 

dangerous, and multistep process of drug development. Thereafter, hit-to-lead production, lead 

optimization, preclinical research, and various stages of clinical trials come afterward. High-

throughput screening and combinatorial techniques were developed in the 90s to expedite the 

synthesis and screening of huge libraries and decrease the time and costs associated with drug 

discovery. Consequently, there was little progress made in the creation of new chemical entities or 

any notable successes were reported. Later, advanced computational tools, chemical synthesis, and 

biological research were combined to speed up the discovery process (Baig et al., 2018). The 

current study is based on three basic specialized fields viz (i) computational chemistry (molecular 

modeling), (ii) synthetic organic chemistry, and (iii) biological studies. This chapter discusses the 

resources and methods employed in each field. 

4.1. Computational Chemistry  

The Quantitative structure-activity relationships (QSAR) technique aids in the correlation between 

biological activity and the structural and physicochemical characteristics of the molecules, which 

may be useful in discovering crucial structural and physicochemical characteristics essential for 

imparting the increased inhibitory action (Gini, 2022). From a simpler perspective, the QSAR 

methodologies help in developing the correlation between a set of chemical quantifiable structural 

variances or similarity and their biological activity. The acceptance of computational chemistry 

has been demonstrated in various fields (Gasteiger, 2020). Using reliable statistical and machine 

learning techniques, QSAR is primarily concerned with the connection of chemical descriptors 

with certain biological end objectives. Additionally, it decreases the cost and length of the drug 

development process. In recent years, the quick development of computer technology, the 

accessibility of potent artificial intelligence (AI) algorithms, and the quick collection of molecular 

data have opened the way for the exponential rise of chemical knowledge and molecular modeling 

(Wei et al., 2022). Hence, in this work, different QSAR studies have been conducted based on 

modern computational techniques for the development of promising molecules to combat diseases 

like cancer.  

In this context, the computational study includes sulfonyl pyrrolidine-based MMP-2 inhibitors 

having diverse zinc-binding motifs. This dataset would serve as the foundation for building 

predictive models such as multiple linear regression (MLR), HQSAR study (Baidya et al., 2019), 
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linear discriminant analysis (LDA) (Guti et al., 2021), bayesian classification study (Baidya et al., 

2019) and comparative molecular similarity index analysis (CoMSIA) (Baidya et al., 2023; 

Adhikari et al., 2013; Halder et al., 2017), that elucidate the structure-activity relationships, aiding 

in the design and development of more potent MMP-2 inhibitors. 

In addition, another computational study was done concerning molecular docking-based 2D-

QSAR analysis (Baidya et al., 2019; Adhikari et al., 2016), and the 3D-QSAR study which deals 

with the comparative molecular field analysis (CoMFA) and comparative molecular similarity 

index analysis (CoMSIA) techniques (Baidya et al., 2023; Adhikari et al., 2013; Halder et al., 

2017) to identify the important structural parameters from in-house arylsulfonyl L-(+) glutamine 

derivatives required for the higher MMP-2 inhibitory activity. Moreover, a molecular docking 

study was performed to know the important enzyme-ligand interactions at the enzyme active site 

required for enzyme inhibitory activity. Apart from different docking-based 2D-QSAR and 3D-

QSAR studies, also performed molecular dynamics (MD) simulation analysis associated with 

molecular mechanics generalized born and surface area (MM/GBSA), free energy landscape 

(FEL) analysis, dynamic cross-correlation map (DCCM), principal component analysis (PCA) and 

probability density function (PDF) analysis. All the procedures have been discussed and depicted 

in detail as follows: 

4.1.1. Dataset preparation and preprocessing 

The first dataset comprising 65 sulfonyl pyrrolidine-based promising MMP-2 inhibitors 

(compound 1a-65a) with different zinc binding moieties was collected data curation from the 

literature (Table 5.1, Chapter 5) (Cheng et al., 2008a; Cheng et al., 2008b; Zhang et al., 2014; 

Zhang et al., 2018). These molecules were taken into consideration for robust multi-QSAR 

modeling analyses. Before carrying out the molecular modeling study, the variable biological 

endpoint, i.e., the MMP-2 inhibitory activity (IC50 ranging from 2 nM to 9,500 nM) of these 

molecules was converted into their respective negative logarithm values [pIC50 = -log (IC50/109)] 

for normal data point distribution (Adhikari et al., 2021). Noticeably, there was a high variation of 

pIC50 values of these molecules (pIC50 ranging from 8.699 to 5.022).   

Before descriptor calculation, these 65 compounds (compound 1a-65a) of this dataset were 

subjected to scrutiny through the ‘Prepare ligands for QSAR’ protocol of Discovery studio (DS) 

3.0 (http://www.accelrys.com). Next, the ‘PaDEL’ Descriptor software (Yap, 2011) was utilized 



Chapter 4: Materials & Methods 

 

Page | 83   

to compute 1,444 PaDEL descriptors for these dataset MMP-2 inhibitors. Not only that, but the 

PubChem fingerprint features (881 bits), the Klekota–Roth fingerprint (4860 bits), 2D-atom-pair 

fingerprint (780 bits), and substructure fingerprints (307 bits) were computed 

(ftp://ftp.ncbi.nlm.nih.gov/pubchem/specifications/pubchem_fingerprints.txt; Klekota and Roth, 

2008; Openbabel's SMARTS_InteLigand.txt).    

Again, the dataset pretreatment was carried out with the help of DTC laboratory software 

(https://dtclab.webs.com/software-tools) to remove highly correlated descriptors. Descriptors with 

correlation higher than 0.99 and covariance lower than 0.001 were removed in this process. 

Additionally, for the general physicochemical property-activity analysis, several molecular 

features such as molecular weight, lipophilicity, hydrogen bond forming capability, molecular 

surface areas as well as the number of aromatic and aliphatic groups were calculated using the DS 

3.0 software (http://www.accelrys.com). 

The total dataset consisting of 65 molecules (compound 1a-65a) was divided based on the 

‘generate training and test data’ protocol with the random method by using Discovery Studio 3.0 

(http://www.accelrys.com) where 70% molecules (nTrain = 49) were considered as the training set 

molecules and the remaining 30% molecules (nTest = 16) were considered as the test set molecules. 

Depending upon the average (Avg) pIC50 value of the total dataset molecules (Avg pIC50 = 6.3), a 

threshold pIC50 of 6.3 (IC50 = 5.01 nM) was considered to increase the benchmark to binarize the 

dataset molecules into actives (pIC50 ≥ 6.300) and inactive (pIC50 < 6.300). It was noticed that 

among the 49 training set compounds, 22 molecules had a pIC50 value ≥ 6.300, and therefore, these 

were considered actives. The remaining 27 molecules had a pIC50 value < 6.300 and were 

considered inactive. Similarly, for the 16 test set molecules, 7 molecules had a pIC50 value ≥ 6.300, 

and the remaining 9 molecules had a pIC50 value < 6.300. Therefore, the test set comprised 7 

molecules as actives and 9 molecules as inactives. The training set compounds were used to 

construct the statistically validated classification models which were externally validated on the 

test set molecules. 

In addition, another molecular modeling study was conducted on the second dataset for a total of 

32 (compound 1b-32b) in-house arylsulfonyl L-(+) glutamine derivatives having definite MMP-2 

inhibitory activity values was taken into consideration for structure-based drug designing studies 

(Adhikari et al., 2016; Mukherjee et al., 2017). The common scaffold of these in-house MMP-2 

inhibitors and their respective inhibitory activity are listed in Table 5.2, Chapter 5.  
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Before conducting the structure-based designing studies, the 2D structure of these molecules was 

drawn by using Chem Draw 5.0 software (http://www.cambridgesoft.com) and then converted 

respectively into their 3D counterparts (.mol). The ‘prepare ligand for QSAR’ protocol 

incorporated in Discovery Studio 3.0 (DS 3.0) software (http://www.accelrys.com) was then 

utilized to minimize the energy as well as structural and geometrical refinement of these molecules. 

Simultaneously, the MMP-2 inhibitory activity of these molecules (IC50 in nM) was also 

transformed into their respective negative logarithmic value (pIC50) for utilization as the dependent 

parameter. 

After such a dataset refinement process, the 32 dataset compounds (compound 1b-32b) were 

grouped into the training set and the test set for internal and external validation purposes. The 

Diverse Molecules method from the ‘Generate Training and Test Data’ protocol of DS 3.0 

software (http://www.accelrys.com) was adopted to generate a training set of 24 compounds 

(NTraining = 24) as well as a test set comprising 8 compounds (NTest = 08) (Table 5.1, Chapter 5), 

using the fundamental molecular characteristics such as lipophilicity (AlogP), molecular weight 

(MW), number of hydrogen bond donor and hydrogen bond acceptor groups (nHBD and nHBA, 

respectively), number of rotatable bonds (nRB), molecular polar surface area (MPSA), number of 

aromatic rings (nAR) of these in house MMP-2 inhibitors. 

4.1.2. Molecular docking analysis 

The molecular docking analysis was performed as per the protocol conducted earlier (Adhikari et 

al., 2016; Mukherjee et al., 2017; Adhikari et al., 2017b; Adhikari et al., 2018b). For the molecular 

docking study, initially, the NMR solution structure of the MMP-2 enzyme (PDB: 1HOV) was 

retrieved from the Protein Data Bank (https://www.rcsb.org/). The ‘protein preparation wizard’ 

protocol incorporated in the Schrodinger Maestro v12.1 software (https://www.schrodinger.com) 

was considered for the preparation and optimization of the MMP-2 structure. During protein 

preparation, the water molecules were eliminated from the protein structure. Moreover, the missing 

atoms were incorporated into the side chain of the MMP-2 structure. While preparing the protein 

structure, the OPLS2005 force field was taken into consideration to conduct the restrained 

minimization of the MMP-2 enzyme structure (https://www.schrodinger.com). Next, with the help 

of the protocol ‘receptor grid generation’ incorporated in the Schrodinger Maestro v12.1 software 

(https://www.schrodinger.com), the receptor grid generation was performed. The ligand-binding 
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region of the MMP-2 enzyme was estimated by choosing the active site amino acid residues 

(https://www.schrodinger.com). The centroid of the selected amino acid residues was considered 

for defining the grid of the receptor for molecular docking analysis. During receptor grid 

generation, the specific ligand diameter midpoint box (10Å X 10Å X 10Å) was made and other 

different parameters such as constraints, rotatable groups, and excluded volumes were considered 

unaltered. Then the compounds were prepared for the molecular docking analysis by using the 

LigPrep protocol of Schrodinger Maestro v12.1 software (https://www.schrodinger.com) along 

with EPIK module and OPLS_2005 forcefield while desalting, adding metal binding sites and 

retaining all the specific chirality for individual compounds without generating any tautomer. After 

that, the molecular docking analysis was conducted by using the extra-precision (XP) method of 

the GLIDE protocol. Finally, the post-docking interaction analysis was visualized through the Pose 

Viewer protocol incorporated in Schrodinger Maestro v12.1 software 

(https://www.schrodinger.com). 

4.1.3. Multiple linear regression (MLR) study 

Multiple linear regressions (MLR) based 2D-QSAR study was employed to correlate molecular 

descriptors with biological activity. In this context, MLR was done by internal and external 

matrices were used to assess the predictability of the generated model 

(https://dtclab.webs.com/software-tools). The correlation coefficient (R) explains how closely the 

observed data follows the fitted regression line. The squared correlation coefficient (R2) was 

determined as per Equation 4.1. 

𝑅2 = 1 − ∑(𝑦𝑂𝑏𝑠−𝑦𝑐𝑎𝑙𝑐)2∑(𝑦𝑂𝑏𝑠−𝑦𝑚𝑒𝑎𝑛)2                                                           4.1 

Where, Y𝑜𝑏𝑠 and Y𝑐𝑎𝑙𝑐 represent the actual and predicted biological activity of training set 

molecules, respectively and Y𝑚𝑒𝑎𝑛 represents the average biological activity of the training set 

molecules. 

Again, adjusted R2 (R2𝑎dj) was calculated using Equation 4.2 where n is the number of scores and 

p is the number of descriptors, to avoid the limitations associated with the value the value of 𝑅2. 

𝑅𝑎𝑑𝑗2 = (𝑛−1)×𝑅2−𝑝𝑛−𝑝−1                                                                  4.2 
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In addition, the F statistic, generated using R2, and the number of data points that were used to 

examine the significance of the regression equation at specific degrees of freedom (df) were also 

considered. The standard error of estimate (SEE) was also calculated for the residuals as per 

Equation 4.3. 

𝑆𝐸𝐸 = √∑(𝑦𝑂𝑏𝑠−𝑦𝑐𝑎𝑙𝑐)2𝑛−𝑝−1                                                                  4.3 

Where Y𝑜𝑏𝑠 and Y𝑐𝑎𝑙𝑐 are the actual and predicted activity of molecules in the training set, n denotes 

the total number of data points, and 𝑝 denotes the total number of descriptors. The lower the value 

of SEE, the better the model quality. 

4.1.4. 2D-QSAR model validation parameters 

The predictive ability of 2D-QSAR models can be evaluated by cross-validation 𝑄2/standard 

deviation of error of predictions (SDEP) statistics. Each molecule was deleted from the training 

set at each time and the prediction of activity of the deleted molecule was done simultaneously by 

the model constructed from the remaining train set compounds. The leave-one-out (LOO) 𝑄2 value 

was calculated as per Equation 4.4. 

𝑄2 = 1 − ∑(𝑦𝑂𝑏𝑠−𝑦𝑖)2∑(𝑦𝑂𝑏𝑠−𝑦𝑚𝑒𝑎𝑛)2                                                        4.4 

Where 𝑦𝑜𝑏𝑠 and 𝑦𝑖 are the actual and predicted biological activity of the ith molecule respectively 

belong to the training set, and 𝑦𝑚𝑒𝑎𝑛 denotes the average biological activity of training set 

molecules. 

Further, PRESS (the sum of squared deviations between the actual and predicted biological 

activities of the test set molecules) and SDEP (the sum of squared deviations error of prediction) 

values were determined in order to judge the internal predictability of the model. 

The external predictability of the developed QSAR models was also justified by external validation 

of test set molecules. The 𝑅2𝑝𝑟𝑒𝑑 is the external validation parameter which was calculated as per 

Equation 4.5. 𝑅𝑝𝑟𝑒𝑑2 = 1 − ∑(𝑦𝑂𝑏𝑠−𝑦𝑖)2∑(𝑦𝑂𝑏𝑠−𝑦𝑚𝑒𝑎𝑛)2                                                     4.5 
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Where 𝑦𝑜𝑏𝑠 and 𝑦𝑖 are the actual and predicted biological activity of the ith molecule respectively 

belong to the training set, and 𝑦𝑚𝑒𝑎𝑛 is the average biological activity of test set molecules. 

The 𝑅2𝑝𝑟𝑒𝑑 value is not sufficient enough to confirm the external predictability of a model. The 

value of 𝑅2𝑝𝑟𝑒𝑑 is mainly controlled by the sum of squared differences between observed biological 

activities of the test set compounds and mean observed activities of the training set compounds. 

Therefore, it may not truly reflect the predictability of the model, and a modified r2
m value was 

calculated (Roy et al., 2012). The calculation of r2
m metrics [𝑟2𝑚(𝐿𝑂𝑂), 𝑟2𝑚(test)  and 𝑟2𝑚(Overall)] was 

used to estimate the closeness between the values of the predicted and the corresponding observed 

biological activities of the training set, test set, and the total dataset respectively. The r2
m metrics 

should have a minimum value of 0.50 (Roy et al., 2012) and were calculated as per Equation 4.6. 𝑟𝑚(𝑡𝑒𝑠𝑡)2 = 𝑟2 × (1 − √𝑟2 − 𝑟02                                                4.6 

Where 𝑟2 and 𝑟2
0 are the squared correlation coefficients between the actual and predicted 

biological activities of the test set compounds with and without the intercept respectively. 

4.1.5. Docking-based 2D-QSAR model development 

Here, the XP descriptors obtained from the molecular docking study have been considered as 

independent parameters and these were utilized for correlating the MMP-2 inhibitory activity of 

these in-house compounds. This model can be able to provide an idea about the important 

parameters related to the binding pattern of compounds at the active site of MMP-2. Regarding the 

calculated XP descriptors, the 318 independent parameters were primarily reduced by applying an 

intercorrelation cutoff of 0.90 and a covariance threshold of 0.001 to remove the feature dimension 

and multicollinearity as well. The remaining 150 features were processed through a two-step 

feature selection process to identify the most relevant features that influence the activity. In the 

first step, the CSF_Subset_Eval attribute selector protocol with the BestFirst search method from 

WEKA 3.8 was applied to the pretreated features. Then the selected features from the first step of 

feature selection were used for a Best Subset Selection process where the best multiple linear 

regression (MLR) model was chosen on the basis of their internal leave-one-out (LOO) cross-

validated squared correlation coefficient (Q2) and externally cross-validated R2
pred values obtained 

for the test set population. 
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The judgment of the model reliability and robustness of the final MLR model was also evaluated 

through the estimation of several other statistical parameters. For the MLR model, the squared 

correlation coefficient (R2), standard error of estimate (SEE), predicted residual sum of square 

(PRESS), F-ratio, adjusted R2 (R2
A) values along with Q2 were evaluated to analyze the model 

performance and predictability. The external predictability was judged by calculating the R2
pred 

values provided by the model for the test set compounds. Additionally, the calculation of rm
2 (Ojha 

and Roy, 2011), and Golbraikh and Tropsha (2002) matrices as well as the Y-scrambling test 

(Adhikari et al., 2017b; Adhikari et al., 2018b) were also done to estimate the robustness and 

reliability of the final model predictions (Adhikari et al., 2017b; Adhikari et al., 2018b).  

4.1.6. Hologram quantitative structure-activity relationship (HQSAR) study 

As far as drug design and development are concerned, molecular substructures or fragments of 

drug molecules play crucial roles in imparting biological potency (Banerjee et al., 2020). 

Therefore, pinpointing crucial molecular fragments (either good or bad) of any chemical entities 

may aid in enhancing both the potency and selectivity of these molecules (Banerjee et al., 2020). 

In this context, the application of fragment-based methods may provide fruitful outcomes and 

become popular over the years (Adhikari et al., 2022). The hologram-dependent QSAR (HQSAR) 

methodology applies the molecular hologram or molecular fragments with various lengths as the 

independent parameters that are correlated with the biological endpoint of molecules through 

partial least square (PLS) analysis (Adhikari et al., 2022). The HQSAR method, employing a 

chemometric technique, generates an expanded form of fingerprint encoding that encompasses 

various molecular fragments, including linear, cyclic, branched, and overlapping features present 

within the molecules under study. 

To ensure the importance of such molecular substructures or fragments of these dataset 

compounds, in this study, several HQSAR models were constructed on the training set arylsulfonyl 

and alkylsulfonyl pyrrolidine derivatives (compound 1a-65a) with the help of SYBYL-X 2.0 

software (http://www.certara.com) by using various combinations of fragment distinction features 

such as atomic number (A), bond type (B), hydrogen (H), atomic connections (C), chirality (Ch), 

and electron donor-acceptor groups (DA). The best HQSAR model among all these HQSAR 

models developed was selected depending on the highest Leave-One-Out (LOO) cross-validated 

R2 (Q2) as well as the lower standard error (SE) value. However, to assess its predictive capability 
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beyond the training data, the optimal HQSAR model underwent external validation using a 

separate test set of molecules, evaluating the R2
Pred value for external predictability (Banerjee et 

al., 2020; Adhikari et al., 2022). This approach incorporates distinct molecular fingerprints of 

varied lengths (referred to as molecular holograms) as independent variables, aligning them with 

the specific biological properties of the compounds using the partial least square (PLS) method 

(Yu et al., 2015), thus enhancing the model's robustness and reliability in predicting the biological 

activities of novel compounds. 

4.1.7. Linear discriminant analysis (LDA) 

Linear discriminant analysis (LDA) has been established among the popular classification methods 

for feature selection and dimension reduction (Adhikari et al., 2015). The LDA model helps to 

distribute the data points in a binary group-based manner by applying linear formalism (Adhikari 

et al., 2021). Here, in this study, LDA was successfully utilized on these arylsulfonamido 

pyrrolidine derivatives for model building in order to point out crucial structural and 

physicochemical properties contributing to MMP-2 inhibitory properties. The average MMP-2 

inhibitory activity of the dataset compounds was considered as the threshold value for binarizing 

these compounds into active class (activity equal to or higher than the threshold value) and inactive 

class (activity lower than the threshold value) (Adhikari et al., 2021) before the development of 

LDA model. Here, for constructing the LDA model through a stepwise fashion with the help of 

STATISTICA 7.1 software (http://www.statsoft.com), some parameters were used (F = 4.0 for 

inclusion; F = 3.9 for exclusion; tolerance = 0.001). As far as the LDA model was concerned, the 

model with a lower number of parameters with a lower Wilk’s λ value was taken into consideration 

for model selection and further statistical validation (Adhikari et al., 2021). Regarding the LDA 

model validation, the receiver operating characteristic (ROC) curve analysis was carried out on 

both the discrimination set and the test set to evaluate the quality of discrimination capability of 

the developed LDA model (Adhikari et al., 2015). Further, the robustness of the LDA model was 

also considered for justification with the help of various classification-dependent validation 

parameters namely accuracy, sensitivity, specificity, precision, and F-measure values. On the other 

hand, several other validation parameters such as Wilk’s λ parameter (Gálvez-Llompart et al., 

2011), Matthew’s correlation coefficient (MCC) (Matthews, 1975), squared Mahalanobis distance 
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(Matthews, 1975) and ROC graph (Fawcett, 2006) along with the area under the ROC (AUROC) 

were also taken into account to judge the performance of the LDA model (Adhikari et al., 2015).  

Moreover, the statistical property of sensitivity, specificity, precision, accuracy, F1-measure 

(Equations 4.7- 4.11) as well as Matthews’s correlation coefficient (MCC) was computed as per 

Equation 4.12. 𝑆𝑒𝑛𝑠𝑒𝑡𝑖𝑣𝑖𝑡𝑦 = 𝑇𝑃(𝑇𝑃+𝐹𝑁)                                             4.7 𝑆𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦 = 𝑇𝑁(𝑇𝑁+𝐹𝑃)                                                      4.8 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 = 𝑇𝑃(𝑇𝑃+𝐹𝑃)                                                      4.9 𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 = (𝑇𝑃+𝑇𝑁)(𝑇𝑃+𝐹𝑃+𝑇𝑁+𝐹𝑁)                                               4.10 𝐹1 = 2𝑇𝑃(2𝑇𝑃+𝐹𝑃+𝐹𝑁)                                                      4.11 𝑀𝐶𝐶 = (𝑇𝑃×𝑇𝑁)−(𝐹𝑃×𝐹𝑁)√(𝑇𝑃+𝐹𝑃)(𝑇𝑃+𝐹𝑁)(𝑇𝑁+𝐹𝑃)(𝑇𝑁+𝐹𝑁)                                         4.12 

 

Where TP is the true positive or the number of known ‘active’ compounds that appeared as ‘active’ 

in the model. The FN is the false negative which is known as an ‘active’ compound that appeared 

‘inactive’. The TN denotes the true negative which is the total number of known ‘inactive’ 

molecules predicted as ‘inactive’. The FP is false positive which is the number of known ‘inactive’ 

predicted as ‘active’. 

Nevertheless, the ROC graph Euclidean distance (ROCED) and the corrected Fitness Function 

(FIT (λ)) (ROCFIT) (Perez-Garrido et al., 2011; Murcia-Soler et al., 2003) were also computed 

for validation purposes. The following formulae (Equations 4.13-4.15) were used for the 

construction of the LDA model. 𝑑𝑖 = √(1 − 𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦)2 + (1 − 𝑆𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦)2                                  4.13 𝑅𝑂𝐶𝐸𝐷 = (|𝑑1 − 𝑑2| + 1)(𝑑1 + 𝑑2)(𝑑2 + 1)                                    4.14 𝑅𝑂𝐶𝐹𝐼𝑇 = 𝑅𝑂𝐶𝐸𝐷𝜆                                                       4.15 

Where i = 1 denotes the training set, i = 2 denotes the test set, and λ = Wilk’s parameter. The 

performance of the LDA-QSAR model was judged by the determination of the area under the 

receiver operating characteristic curve (AUROC) (Adhikari et al., 2018; Fawcett, 2006). 
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4.1.8. Bayesian classification study 

The Bayesian classification study employs Bayes’ theorem to predict probabilities of sufficient 

data (Adhikari et al., 2021; Chen et al., 2011). Here in this study, the fragment-dependent Bayesian 

classification modeling was carried out with the help of the ‘Create Bayesian Model’ protocol 

incorporated in DS 3.0 software (http://www.accelrys.com) utilizing ‘default settings’ to judge the 

performance of internal as well as external cross-validation (Banerjee et al., 2023). The 

fundamental molecular properties namely hydrophobicity (AlogP), molecular fractional polar 

surface area (MFPSA), number of rings (nR), molecular weight (MW), number of hydrogen bond 

acceptors (nHBA), number of hydrogen bond donors (nHBD), number of aromatic rings (nAR) 

along with extended connectivity fingerprint feature of diameter 6 (ECFP_6) were employed to 

build the Bayesian classification model. The developed model was subjected to internal and 

external validation by judging the predictability by analyzing the receiver operating characteristics 

(ROC) as well as statistical parameters namely the sensitivity (Se), specificity (Sp), precision (Pr), 

and accuracy (Acc) on both the training and test set (Adhikari et al., 2021, Banerjee et al., 2023).          

4.1.9. 3D-QSAR (CoMFA and CoMSIA) model development 

The application and evaluation of several three-dimensional (3D) field-dependent molecular 

properties, such as electrostatic, steric, hydrophobic, hydrogen bond acceptor, and hydrogen bond 

donor fields toward a particular biomolecular target, is extremely important in terms of drug 

designing and discovery (Adhikari et al., 2017b; Jha et al., 2018). Here, in order to gain insight 

into the crucial 3D molecular fields needed to modify the MMP-2 inhibition of these drugs, two 

field-dependent 3D-QSAR experiments were conducted: comparative molecular field analysis 

(CoMFA) and comparative molecular similarity indices analysis (CoMSIA) (Adhikari et al., 

2017b; Adhikari et al., 2018a; Jha et al., 2018). Regarding these types of field-dependent 3D-

QSAR investigations, these molecules' alignment in 3D space is essential (Adhikari et al., 2017b). 

Consequently, the development of 3D-QSAR (CoMFA and CoMSIA) models using the Sybyl-X 

v2.0 software was accomplished here by means of the molecular docking-dependent alignment of 

all these molecules in 3D space (http://www.certara.com). Here, using the previously published 

techniques, the CoMFA and CoMSIA molecular interaction field parameters were calculated in a 

three-dimensional cubic grid (Adhikari et al., 2017b; Adhikari et al., 2018a; Jha et al., 2018). The 

Tripos force field was used to calculate the van der Waals and Coulombic parameters. A +1 
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charged sp3 hybridized carbon atom was used as the probe atom while calculating the steric and 

electrostatic fields. Moreover, as the independent parameters for the creation of the CoMFA 

model, the Coulomb potential and Lennard-Jones technique were used to calculate the field 

interaction energies (Adhikari et al., 2017b; Jha et al., 2018). However, assessing the degree of 

similarity between these molecules is made easier by the CoMSIA study. A Gaussian function 

with a bell shape was used to calculate the similarity indices between molecules and the probe 

atom (Adhikari et al., 2017b). The CoMSIA model investigates additional important similarity 

fields, such as hydrophobic, hydrogen bond donor, and hydrogen bond acceptor fields, in addition 

to the steric and electrostatic fields. These fields are important because they correlate with the 

MMP-2 inhibitory property of these proprietary compounds. The CoMSIA independent 

parameters were calculated using Sybyl-X v2.0 software with the aid of a methyl probe atom with 

the corresponding particular properties such as Charge: +1; hydrophobicity: +1; hydrogen bond 

acceptor: +1; hydrogen bond donor: +1, at each lattice and grid spacing of 2Å 

(http://www.certara.com). Then, using internal validation parameters (such SEE, F-ratio, R2, Q2, 

R2
10-CV, and R2

20-BS) and external validation parameters, the PLS analysis was carried out to create 

statistically reliable CoMFA and CoMSIA models (namely R2
pred) (Adhikari et al., 2017b; 

Adhikari et al., 2018a; Jha et al., 2018). Additionally, Y-scrambled testing was performed on each 

of these models to assess the robustness of the CoMFA and the CoMSIA. 

4.1.10. Molecular dynamics (MD) simulation analysis study 

Compounds 29b and 22b, which are the most and least active compounds complexed with MMP-

2 (PDB ID: 1HOV), had their docked conformations analyzed using the Desmond module of the 

Schrodinger Suite for 200 ns, with two runs for each molecule (https://www.schrodinger.com). 

The complexes were generated using the Schrodinger Maestro v12.1 software's Protein 

Preparation program prior to the MD simulation investigation (https://www.schrodinger.com). The 

preparation of the protein-ligand complexes for the simulation study followed a similar approach 

to that employed in the molecular docking study. The simulation study's system was created using 

the System Builder application from the v12.1 software (https://www.schrodinger.com). For a 

periodic boundary, an orthorhombic system with a buffer distance of 10Å was constructed using 

the TIP3P water model and the OPLS2005 forcefield. While Na+ and Cl- ions were added to the 

system to create isotonicity (a NaCl concentration of 0.15 M), Na+ counter ions were utilized to 
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neutralize the system (Banerjee et al., 2023). With the use of the RESPA integrator and a 2 fs 

timestep, a system relaxation procedure was chosen prior to starting the simulation study. For the 

relaxation protocol, the Langevin thermostat and Langevin barostat were employed with an 

isotropic coupling mechanism (Grønbech-Jensen and Farago, 2014). In addition, the NPT 

ensemble was used for the 200 ns MD simulation investigation of each of the complexes twice 

each employing the Desmond application of the Schrodinger suite (https://www.schrodinger.com) 

at 310.15 K (37ºC) temperature and 1.01325 atm pressure (Guttikonda et al., 2015). 

4.1.11. Calculation of Molecular Mechanics Generalised Born and Surface Area (MM/GBSA) 

One popular technique for determining the free binding energy of protein-ligand complexes is the 

molecular mechanics generalized born and surface area (MM/GBSA) analysis (Rizzo et al., 2004; 

Genheden and Ryde, 2015). The binding free energy value (ΔGBinding) of the MMGBSA is 

determined by deducting the optimized energy of the protein-ligand complex (EComplex) from the 

optimized energy of the free ligand (ELigand) and the optimized free protein (EProtein). The following 

is the equation (Equation 4.16) for the ΔGBinding calculation.  

ΔGbinding = Ecomplex – (Eprotein + Eligand)                                                       4.16 

Here, the ΔGBinding of each of the 200 ns simulations of our in-house MMP-2 inhibitors was 

calculated using the thermal_mmgbsa.py script from the Schrodinger suite's Prime tool 

(https://www.schrodinger.com) (two 200 ns simulations performed for each of the complexes). 

4.1.12. Free energy landscape (FEL) analysis 

By applying the thermodynamics methodology, the free energy landscape (FEL) analysis allows 

one to visualize the stable conformations of a protein structure in terms of Gibb's free energy. This 

approach makes protein conformation mapping and energy levels possible (Papaleo et al., 2009). 

The simulation studies utilized for each of the complexes with the best and least active compounds 

(MMP-2-Compound 29b and MMP-2-Compound 22b complexes) (Table 5.2, Chapter 5), the FEL 

computation, the first two main components (PC1 and PC2) were employed. The g_sham script of 

Gromacs v2020.6 (https://www.gromacs.org; Berendsen et al., 1995) was used to calculate Gibb's 

free energy. The PC1 and PC2 were also calculated using the Boltzmann inversion approach for a 

multi-dimensional histogram. 
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4.1.13. Dynamic cross-correlation map (DCCM) and principal component analysis (PCA) 

The MD simulation study's cross-correlation matrix of C-α chain displacement revealed intricate 

motions of protein residues that are both correlated and anti-correlated (Aier et al., 2016). The 

protein-atom fluctuation-based covariance matrix generation is calculated as part of the principal 

component analysis (PCA) of the MD simulation study. By diagonalizing the covariance matrix, 

the eigenvalues and eigenvectors provided the relevant information on the correlated motion of the 

protein atoms. Here, the Bio3D module (Grant et al., 2006) in RStudio 

(https://github.com/rstudio/rstudio) was used to carry out each simulation for the MMP-2 along 

with the most and least active complexes.  

4.1.14. Probability density function (PDF) analysis 

The probability density function (PDF) for the MD simulation studies is based on the kernel 

density estimate (KDE) and evaluates the frequency of likelihood of a trajectory event. Here, the 

Geo Measures v0.9 (Kagami et al., 2020) PyMol plug-in was utilized for the PDF analysis using 

the free and open-source PyMol software (https://github.com/schrodinger/pymol-open-source) for 

every simulation study.  

4.2. Synthetic Organic Chemistry 

All starting materials D(-) glutamic acid and biphenylsulfonyl chlorides were commercially 

available and hence these compounds were utilized without further purification. Precoated plates 

containing silica gel F254 from Merck Millipore Co., USA were utilized for thin layer 

chromatography (TLC) to monitor every reaction. 

4.2.1. Synthesis procedure of biphenylsulfonyl D(-) glutamic acid (2)  

In a 250 ml conical flask, D(-) glutamic acid was taken. 2(N) sodium hydroxide was added 

dropwise till the D(-) glutamic acid completely dissolved into it. The reaction was carried out in a 

just alkaline condition at a pH of 8-9. The biphenylsulfonyl chlorides were taken in small portions 

and added to the alkaline solution individually with continuous stirring at 80°C with a magnetic 

stirrer. 2(N) sodium hydroxide solution was added from time to time to maintain the alkalinity of 

the solution. The reaction was carried out until a homogenous clear solution was obtained 

(Adhikari et al., 2016; Mukherjee et al., 2017). Completion of the reaction was confirmed by 
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detection in thin layer chromatography (TLC) as mentioned previously. After cooling for a while 

at room temperature, the mixture was filtered to remove any remaining undissolved solids. The 

filtrate obtained was acidified with conc. hydrochloric acid after the solution was saturated by 

using sodium chloride. Then, the solution was extracted three times using 50 ml of ethyl acetate 

each. After that, the organic layer was carefully cleaned three times using 10 ml of brine solution 

each time. The organic layer was kept overnight under anhydrous sodium sulfate. After distillation 

of ethyl acetate, the respective substituted biphenylsulfonyl D(-) glutamic acids were individually 

obtained as crude solids. These solid products were separately purified by recrystallization with 

hot water. Each step of the synthetic scheme has been depicted in Scheme 4.1.  

4.2.2. Synthesis procedure of biphenylsulfonyl D(-) oxopyrrolidine carboxylic acid (3) 

In a 100 ml round bottom flask, 2N-substituted biphenylsulfonyl D(-) glutamic acids were 

separately refluxed by using acetyl chloride in a water bath for 2-3 hr (Adhikari et al., 2016; 

Mukherjee et al., 2017). The completion of the reaction was determined by using a TLC plate. 

After cooling to room temperature, the reaction mixture was transferred into crushed ice. To obtain 

the intended results, the resulting product was filtered and thoroughly washed. Finally, the 

synthesized compound biphenylsulfonyl D(-) oxopyrrolidine carboxylic acid (Scheme 4.1) was 

recrystallized with water.  

4.2.3. Synthesis procedure of 5-N-Substituted 2-(substituted biphenylsulfonyl) D(-) glutamines 

(4a-4t) 

The substituted biphenylsulfonyl oxopyrrolidine carboxylic acid (Scheme 4.1) was suspended in 

20 ml water. Excess amines were added individually with a gram mol ratio of 1:2.5 into these 

suspensions. After being left at room temperature overnight, the reaction mixture was heated in a 

water bath to eliminate any remaining amines. Then the mixture was cooled and 6(N) hydrochloric 

acid was added to an ice bath. To get the biphenylsulfonyl D(-) glutamine analogs, the precipitated 

solid product was filtered off, rinsed thoroughly with cold water, and then recrystallized with 70% 

ethanol (Adhikari et al., 2016; Mukherjee et al., 2017). 

4.2.4. Synthesis procedure of methyl ester derivatives of 5-N-Substituted 2-(substituted 

biphenylsulfonyl) D(-) glutamines (5a-5t) 
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The biphenylsulfonyl D(-) glutamine analogs were individually taken in an iodine flask and added 

dry methanol. Then thionyl chloride was added to the solution in an ice-cold condition. The 

reaction mixture was kept for a continuous stirrer by magnetic stirrer for about 2-3 hr. Remove the 

excess methanol and unreacted thionyl chloride by heating the reaction mixture in the water bath. 

Then, 50 ml of ethyl acetate was added and dissolved the final product. The solution was then 

washed off by the 1(N) sodium bicarbonate solution and separated the ethyl acetate solution by 

using a separating funnel and kept overnight by adding sodium sulfate. Filter the ethyl acetate 

solution and distill the solution mixture to remove the ethyl acetate and dry the ester derivatives 

of 5-N-Substituted 2-(substituted biphenylsulfonyl) D(-) glutamines (Scheme 4.1) completely and 

lastly recrystallized with 70% ethanol. The completion of the reaction was determined by using a 

TLC plate. 

4.2.5. Synthesis procedure of hydroxamate derivatives of 5-N-Substituted 2-(substituted 

biphenylsulfonyl) D(-) glutamines (6a-6t) 

The ester derivatives of 5-N-Substituted 2-(substituted biphenylsulfonyl) D(-) glutamines were 

individually taken in an RB flask and anhydrous methanol to mix the compound completely. Then 

50% aqueous hydroxyl amine was added in a gram-mole ratio of 1:18 into the solution mixture. 

10% sodium hydroxide solution was added from time to time to maintain the alkalinity of the 

solution. Then the reaction mixture was kept stirring for approximately 24 hr by using a magnetic 

starrier. The 2(N) hydrochloric acid was added after the reaction and kept in a cool dry place. Then 

filter the final desired hydroxamate derivatives of 5-N-Substituted 2-(substituted 

biphenylsulfonyl) D(-) glutamines (Scheme 4.1) and wash with diethyl ether and lastly 

recrystallized with 70% ethanol. 
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Scheme 4.1. Reagents and conditions: (a) i. D(-) glutamic acid ii. 2(N) NaOH; (b) acetyl chloride; 

(c) i. RNH2 ii. 6(N) HCl (d) i. anhydrous methanol ii. Thionyl chloride; (e) i. 50% aqueous 

hydroxyl amine ii. anhydrous methanol iii. 10% NaOH solution. 

4.3. Characterization of the synthesized molecules 

The melting point of these final glutamine compounds was estimated by using a capillary melting 

point apparatus and Mel-Temp Electrothermal apparatus. These compounds were verified further 

in CTRONICS, a digital melting point apparatus.  

High-resolution mass spectrometry (HRMS) serves as a fundamental tool for characterizing 

synthesized molecules within this research. The procedure involves multiple crucial steps, 
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commencing with the purification of samples and their dissolution in a suitable solvent. Employing 

a precisely calibrated high-resolution mass spectrometer, ionization techniques such as 

electrospray ionization (ESI) or atmospheric pressure chemical ionization (APCI) are utilized. The 

subsequent analysis of the resultant mass spectra provides accurate molecular weight 

determination and offers insights into the structural composition of the compounds. Interpretation 

of the data involves peak identification and fragmentation analysis, contributing to the 

confirmation of proposed structures and the detection of potential impurities. It's vital to integrate 

the outcomes of HRMS with complementary analytical methods to comprehensively understand 

the molecules' structural characteristics.  

Again, proton nuclear magnetic resonance (¹H NMR) and carbon-13 nuclear magnetic resonance 

(¹³C NMR) spectroscopy stand as fundamental techniques within this research for characterizing 

synthesized molecules. The process entails sample preparation involving the dissolution of the 

compound in a deuterated solvent to ensure cleanliness and optimal analysis. Employing a 

meticulously calibrated NMR spectrometer, both ¹H and ¹³C NMR spectra are obtained, 

illuminating distinct peaks that represent varied hydrogen and carbon environments within the 

synthesized molecules. Detailed analysis of these peaks contributes to the identification of 

functional groups, molecular connectivity, and structural attributes, pivotal in unveiling the 

compound's overarching configuration. Validation of the proposed structure is carried out by 

cross-referencing obtained spectra with established databases. A comprehensive documentation of 

these spectra and their comprehensive analysis constitutes an integral component of this work, 

offering a detailed characterization of the synthesized compounds. High-resolution mass 

spectroscopy was carried out on Xevo G2-XS QTof mass spectrometry system (Waters 

Corporation, MA, USA) in positive ESI mode operated by Waters Informatics software. 

Nonetheless, 1H and 13C NMR spectra were performed in DMSO-d6 solvent using Nuclear 

Magnetic Resonance (NMR) Spectrophotometer High Performance-400 MHz (Bruker Biospin, 

Switzerland). 

4.4. Biological Study 

The synthesized final compounds were screened for different MMP inhibition as well as 

cytotoxicity against different cancer cell lines (such as K562, A549, U87MG, HT1080, and HEK-

293). Moreover, an enzyme inhibition assay was performed on MMP-2, MMP-9, and MMP-8 
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enzymes. Additionally, MMP-2 enzyme assay, cell cycle assay, apoptosis analysis in the K562 

cell line, in vitro tube formation assay (Angiogenesis Assay), and DNA deformation assay by 

DAPI staining were performed to determine the efficacy of synthesized molecules. 

4.4.1. Enzyme inhibition assay 

MMP-2 and MMP-9 inhibitory assays of these compounds were carried out as per our earlier 

reported methods (Adhikari et al., 2016; Mukherjee et al., 2017) following the protocols provided 

by Enzo Life Science International, USA. The concentration of the substrate was measured with 

the help of absorbance at 410 nm in a microplate photometer of Thermo Scientific Multiscan FC, 

USA. The enzyme reactions (100 μl final volume) of six concentrations of inhibitor individually 

were carried out for 1 hr at 37ºC. After the addition of the proper volume of substrate (10 μl) to 

each well containing different concentrations of inhibitors along with the control, the absorbance 

of each well was recorded at 1 min intervals for about 30 min. Optical density (OD) vs time for 

each sample was plotted in order to obtain the reaction velocity (V) in OD/min. The percentage of 

residual activity for each compound was calculated according to Equation 3.17.  

% 𝑜𝑓 𝑟𝑒𝑚𝑎𝑖𝑛𝑖𝑛𝑔 𝑎𝑐𝑡𝑖𝑣𝑖𝑡𝑦 =  Reaction 𝑣𝑒𝑙𝑜𝑐𝑖𝑡𝑦 (𝑉)𝑖𝑛 𝑝𝑟𝑒𝑠𝑒𝑛𝑐𝑒 𝑜𝑓 𝑖𝑛ℎ𝑖𝑏𝑖𝑡𝑜𝑟reaction 𝑣𝑒𝑙𝑜𝑐𝑖𝑡𝑦 (𝑉) 𝑜𝑓 𝑐𝑜𝑛𝑡𝑟𝑜𝑙 × 100  3.17 

The IC50 values for each compound were evaluated by semi-logarithmic dose-response plots 

(Graph Pad Prism 5.0 for Windows, Graph Pad Software Inc., San Diego, California, USA, 2007) 

(Adhikari et al., 2016; Mukherjee et al., 2017). 

4.4.2. Cell lines 

Human cancer cell line, K562 (chronic myeloid leukemia cell line), A549 (non-small cell lung 

cancer cell line), U87MG (human glioblastoma cell line), and HT1080 (fibrosarcoma cell line) 

were collected from National Centre for Cell Science (NCCS), Pune, India. Additionally, normal 

healthy human embryonic kidney cell line HEK-293 was isolated.  

The cell lines A549 was grown in Dulbecco's Modified Eagle Medium (DMEM) (Gibco) 

supplemented with 10% heat-inactivated FBS (Invitrogen, USA) and Penicillin–Streptomycin 

(100 IU ml-1 to 100 mg ml-1) (Adhikari et al., 2016; Mukherjee et al., 2017). Likewise, the K562 

was grown in RPMI-1640 media. This cell line was subsequently maintained at carefully 

controlled conditions (37ºC temperature with 5% CO2 in a humidified incubator). Adherent cell 
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(A549) was harvested with 0.025% trypsin and 0.52 mM EDTA in phosphate buffer saline, plated 

at requisite cell numbers, and allowed to stick to a minimum of around 24 hours before treatment. 

Non-small cell lung cancer cells (A549) in Dulbecco’s Modified Eagle Medium/ Nutrient Mixture 

F-12 Ham (DMEM/F12, 1:1 mixture, Himedia Laboratories Pvt. Ltd., Mumbai, India) 

supplemented with 10% heat-inactivated fetal bovine serum (Himedia Laboratories Pvt. Ltd., 

Mumbai, India) and 1 % of Antibiotic solution (10000 U penicillin and 10 mg streptomycin per 

ml, Himedia Laboratories Pvt. Ltd., Mumbai, India). The cells were grown at 37°C in a humidified 

environment with 5% CO2. All synthesized compounds were stored as stock solutions in DMSO 

at a concentration of 100 mM. Moreover, the U87MG human glioblastoma cell line is typically 

cultured by thawing the frozen cells in a 37°C water bath, then resuspending them in Dulbecco's 

Modified Eagle's Medium (DMEM) or Eagle's Minimum Essential Medium (EMEM) 

supplemented with 10% fetal bovine serum (FBS). The cells are seeded into culture vessels at a 

suitable density and maintained in a 37°C incubator with 5% CO2. Regular medium changes every 

2-3 days, and subculturing at 80-90% confluency ensures healthy growth. For passaging, cells are 

detached using trypsin-EDTA, neutralized, and transferred to new flasks or plates. Quality control 

checks for mycoplasma contamination and authentication tests are periodically performed to 

ensure the cells' identity and purity. Again, HT1080 human fibrosarcoma cell line is grown by 

rapidly freezing cells in a 37°C water bath, followed by dilution in Dulbecco's Modified Eagle's 

Medium (DMEM) or Minimum Essential Medium (MEM) containing 10% foetal bovine serum 

(FBS). Seeded at an appropriate density in culture vessels, these cells are incubated at 37°C with 

5% CO2. Regular medium changes every 2-3 days and subculturing at 80-90% confluency 

facilitates growth. For passaging, cells are detached using trypsin-EDTA, neutralized, and 

transferred to new flasks or plates. Routine checks for mycoplasma contamination and 

authentication tests are performed to ensure the cells' identity and purity are maintained. HEK-293 

(Human Embryonic Kidney 293) cells are also cultured by rapidly thawing in a 37°C water bath, 

then diluting in Dulbecco's Modified Eagle Medium (DMEM) with 10% fetal bovine serum (FBS). 

Seeded into culture vessels at a suitable density, cells are incubated at 37°C with 5% CO2. Medium 

changes every 2-3 days and subculturing at 80-90% confluency supports growth. For passaging, 

cells are detached using trypsin-EDTA, neutralized, and transferred to new flasks or plates. 

Routine checks for mycoplasma contamination and authentication tests are conducted to ensure 

the cells' identity and purity are maintained. 
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4.4.3. Cytotoxicity assay 

The MTT assay was used to determine the cytotoxicity. Before the individual chemicals were 

added, the cells were first seeded into 96-well plates at a density of 5000 cells per well and left to 

adhere for 18 to 24 hours. The final compounds (diluted with DMEM or RPMI-1640 media) were 

added in different concentrations and kept for 48 hr. 10 ml of MTT solution (10 mg ml-1) was 

added to each well before 4 hr at the end of incubation. Following a 4-hour incubation period, 100 

μl of DMSO was used to dissolve the formazan crystal. The microplate photometer (Thermo 

Scientific Multiscan FC, USA) was used to measure the absorbance at 570 nm. Since the control 

contained 0.1 percent DMSO as the solvent control, it was assumed to be 100% viable for 

estimating the viability of the cells. The IC50 value was determined as the concentration that 

reduced the cell viability by 50% (Adhikari et al., 2016; Mukherjee et al.; 2017). 

4.4.4. MMP-2 expression analysis 

K562 cells were grown into 6-well culture plates (about 2x104 cells per well) with phenol-free 

RPMI-1650 medium (HIMedia Laboratories Pvt. Ltd. in Mumbai, India) containing 10% FBS and 

left for 24 hours. Monensin sodium (1µM) (Sisco Research Laboratories Pvt. Ltd., Mumbai, India) 

also was added to K562 cells (1 x 104 cells/ml) before they were plated. Compounds at IC50 dose 

were then added to the cells (apart from the untreated control). Because the synthesized compounds 

were poorly soluble in cell culture media (phenol-free RPMI-1650) and hydrophobic by nature, 

0.1% tissue culture grade DMSO was added into the cell culture medium while preparing the drug 

solution separately. The control groups are treated with solvent only (0.1% DMSO in phenol-free 

RPMI-1650 medium). Monensin sodium increases the number of intracellular proteins, enhancing 

the ability to differentiate between autofluorescence-induced background signals and positive cells 

(Oviedo-Orta et al., 2008). Following a 48-hour treatment period, cells were collected, twice 

cleaned in a cold wash buffer, and then fixed for 20 minutes using 0.5 mL of fixation solution. 

Bovine serum albumin (BSA) (Sisco Research Laboratories Pvt. Ltd., Mumbai, India) at 1% in 

PBS (pH 7.4) made up the wash buffer. 0.4% paraformaldehyde solution in PBS (pH 7.4) was the 

fixing solution. After that, the cells were subjected to a blocking solution (5% BSA in PBS) for an 

hour after being twice washed in wash buffer-saponin solution (0.1% saponin in wash buffer). The 

suppliers of paraformaldehyde and saponin were HIMedia Laboratories Pvt. Ltd. in Mumbai, 

India. After two rounds of washing, the cells were treated with anti-MMP2 primary antibody 
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(1:250 dilutions) overnight. Following washing, cells were exposed to FITC-labelled secondary 

antibodies at 1:250 dilutions for a duration of 1 hr. The secondary antibody conjugated with FITC 

and the anti-MMP2 antibody was obtained from Santa Cruz Biotechnology Inc. (CA, USA). 

Following one wash, the cells were examined for MMP2 expression by flow cytometry (BD-

FACS) (Oviedo-Orta et al., 2008; Dutta et al., 2019; Datta et al., 2022). 

4.4.5. Apoptosis analysis in K562 cell line 

The apoptosis assay was done by using an annexin V-FITC apoptosis detection kit which was 

purchased from Calbiochem, Germany. Briefly, the K562 cells (~2 × 104) were treated with 

synthesized novel molecules for 72 hr. Cells were harvested and washed with phosphate buffer 

saline (PBS). The harvested cells were incubated with annexin V-FITC (100 ng/ml) and PI (50 

mg/ml) at room temp for 15 min in the dark and analyzed using a FACS Calibur (BD Bioscience) 

taking a minimum of 10,000 cells in each sample. 

4.4.6. Cell cycle assay 

Briefly, ~2 × 104 K562 cells were seeded and treated with the synthesized novel molecules for 72 

hr. Cells were recovered, washed twice with cold PBS, and fixed in 70% chilled ethanol. Cells 

were washed twice in PBS, and incubated for 1 hr. at room temp with 100 mg/ml RNAse A. After 

that 50 mg/ml PI was added and cells were incubated for 15 min in the dark and were analyzed 

using a FACS Calibur flow cytometer (BD Bioscience). Ten thousand events were analyzed for 

each sample using the appropriate gate to select a single cell population and the same gate was 

used for all these samples. 

4.4.7. In vitro tube formation assay (Angiogenesis Assay) 

The in vitro morphogenesis experiment was carried out in the presence of IC50 concentrations of 

chosen compounds. Cells after 3-4 passages were used for the experiment. In a nutshell, a 12-

microwell plate was carefully filled with 200µL /well of Cultrex at 4°C using a pipette after being 

pre-chilled at -20°C. The cells were trypsinized and then suspended in 100 µL of complete media 

in the absence or presence of inhibitors of IC50 values. Following the polymerization of the 

basement membrane matrix for 1 h at 37°C, cells were carefully stacked on top of the polymerized 

basement membrane matrix. The arrangement of the cells was evaluated under a microscope after 

72 hours of incubation on Cultrex. Using the Angiogenesis tool and ImageJ software, the number 
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of meshes, tubes, branches, and nodes were counted as a direct measurement for tubulogenic 

efficiency. For statistical analysis, two wells were seeded for each test inhibitor. 

4.4.8. DNA deformation assay by DAPI staining 

Six-well culture plates were populated with K562 cells (about 2 x 104), which were left to grow 

for 24 hours. Then cells were treated with compounds at IC50 dose for 48 hours (except the control 

group). The control groups are treated with solvent only (0.1% DMSO in phenol-free RPMI-1650 

medium). Cells were taken from both the control and treated groups (compounds at IC50 dose) and 

fixed for one hour using 70% cooled ethanol. They were then rinsed twice with PBS and stained 

with 10 µM DAPI for 30 minutes. Following that, the fixed cells were examined under a 

fluorescent microscope (Leica Fluorescence microscope, Germany) to see the nuclear morphology 

of k562 cells (Das et al., 2022; Mukherjee et al., 2017). 

4.5. Statistical analysis 

All these data reported were the arithmetic mean of data of independent experiments performed in 

triplicate where each group was six in number. Results were expressed as mean ± SD (standard 

deviation) unless otherwise stated. Statistical analysis was made by the one-way analysis of 

variance (ANOVA) with LSD post-hoc test using SPSS 16 software. Statistical significance was 

considered as P-value < 0.001. 
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The outcomes of the research have been divided into three different parts i.e., (i) Part A, (ii) 

Part B, and (iii) Part C. Part A deals with the designing of the arylsulfonamide-containing 

hydroxamate-based glutamine analogs with the help of molecular modeling techniques. Part 

B deals with the synthesis and characterization of the screened molecules, and Part C 

discusses the biological study associated with the activities of compounds and further 

molecular modeling studies to accelerate the development of potential MMP-2 inhibitors for 

anticancer drug development. 

Part A 

5.1. Molecular Modeling study 

In this research work, two different molecular modeling study was conducted on different 

datasets of molecules. One computation study was conducted on 65 sulfonyl pyrrolidine-

based promising MMP-2 inhibitors (compound 1a-65a) (Table 5.1) and data curation was 

done successfully as all the enzyme inhibition data of these molecules were collected from 

the same laboratory. Several molecular modeling approaches such as multiple linear 

regression (MLR), hologram QSAR (HQSAR) study, linear discriminant analysis (LDA), 

bayesian classification modeling, and comparative molecular similarity index analysis 

(CoMSIA) were conducted on this dataset and all the results are discussed in this chapter. 
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Table 5.1. Sulfonyl pyrrolidine derivatives as effective MMP-2 inhibitors  

 

Compound R1 R2 R3 MMP-2 IC50 (nM) pIC50 

1a p-Tosyl NHOH O-(CH2)2-O 3 8.523 
2a p-Tosyl NHOH O-(CH2)3-O 6 8.222 
3a Ph NHOH O-(CH2)2-O 8 8.097 
4a p-Tosyl NHOH O-(CH2)4-O 8 8.097 
5a Ph NHOH O-(CH2)3-O 11 7.959 
6a Ph NHOH O-(CH2)4-O 12 7.921 
7a p-Tosyl OMe OH 100 7 
8a p-Tosyl OMe O-(CH2)2-O 100 7 
9a Ph OMe O-(CH2)2-O 200 6.699 
10a p-Tosyl OMe O-(CH2)3-O 200 6.699 
11a p-Tosyl OMe O-(CH2)4-O 300 6.523 
12a p-Tosyl OMe C=O 400 6.398 
13a Ph OMe OH 800 6.097 
14a Ph OMe O-(CH2)3-O 1,100 5.959 
15a Ph OMe O-(CH2)4-O 1,500 5.824 
16a Ph OMe C=O 2,000 5.699 
17a Me OMe OH 7,100 5.149 
18a Me OMe C=O 9,500 5.022 
19a Ph NHOH H 4 8.398 
20a p-Tosyl OMe p-TosylSO2 7 8.155 
21a Ph OMe PhSO2 10 8 
22a Me NHOH H 20 7.699 
23a Ph OMe p-TosylSO2 40 7.398 
24a p-Tosyl OMe (E)PhCH=CHCO 40 7.398 
25a p-Tosyl OMe PhSO2 50 7.301 
26a Ph OMe (E)PhCH=CHCO 90 7.046 
27a Me OMe p-TosylSO2 200 6.699 



Chapter 5: Results and Discussions 

 

Page | 106  

 

28a p-Tosyl OMe CH3SO2 200 6.699 
29a Me OMe (E)PhCH=CHCO 500 6.301 
30a Me OMe PhSO2 700 6.155 
31a Ph OMe CH3SO2 1,300 5.886 
32a Me OMe p-ClPhCO 1,500 5.824 
33a p-Tosyl OMe p-ClPhCO 2,200 5.658 
34a Ph OMe p-ClPhCO 2,700 5.569 
35a p-Tosyl OMe PhCO 3,200 5.495 
36a Ph OMe PhCO 3,500 5.456 
37a Me OMe PhCO 5,200 5.284 
38a Me OMe CH3SO2 8,900 5.051 
39a p-Tosyl NHOH H 2 8.699 
40a p-ClPh NHOH i-But 270 6.569 
41a p-ClPh NHOH Bnz 430 6.367 
42a p-ClPh NHOH CH2CH2SCH3 460 6.337 
43a p-OMePh NHOH i-But 520 6.284 
44a p-OMePh NHOH Bnz 720 6.143 
45a p-OMePh NHOH CH2CH2SCH3 760 6.119 
46a p-MePh NHOH i-But 870 6.06 
47a p-MePh NHOH Bnz 980 6.009 
48a p-MePh NHOH CH2CH2SCH3 1,030 5.987 
49a p-ClPh NHOH CH(CH3)CH2CH3 1,280 5.893 
50a Ph NHOH i-But 1,520 5.818 
51a p-ClPh NHOH i-Pr 1,810 5.742 
52a p-OMePh NHOH CH(CH3)CH2CH3 1,940 5.712 
53a p-MePh NHOH CH(CH3)CH2CH3 2,050 5.688 
54a Ph NHOH Bnz 2,070 5.684 
55a Ph NHOH CH2CH2SCH3 2,320 5.635 
56a p-OMePh NHOH i-Pr 2,710 5.567 
57a p-MePh NHOH i-Pr 2,950 5.53 
58a p-ClPh NHOH Me 3,360 5.474 
59a p-OMePh NHOH Me 4,190 5.378 
60a p-MePh NHOH Me 4,360 5.361 
61a Ph NHOH CH(CH3)CH2CH3 5,210 5.283 
62a Ph NHOH i-Pr 5,760 5.24 
63a Ph NHOH Me 7,430 5.129 

64a PhOPh NHOH 

 

102 6.991 

65a PhOPh NHOH 

 

182 6.74 
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For structure-based drug designing studies, a total of 32 in house arylsulfonyl L(+) glutamine 

derivatives with MMP-2 inhibitory activity (compounds 1b-32b) (Table 5.2) were subjected 

to another computational analysis. The computational study was done on this dataset of 

molecules concerning molecular docking-based 2D-QSAR analysis, and the 3D-QSAR study 

namely comparative molecular field analysis (CoMFA) and comparative molecular similarity 

index analysis (CoMSIA) techniques to identify the important structural parameters from 

these arylsulfonyl L(+) glutamine derivatives required for the higher MMP-2 inhibitory 

activity discussed in this chapter. 

Table 5.2. In house Arylsulfonyl-based L(+) glutamine analogs 

 

Compound R1 R2 MMP-2 IC50 (nM) pIC50 

1b Ph n-Hex 103 6.987 
2b* Ph β-PhEt 123 6.910 
3b Ph n-Pr 177 6.752 
4b Ph t-But 186 6.730 
5b Ph p-OMeBnz 193 6.714 
6b Ph Et 203 6.693 
7b Ph i-Pr 208 6.682 
8b Ph p-ClBnz 263 6.580 
9b* Ph p-NO2Bnz 291 6.536 
10b Ph c-Hex 30 7.523 
11b Ph 3,4-diClBnz 806 6.094 
12b Ph Me 843 6.074 
13b* Ph H 885 6.053 
14b* NO2 Bnz 210 6.678 
15b* NO2 H 1,650 5.783 
16b NO2 i-Pr 2,120 5.674 
17b NO2 Me 2,850 5.545 
18b NO2 n-But 4,070 5.390 
19b Ph o-ClBnz 31 7.509 
20b* NO2 n-Pent 4,800 5.319 
21b NO2 Et 5,340 5.272 
22b NO2 i-But 8,520 5.070 
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*Marked compounds are considered as the test set molecules 

5.1.1. Multiple linear regression (MLR) analysis 

The MLR model was developed on the first dataset comprising 65 molecules (compound 1a-

65a) (Table 5.1). The equation obtained from the dataset: 

pIC50 = 4.791 (±0.141) + 0.732 (±0.123) PubchemFP346 + 1.901 (±0.179) PubchemFP682 - 

1.154 (±0.188) PubchemFP698 + 0.285 (±0.031) SubFPC287 - 0.405 (±0.124) KRFP2820

            5.1 

Ntrain = 49, R = 0.938, R² = 0.879, R²A = 0.865, Q² = 0.835, SEE = 0.365, PRESS = 5.739, F 

(5, 43) = 62.664, Avg. rm²LOO = 0.776, cR2
p = 0.831, Ntest = 16, R²pred = 0.912; Avg. rm²test = 

0.887, p < 0.05 

The statistical analysis of the MLR model (Equation 5.1) revealed, that the model 

demonstrated an R2
pred of 0.912 for the test set compounds and could explain 86.50% and 

predict 83.50% in the training set, respectively. Additionally, the model fulfilled the 

Golbraikh and Tropsha model acceptability criteria (Table 5.3) (Golbraikh and Tropsha, 

2002). 

  

23b Ph n-Pent 41 7.387 
24b Ph n-But 45 7.347 
25b* Ph 3,5-diCF3Bnz 51 7.292 
26b Ph p-FBnz 76 7.119 
27b Ph Ph 79 7.102 
28b Ph i-But 98 7.009 
29b Ph Bnz 24 7.620 
30b p-BrPhO Bnz 419 6.378 
31b* p-BrPhO n-Pent 472 6.326 
32b p-BrPhO c-Hex 672 6.173 
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Table 5.3. Docking-based MLR model (Equation 5.1) acceptability criteria proposed by 

Golbraikh and Tropsha  

Parameter Threshold Equation 5.1 
Q² Q2>0.5 0.835 
r2 r2>0.6 0.918 
r0

2-r0'2 |r0^2-r'0^2| < 0.3 0.003 
k 0.85 < k < 1.15 0.991 
k’ 0.85 < k' < 1.15 1.006 
(r2-r0

2)/r2 [(r^2-r0^2)/r^2] < 0.1 0.004 
(r2-r0'2)/r2 [(r^2-r'0^2)/r^2] < 0.1 0.000 

r2 = Squared correlation coefficient between observed vs predicted response of the test set 
compounds; r2

0 = The values for regression through the origin (observed vs predicted); r'20 = 
The values for regression through the origin (predicted vs observed); k = Slope of the 
regression lines through the origin for observed vs predicted; k’= Slope of the regression 
lines through the origin for predicted vs observed. 

Equation 5.1 revealed the importance of three PubChem fingerprint features (i.e., 

PubchemFP346, PubchemFP682, and PubchemFP698) as well as one substructural 

fingerprint feature (SubFPC287) and one Klekota-Roth fingerprint feature (KRFP2820) 

affecting MMP-2 inhibition. The PubChem fingerprint feature PubchemFP346 indicates the 

function (-C-CH-O). The positive coefficient of PubchemFP346 implied that compounds 

were identified to be highly efficient MMP-2 inhibitors (compounds 1a-6a, 19a-25a, 39a). On 

the other hand, the absence of such a feature resulted in lower efficacy (compounds 18a, 56a-

63a). Therefore, it may be implicated that pyrrolidine derivatives with ether function were far 

better compared to the respective pyrrolidine derivatives with amide function. Again, 

PubchemFP682 is another PubChem fingerprint feature denoting the topological distance 

between oxygen and nitrogen atoms separated by four carbon atoms. The positive coefficient 

of PubchemFP682 revealed that only 9 compounds in this dataset bearing such fragment 

features were maximum effective MMP-2 inhibitors (compounds 1a-6a, 19a, 22a, 39a). It 

also suggested that the distance between the amide group of hydroxamate function and the 

oxygen atom substituted at the pyrrolidine ring is crucial for MMP-2 inhibition. On the other 

hand, PubchemFP698 is another PubChem fingerprint feature implicating the fragment with 

seven carbon units attached to one oxygen atom. The negative coefficient of PubchemFP698 

revealed that molecules with such fragments were lower active MMP-2 inhibitors. It was 

observed that compounds possessing p-chlorophenylcarbonyl or phenylcarbonyl moieties 

(compounds 32a-37a) were poor inhibitors of MMP-2. Again, KRFP2820 is a Klekota-Roth 

fingerprint feature representing phenylsulfonyl moiety. The negative coefficient of 
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KRFP2820 implicated that phenylsulfonyl moiety may have an unfavorable impact on MMP-

2 inhibition though many of these dataset compounds possess such structures to become 

potential MMP-2 inhibitors (compounds 3a, 5a-6a, 19a) probably due to the presence of 

hydroxamate moiety. However, several compounds containing such a feature were lower 

effective MMP-2 inhibitors (compounds 13a-16a, 34a, 36a, 50a, 54a). Therefore, it can be 

inferred that p-tosyl derivatives were preferable to the corresponding phenylsulfonyl analogs 

(compound 7a vs compound 13a; compound 10a vs compound 14a; compound 11a vs 

compound 15a; compound 20a vs compound 23a; compound 24a vs compound 26a). Again, 

SubFPC287 is a substructural fingerprint representing the total count of conjugated double 

bonds. The positive coefficient of SubFPC287 revealed that compounds with a higher 

number of conjugated double bonds were highly effective MMP-2 inhibitors (compounds 

20a-21a, 23a-26a). The observed vs predicted MMP-2 inhibitory activity for all molecules as 

per the MLR model is provided in Table A1 (Appendix).           

5.1.2. Hologram-based quantitative structure-activity relationship (HQSAR) analysis 

As far as the HQSAR study was concerned, all these possible fragment distinctions (such as 

atom, bond, connection, hydrogen, chirality, and donor-acceptor) were utilized to generate 50 

probable HQSAR models (Table 5.4) on the first dataset. 

Table 5.4. All the possible HQSAR models were generated with different fragment 

distinction parameters. 

Model Fragment distinction R2
CV R2 SE Length Component 

*1 A 0.793 0.882 0.366 97 6 

2 B 0.396 0.652 0.628 83 6 
3 C 0.786 0.892 0.349 199 6 
4 H 0.228 0.497 0.775 61 6 
5 Ch 0.228 0.497 0.775 61 6 
6 DA 0.666 0.782 0.485 83 4 
7 A/B 0.784 0.888 0.356 151 6 
8 A/C 0.772 0.884 0.363 151 6 
9 A/H 0.732 0.865 0.39 83 6 
10 A/Ch 0.767 0.873 0.379 97 6 
11 A/DA 0.744 0.848 0.415 59 6 
12 B/C 0.792 0.908 0.323 401 6 
13 B/H 0.396 0.652 0.628 83 6 
14 B/Ch 0.396 0.652 0.628 83 6 
15 B/DA 0.643 0.822 0.448 199 6 
16 C/H 0.786 0.892 0.349 199 6 
17 C/Ch 0.786 0.892 0.349 199 6 
18 C/DA 0.739 0.865 0.39 53 6 
19 H/Ch 0.228 0.497 0.755 61 6 
20 H/DA 0.666 0.782 0.485 83 4 
21 Ch/DA 0.666 0.782 0.485 83 4 



Chapter 5: Results and Discussions 

 

Page | 111  

 

22 A/B/C 0.78 0.898 0.34 401 6 
23 A/B/H 0.787 0.905 0.329 97 6 
24 A/B/Ch 0.787 0.894 0.346 307 6 
25 A/B/DA 0.723 0.837 0.424 83 5 
26 B/C/H 0.792 0.908 0.323 401 6 
27 B/C/Ch 0.792 0.908 0.323 401 6 
28 B/C/DA 0.761 0.882 0.361 257 5 
29 C/H/Ch 0.786 0.892 0.349 199 6 
30 C/Ch/DA 0.739 0.865 0.39 53 6 
31 A/B/C/H 0.761 0.903 0.331 307 6 
32 A/B/C/Ch 0.78 0.902 0.333 401 6 
33 A/B/C/DA 0.751 0.894 0.346 59 6 
34 A/B/H/Ch 0.782 0.896 0.343 97 6 
35 A/B/H/DA 0.721 0.877 0.369 59 5 
36 A/B/Ch/DA 0.739 0.849 0.409 71 5 
37 A/C/H/Ch 0.732 0.88 0.369 257 5 
38 A/C/H/DA 0.734 0.899 0.335 151 5 
39 A/C/Ch/DA 0.706 0.86 0.394 97 5 
40 A/H/Ch/DA 0.707 0.894 0.347 257 6 
41 B/C/H/Ch 0.792 0.908 0.323 401 6 
42 B/C/H/DA 0.761 0.882 0.361 257 5 
43 B/H/Ch/DA 0.643 0.822 0.448 199 6 
44 C/H/Ch/DA 0.739 0.865 0.39 53 6 
45 A/B/C/H/Ch 0.758 0.89 0.353 401 6 
46 A/B/C/Ch/DA 0.753 0.88 0.364 307 5 
47 A/B/C/H/DA 0.75 0.881 0.363 257 5 
48 A/B/H/Ch/DA 0.712 0.889 0.355 61 6 
49 B/C/H/Ch/DA 0.761 0.882 0.361 257 5 
50 A/B/C/H/Ch/DA 0.791 0.922 0.297 83 6 

*The best model was shown in bold  

Among these 50 models developed, 44 HQSAR models were found to exhibit a Q2 value > 

0.60. Among these 44 HQSAR models, model-1 comprising 6 components as well as a length 

of 97 was selected as the best one due to the highest Q2 value of 0.793 (Table 5.4). This 

model-1 also possessed a good R2 value of 0.882. As this model was the best one among all 

these models, it was further subjected to optimize with various atom counts (Table 5.5). 

Table 5.5. Various HQSAR models were developed by optimizing the HQSAR model 1 using 

different atom counts. 

Model Atom Count R2
CV R2 SE Length Component 

1-a 1 to 4 0.686 0.802 0.474 53 6 
1-b 2 to 5 0.653 0.788 0.49 61 6 
1-c 3 to 6 0.724 0.853 0.408 401 6 

*1-d 4 to 7 0.793 0.883 0.366 97 6 

1-e 5 to 8 0.719 0.848 0.414 59 6 
1-f 6 to 9 0.714 0.828 0.436 151 5 
1-g 7 to 10 0.717 0.866 0.389 71 6 

*The best model was shown in bold  
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It was observed that model 1-d having atom count 4 to 7, resulted in the highest Q2 of 0.793 

along with the lowest SE of 0.366. As a result, the best model was determined to be HQSAR 

model 1-d, which was then validated using a test set of compounds to determine external 

predictability. An R2
Pred value of 0.890 was reported for model 1-d, which has 6 components 

and a length of 97. As this model 1-d validated these MMP-2 inhibitors through both internal 

and external validation methods, it can be a statistically stable and robust model. The 

observed vs predicted activity plot for the dataset molecules is shown in Figure A1 

(Appendix). Furthermore, the observed vs predicted MMP-2 inhibitory activity for all these 

molecules as per the HQSAR model is provided in Table A1 (Appendix). 

Regarding the contribution made by the best active compound (compound 39a), it was 

observed that some of the fragments of this molecule exhibited either green-blue (0.1480545 

to 0.2467575) or green-blue (>0.2467575) as colour well as yellow colour (0.098703 to 

0.1480545) reflecting the utility of these fragments toward higher MMP-2 inhibition (Figure 

5.1). 

 

Figure 5.1. Fragment contributions of (A) the most active molecule (compound 39a) and (B) 

the least active molecule (compound 18a) compounds as per the optimized  HQSAR model 

(Model 1-d). 

It was noticed that the methyl carbon and the associated phenyl carbon of the p-tolyl moiety 

exhibited green fragments. Not only that, the adjacent carbon to the p-tolyl carbon atom 

exhibited the implication of a good yellow fragment. Apart from these two fragments, other 

fragments of this compound were found white (-0.11629967 to 0.098703) implicating their 

moderate effects on MMP-2 inhibition. Importantly, no such bad fragments (either red or 

orange-red) were observed in the best active molecule (compound 39a).  
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On the other hand, the least active molecule of this dataset (compound 18a) disclosed no such 

good and very good fragments (yellow or green). Most of these fragments of this molecule 

exhibited white fragments reflecting their moderate implication toward MMP-2 inhibition. 

However, the red (-0.1744495 to -0.11629967) and orange-red (-0.29074917 to -0.1744495) 

fragments explored the bad effect on MMP-2 inhibition. In terms of the increased MMP-2 

inhibitory activity, it was also indicated that such red and orange-red fragments shouldn't be 

present in the molecular structure. Here, in the least active molecule (compound 18a), it was 

noticed that two of the pyrrolidine carbon atoms along with an adjacent hydrogen atom 

exhibited bad red-colored fragments. Nevertheless, the terminal methoxy carbon atom as well 

as two hydrogen atoms was shown as red or red-colored fragments implicating that ester 

function was not favorable as far as the zinc-chelation was concerned. Subsequently, it also 

pointed out that the presence of ester function may be responsible for the lower MMP-2 

inhibitory activity of this compound (compound 18a). 

5.1.3. Linear discriminant analysis (LDA) model 

The LDA model (Equation 5.2) was generated on the first dataset with five descriptors. The 

capacity to discriminate between active and inactive MMP-2 inhibitors was noticed using the 

LDA model. The discrimination function (DF) for these alkyl and arylsulfonamido 

pyrrolidine MMP-2 inhibitors is provided in Equation 5.2.  

DF = -5.951 + 12.012 * KRFP504 + 8.180 * SubFPC85 – 4.674 * PubchemFP726 -3.357 * 

KRFPC3328 -0.748 * PubchemFP709        5.2 

nTrain = 49, λ = 0.319, RC = 0.825, DM2 = 8.278, F(5, 43) = 18.361, p < 0.000, χ2 = 50.847, 

MCCTrain = 0.767, AUROCTrain = 0.981, nTest = 16, MCCTest = 0.630, AUROCTest = 0.921 

It was observed from the LDA model that it explored significant discriminating ability as 

evidenced by the low Wilk’s lambda value (λ = 0.319) as well as good canonical correlation 

coefficient value (RC = 0.825). The high value of χ2 (50.847) reflected that the LDA model is 

statistically significant in terms of distinctly discriminating both the active and inactive 

compounds. It was observed from the LDA model that 21 active molecules of the 

discrimination set were predicted as truly active (TP) while 22 inactive molecules were 

predicted as truly inactive (TN). Interestingly, only 5 inactive compounds of the 

discrimination set were predicted as falsely active (FP) whereas only one active compound 

was predicted as falsely inactive (FN). Similarly, in the case of the test set, 6 active molecules 
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were predicted as truly active (TP) whereas only one active molecule was predicted as falsely 

inactive (FN). Again, 7 inactive molecules were predicted as truly inactive while only 2 

inactive molecules were predicted to be falsely active (FP). Various statistical parameters 

were estimated to validate the internal as well as external predictive performance of the LDA 

model as shown in Table 5.6. Again, the ROC plot for the developed LDA model is displayed 

in Figure 5.2A.  

Table 5.6. Statistical performance of the classification-based QSAR models 

Model Dataset ROC TP TN FP FN Se Sp Pr Acc F-measure MCC 

LDA  
Training 0.981 21 22 5 1 0.955 0.815 0.808 0.878 0.875 0.767 

Test 0.921 6 7 2 1 0.857 0.778 0.750 0.813 0.800 0.630 
Bayesian  

classification 

Training 0.759 18 24 3 4 0.818 0.889 0.857 0.857 0.837 0.804 
Test 0.937 6 7 2 1 0.857 0.778 0.750 0.813 0.800 0.630 

 

 

 

Figure 5.2. ROC plots of (A) the LDA model (Equation 5.2) for the training and test sets, 

and (B) the Bayesian classification model for the training and test sets. 

From Table 5.6, it was noticed that the discrimination set was predicted as statistically 

reliable as per the LDA model (Se = 0.955, Sp = 0.815, Acc = 0.878, Pr = 0.808, F-measure = 

0.875). Again, the external predictive performance of the test set was also statistically 

significant as per the LDA model (Se = 0.857, Sp = 0.778, Acc = 0.813, Pr = 0.750, F-

measure = 0.800). Moreover, the values of the Matthews correlation coefficient (MCC) for 

both the discrimination set and test set (0.767 and 0.630, respectively) suggested that both 
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these sets were supposed to be good classifiers. Nevertheless, the values of the area under the 

receiver operating characteristic curve (AUROC) for both the discrimination set and test set 

(0.981 and 0.921, respectively) justified the accuracy of the LDA model. The LDA model 

depicted the importance of five descriptors (KRFP504, KRFPC3328, SubFPC85, 

PubchemFP726, and PubchemFP709) implicating their discriminating ability from actives to 

inactives.                     

PubchemFP726 is a PubChem fingerprint feature, denoting the fragment p-chlorophenyl 

group associated with a sulfur atom. The negative contribution of this feature suggested that 

compounds bearing such a structural feature (compounds 49a, 51a, 58a) were MMP-2 

inhibitors with lower efficacy. Therefore, it may be postulated that the p-chloro phenyl group 

associated with the sulfur atom directed toward the S1′ pocket may not be favorable for 

MMP-2 inhibition. Again, PubchemFP709 is another Pubchem fingerprint feature 

representing the structure comprising six carbon atoms with one branching, i.e., C-C(C)-C-C-

C. Such a fragment was also not favorable for MMP-2 inhibition as evidenced by the LDA 

model. Though many of these promising MMP-2 inhibitors in this dataset possess such a 

fragment, it was interesting to note that compounds with p-chlorophenyl carbonyl moiety 

directed toward the S2' pocket (compound 32a-34a), phenyl carbonyl moiety (compound 35a-

37a) as well as a bulky linear branched chain (50a, 53a-54a, 57a) were lower effective MMP-

2 inhibitors. On the other hand, KRFP504 is a Klekota-Roth fingerprint feature denoting the 

methylene carbonyl fragment (-CH2CO-). This fragment feature has the ability to 

discriminate the actives from the inactives. Compounds comprising such a fragment 

(compounds 48a-50a, 52a-60a, 62a-63a) were lower effective MMP-2 inhibitors. On the 

other hand, compounds with no such fragment feature were promising MMP-2 inhibitors 

(compounds 1a-4a, 19a-21a, 39a). Again, another Klekota-Roth fingerprint feature is 

KRFPC3328 denoting the ester functions. The negative contribution of this feature implied 

that compounds bearing such ester function as ZBG were lower effective MMP-2 inhibitors 

(compounds 14a-18a, 31a-38a). It further suggested that the hydroxamate function was better 

zinc chelator compared to the respective ester function as far as MMP-2 inhibition is 

concerned. Therefore, compounds with hydroxamate function were potent MMP-2 inhibitors 

(compounds 1a-6a, 19a, 22a, 39a). Again, SubFPC85 is a substructure fingerprint feature 

denoting the number of carboxylic acid ester functions present in the molecule. The positive 

coefficient of SubFPC85 suggested that such a feature exhibited a higher ability to 

discriminate actives from inactives. It is obvious that the carboxylic acid ester function as 

ZBG was weaker compared to the respective hydroxamate function. However, several 
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compounds apart from the carboxylic acid ester ZBG group also possess another carboxylic 

acid ester function associated with bulky aryl moieties (compounds 24a, 26a, and 29a). The 

second carboxylic acid ester function may guide the associated aryl moiety to interact at the 

S2' pocket for imparting higher MMP-2 inhibition. Interestingly, it was also noticed that 

compound 29a exhibited more than 10-fold less potency compared to both compounds 24a 

and 26a. Additionally, it was suggested that in order to perform higher MMP-2 inhibition, the 

bulky aryl group linked to the sulfonyl moiety and directed toward the S1′ pocket is essential. 

Simply said, simply two carboxylic acid ester activities were insufficient. A similar 

observation was noted for other compounds (compounds 32a, 37a) where there is a smaller 

methyl function associated with the sulfonyl group resulting in lower efficacy instead of 

possessing two carboxylic acid ester functions. This further suggested that bulky aryl 

functions associated with the sulfonyl group were the most crucial feature for enhancing 

MMP-2 inhibition. On the other hand, compounds with one carboxylic acid ester function 

were found effective MMP-2 inhibitors probably due to the presence of the phenyl and p-

tosyl functions (compounds 20a, 23a, and 25a).        

5.1.4. Bayesian classification modeling analysis 

As far as the Bayesian modeling study was concerned on the first dataset, it exhibited a 

ROCLOO of 0.753 and a 5-fold ROC score (ROC5-CV) of 0.759 for the training set molecules. 

However, for the training set molecules, the Bayesian model also expressed the sensitivity, 

specificity, and accuracy of 0.818, 0.889, and 0.857, respectively. Again, the model's ROC 

score (ROCTest) of 0.937 for the test set molecules confirmed the high quality of this Bayesian 

model. Moreover, the sensitivity, specificity, and accuracy of the test were found to be 0.857, 

0.778, and 0.813, respectively. Table 5.6 provides the comprehensive statistics for the 

Bayesian classification model, whereas Figure 5.2B displays the ROC curves.. 

It was observed that the Bayesian classification modeling study disclosed various good 

substructural fragments (Figure A2) (Appendix) that may be responsible for imparting 

efficacious MMP-2 inhibition. Substructural fragments such as sulfonyl pyrrolidine group 

with sulfonyloxy substituent (G1, G18), carboxamido substituted sulfonyl pyrrolidine group 

(G2), sulfonyl or arylsulfonyl substituted 3-hydroxy pyrrolidine group (G9, G10), sulfonyl 

pyrrolidine group with -CONHOH group substituted at the 2nd position of the pyrrolidine ring 

(G8), carboxamido substituted arylsulfonyl pyrrolidine with dimethoxy substitution (G5), -

CONHOH group substituted arylsulfonyl pyrrolidine with dimethoxy substitution (G7), 

carboxamido substituted sulfonyl pyrrolidine with 1,3-dioxane moiety (G6) were found 
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preferable for higher MMP-2 inhibitory efficacy. On the other hand, substructural fragments 

like substituted arylsulfonyloxy substitution (G3, G4, G14, G16, and G17), 1,3-dioxolane 

moiety (G11), substituted pyrrolidine group with dioxolane moiety (G12), arylsulfonyloxy 

cyclopentyl moiety (G15 and G20) were found favorable for higher MMP-2 inhibition. 

Compounds 20a, 21a, and 23a comprising substructural fingerprint sulfonyl pyrrolidine group 

with sulfonyloxy substituent (G1 and G18) exhibited highly potent MMP-2 inhibition. Again, 

compounds bearing carboxamido substituted sulfonyl pyrrolidine group (G2) also displayed 

highly potent MMP-2 inhibitory efficacy (compounds 1a-6a). A similar type of substructural 

fingerprint (G8) was noted for the same compounds (compounds 1a-6a) revealing the 

importance of hydroxamate moiety apart from the sulfonyl pyrrolidine group. On the other 

hand, compounds comprising sulfonyl or arylsulfonyl substituted 3-hydroxy pyrrolidine 

group (G9, G10) were potent MMP-2 inhibitors (compounds 19a, 22a, and 39a). Again, 

compounds bearing substructural fragments substituted arylsulfonyloxy substitution (G3, G4, 

G14, G16 and G17) were highly effective MMP-2 inhibitors (compounds 20a-21a, 23a, 25a).    

On the other hand, various bad substructural fragments (Figure A3) (Appendix) such as aryl 

ester or substituted aryl ester group (B7, B8, B11, B18, and B20), aryl ester functions with 

various groups like cyclopentyl and pyrrolidinyl groups (B4-B6), linear alkyl amino 

carboxamide group with amine substitution (B1, B2), amine substituted alkyl function (B3), 

methoxy substituted aryl groups (B12-B16) was found unfavorable for MMP-2 inhibitory 

activity. 

5.1.5. Comparative molecular similarity index analysis (CoMSIA) analysis 

Prior to generating the CoMSIA model, all these molecules were aligned keeping in 

consideration the best active MMP-2 inhibitor of the first dataset (compound 39a). The 

aligned structures of the dataset MMP-2 inhibitors are depicted in Figure 5.3. 
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Figure 5.3. Aligned structures of all these MMP-2 inhibitors of the dataset. 

With reference to the CoMSIA model, it was generated with 4 components on 49 training set 

molecules and this was subsequently validated on 16 test set compounds. This CoMSIA 

model was statistically significant as it yielded a leave-one-out Q2 value of 0.538 and an R2 

value of 0.809. Not only that, this CoMSIA model also resulted in an acceptable 10-fold 

cross-validation (R2
10-CV = 0.529) as well as a good external prediction result (R2

Pred = 0.640). 

The observed vs predicted MMP-2 inhibitory activity for all these molecules as per the 

CoMSIA model is provided in Table A1 (Appendix).  

Not only that, the other statistical validation parameters (such as bootstrapping and Y-

scrambling) also revealed the CoMSIA model to be a reliable one. Importantly, it was noticed 

that the CoMSIA model displayed the importance of four fields (i.e., steric, electrostatic, 

hydrophobic, and donor) having an impact on MMP-2 inhibition. The contributions of steric, 

electrostatic, hydrophobic, and donor fields were found to be 10.20%, 21.20%, 30.10%, and 

38.50%, respectively, towards MMP-2 inhibitory activity. Regarding the CoMSIA contour 

maps, the implication of all these fields was noticed (Green: steric favorable; Yellow: steric 

unfavorable; Blue: electrostatic favorable; Red: electrostatic unfavorable; Magenta: 
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hydrophobic favorable Cyan: hydrophobic unfavorable; Black: donor favorable; Orange: 

donor unfavorable). All the statistical results of the CoMSIA model are shown in Table 5.7. 

 

Table 5.7. Statistical results from the CoMSIA model.  

Parameters CoMSIA 

Features S, E, H, D 
Q2 0.538 

Component 4 
R2 0.809 

SEE 0.455 
F 46.468 

R2
10-CV 0.529 

R2
20-BS 0.849 

R2
scr 0.405 

cSDEP 0.802 
dq2/dryy

2 0.839 
r2

Pred 0.640 
Field Field distribution (%) 
Steric 10.20 

Electrostatic 21.20 
Hydrophobic 30.10 

Hydrogen bond donor 38.50 
 

 

For the best effective molecule of the dataset (compound 39a), it was noticed that the p-tolyl 

group associated with the sulphonamide moiety was inserted into the steric favorable region 

(green polyhedron) (Figure 5.4). Not only that, a small favorable hydrophobic region 

(magenta polyhedron) was also observed near the terminal end, i.e., near the p-tolyl group. It 

suggested that steric and hydrophobic substituents are preferable at this position, i.e., towards 

the S1′ pocket of the MMP-2 enzyme. Likewise, the steric unfavorable domain (yellow 

polyhedrons) were found located opposite as well as far away from this molecule (compound 

39a). Importantly, it was also interesting to note that a bigger favorable hydrophobic region 

(magenta polyhedron) was found closely associated with the hydroxyl group substituted at 

the pyrrolidine ring. It suggested that hydrophobic substitutions at this position i.e., towards 

the S2′ pocket may be suitable for enhancing the MMP-2 inhibitory activity. Therefore, in a 

nutshell, it may be inferred that hydrophobic and steric groups/substituents were found 

suitable towards the S1′ pocket whereas only hydrophobic substituents with less or no steric 

effect were preferable towards the S2′ pocket for higher MMP-2 inhibition. Conversely, the 

hydroxamate group was found inserted into a bulky hydrophobic unfavorable region (cyan 
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polyhedron). It suggested that no such hydrophobic groups or substituents were favored at 

this position. It was obvious that in this region the zinc-binding group (ZBG) (here 

hydroxamate function) chelates to the catalytic Zn2+ ion and thus, no such hydrophobic 

interactions were favorable at this region. Again, a smaller unfavorable hydrophobic group 

(cyan polyhedron) was located near the terminal p-tolyl group adjacent to the sulfonyl 

moiety. It suggested that hydrophobic substituents are not favored in this region. As far as the 

electrostatic contours were concerned, the favorable regions (blue polyhedrons) were away 

from this molecule. However, two bigger unfavorable electrostatic regions (red polyhedrons) 

were located close to the molecule suggesting that no such electrostatic groups were 

favorable in these positions (one region near the terminal p-tosyl moiety and another region at 

the center of this molecule). Importantly, only one favorable donor region (black polyhedron) 

group was found near the terminal p-tosyl moiety but it was away from the sulfonyl function. 

It suggested that donor substituents may be favored near the terminal aryl moiety for higher 

MMP-2 inhibition. It appears that no such acceptor groups were appropriate at these places, 

though, because the unfavourable donor groups (orange polyhedrons) were located far from 

the molecule. 

 

Figure 5.4. CoMSIA contour plot of the best active molecule (compound 39a) 

As far as the contour maps of the least active molecule (compound 18a) were concerned, it 

was noticed that the methyl group attached to the sulfonyl moiety was far away from the 

favorable steric and hydrophobic regions (green and magenta, respectively) (Figure 5.5).  
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Figure 5.5. CoMSIA contour plot of the least active molecule (compound 18a) 

On the other hand, the carbonyl moiety attached to the pyrroline moiety was also away from 

the favorable hydrophobic region (magenta polyhedron). Importantly, the methoxy group of 

the ester function (ZBG) was inserted into the unfavorable hydrophobic region (cyan 

polyhedron). It again suggested that no such hydrophobic interactions were favoured near the 

zinc-binding region. However, other contours (i.e., electrostatic and donor) were found 

mostly away from this molecule. Therefore, comparing the contours of both the best active 

(compound 39a) and least active (compound 18a) compounds, it may be inferred that aryl 

functionality associated with the sulphonamido moiety conferring both favorable steric and 

hydrophobic interactions toward the S1′ pocket of the MMP-2 enzyme was the most crucial 

for the enhancement of MMP-2 inhibitory efficacy. 

[The work was communicated for publication.] 

 

5.1.6. Molecular docking-based 2D-QSAR Model 

For the second dataset (Table 5.2): 

The thirty-two in house molecules (compounds 1b-32b) (Table 5.2) were docked at the 

MMP-2 enzyme active site (PDB ID: 1HOV), and the method of docking was confirmed by 

re-docking the inbound molecule. The incoming and re-docked inbound molecule's alignment 

is shown in Figure 5.6A (RMSD of the re-docked conformation = 3.84). Furthermore, the 

alignment of the in house molecules at the MMP-2 active region (PDB ID: 1HOV) is shown 

in Figure 5.6B. 
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Figure 5.6. (A) Alignment of the inbound MMP-2 inhibitor with the active site residues at 

MMP-2 (PDB ID: 1HOV) and its re-docked conformation; (B) Alignment of docked 

conformers derived from the molecular docking analysis at the MMP-2 active site (PDB ID: 

1HOV). 

  



Chapter 5: Results and Discussions 

 

Page | 123  

 

The docking-based 2D-QSAR model was developed using the XP (extra precision) 

descriptors produced by GLIDE docking from the molecular docking study. The training set 

population was used to create this model, and 19 features were chosen in the initial stage of 

the feature selection process before being put through the Best Subset Selection (BSS) 

procedure. Subsequently, three XP descriptors made up the optimal model, which was 

determined by analyzing its internally cross-validated Q2 and R2
pred values (Equation 5.3). 

pIC50(M) = 5.915 (± 0.257) + 3.824 (± 0.725) r_glide_XP_LowMW - 0.461 (± 0.185) 

r_glide_res:A142_coul - 0.210 (± 0.05549) r_glide_res:A84_Eint                 5.3 

Ntrain = 24, R = 0.854, R² = 0.729, R²A = 0.688, Q² = 0.629, SEE = 0.406, PRESS = 3.294, F 

(3, 20) = 17.911, Avg. rm²LOO = 0.509, cR2
p = 0.675, Ntest = 8, R²pred = 0.610; Avg. rm²test = 

0.520, p< 0.05 

Equation 5.3, which represents the docking-based 2D-QSAR model, underwent statistical 

analysis to show that the model demonstrated an R2
pred of 0.610 for the test set compounds 

and could explain 68.8 % and predict 62.9 % in the training set. Additionally, the model 

fulfilled the Golbraikh and Tropsha model acceptability criteria (Table 5.8) (Golbraikh and 

Tropsha, 2002). 

Table 5.8. Golbraikh and Tropsha criteria for the docking-based MLR model (Equation 5.3) 

Parameter Threshold Equation 5.3 
Q² Q2>0.5 0.629 
r2 r2>0.6 0.711 
r0

2-r0'2 |r0^2-r'0^2| < 0.3 0.113 
k 0.85 < k < 1.15 0.967 
k’ 0.85 < k' < 1.15 1.031 
(r2-r0

2)/r2 [(r^2-r0^2)/r^2] < 0.1 0.000 
(r2-r0'2)/r2 [(r^2-r'0^2)/r^2] < 0.1 0.159 

 

  



Chapter 5: Results and Discussions 

 

Page | 124  

 

The observed vs predicted activities for the dataset molecules are listed in Table 5.9 and 

Figure 5.7A.  

Table 5.9. Measured (actual) and predicted activity for the in house compounds obtained 

from the molecular modeling studies along with the values of the features used to develop the 

docking-based MLR model, CoMFA model, and CoMSIA model. 

Compound 
r_glide_XP_Low

MW 

r_glide_res:

A142_coul 

r_glide_res:A

84_Eint 
pIC50 

Predicted Activity 
MLR CoMFA CoMSIA 

1b -0.01482 -1.2159 -3.45422 6.987 7.143 7.039 7.144 
*2b 0 -1.36576 -2.29474 6.910 7.026 7.036 7.197 
3b -0.15509 -1.1868 -3.65949 6.752 6.637 6.934 6.761 
4b -0.10834 -1.36722 -3.45499 6.730 6.856 6.819 6.553 
5b 0 -1.26502 -1.47154 6.714 6.807 6.926 6.894 

*6b -0.20185 -1.28083 -2.8999 6.693 6.342 6.445 6.505 
7b -0.15509 -1.43324 -3.08052 6.682 6.629 6.725 6.599 
8b 0 -1.21389 -2.62341 6.580 7.025 6.831 6.731 

*9b 0 -1.23196 -2.88881 6.536 7.089 6.965 6.833 
10b -0.02154 -1.31868 -2.16107 7.523 6.894 6.851 6.967 

*11b 0 -1.33015 -2.01415 6.094 6.951 6.947 7.055 
12b -0.2486 -1.35017 -3.46262 6.074 6.313 6.643 6.239 
13b -0.29536 -1.44914 -4.27765 6.053 6.351 6.402 6.283 
14b -0.09861 -0.23693 -2.9558 6.678 6.268 -- -- 
15b -0.39902 -0.71537 -3.76485 5.783 5.509 5.503 5.800 

*16b -0.25875 -0.18308 -4.79436 5.674 6.016 5.640 5.317 
17b -0.35226 -0.17202 -3.51379 5.545 5.385 5.304 5.391 
18b -0.212 -0.34617 -2.4145 5.390 5.771 5.344 5.280 

*19b 0 -1.14164 -3.6634 7.509 7.210 6.779 6.830 
20b -0.1686 -1.22011 0.993335 5.319 5.624 5.072 5.215 

*21b -0.30551 -0.16359 -3.42976 5.272 5.542 5.158 5.172 
22b -0.212 -0.08811 -0.68809 5.070 5.290 5.849 5.228 
23b -0.06158 -1.24124 -1.28648 7.387 6.522 6.892 7.122 
24b -0.10834 -1.15058 -4.56454 7.347 6.989 6.902 7.275 
25b 0 -0.8363 -5.70331 7.292 7.497 7.254 7.476 

*26b 0 -0.77956 -5.45381 7.119 7.419 6.821 6.931 
27b -0.0417 -1.17993 -3.75765 7.102 7.088 6.974 7.191 
28b -0.10498 -0.78906 -5.2435 7.009 6.978 7.100 7.027 
29b 0 -1.28269 -2.92326 7.620 7.120 7.185 7.505 
30b 0 0.134814 -1.67531 6.378 6.205 6.610 6.383 
31b 0 -0.88733 -3.77901 6.326 7.117 6.618 6.256 
32b 0 -1.03678 -0.51127 6.173 6.500 6.059 6.515 

*Test set molecules are in Bold. 
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Figure 5.7. Measured (actual) versus predicted activity of (A) Docking-based MLR model; 

(B) CoMFA model; (C) CoMSIA model. 

The assessment and validation of a 2D-QSAR model (Equation 5.3) in a computational 

chemistry context, involves three key analyses depicted in Figures 5.8A, 5.8B, and 5.8C, 

respectively. Firstly, the correlation matrix (Figure 5.8A) illustrates the relationships between 

various molecular descriptors employed in the model, providing insights into the 

interrelations among these features. Secondly, the applicability domain analysis, 

demonstrated in Figure 5.8B, uses the Euclidean distance-based method to evaluate how 

closely new compounds align with the known dataset used to construct the model, ensuring 

the model's reliability for predicting properties of similar compounds. Lastly, the Y-

randomization test (Figure 5.8C) involves creating multiple random models (50 models in 

this case) to validate the robustness of the original model by comparing its performance 

against these random models, thereby confirming the meaningful relationships within the 
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original model and ensuring its predictive significance and reliability for practical 

applications. 

 

Figure 5.8. (A) Correlation matrix heatmap for the descriptors utilized for the docking-based 

MLR (Equation 5.3) model; (B) Normalized mean distance values for the training (green 

circle) and the test set (orange square) compounds; (C) Comparison of R, R2, Q2 values of 

Equation 5.3 and the 50 random models. 

From the docking-based 2D-QSAR model (Equation 5.3), the analysis concerned the model 

and its correlation with the inhibitory activity of MMP-2. Three specific XP parameters 

derived from the model, namely r_glide_XP_LowMW, r_glide_res:A142_coul, and 

r_glide_res:A84_Eint, were found to have a strong relationship with the MMP-2 inhibitory 

activity. 

The descriptor r_glide_XP_LowMW, in particular, revealed an intriguing relationship with 

the inhibitory potential. A positive coefficient associated with this descriptor implies that 

lower molecular weight compounds might negatively impact the inhibition of MMP-2. 
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Analysis of various molecules reveals that those with lower values of r_glide_XP_LowMW, 

indicative at the R2 position (Table 5.7), smaller linear or branched alkyl groups and being 

relatively distant from the S2′ pocket, showed reduced effectiveness in inhibiting MMP-2 

(compounds 12b-13b, 15b-18b, and 21b-22b). On the contrary, compounds with higher 

values of r_glide_XP_LowMW, marked at the R2 position (Table 5.7) by a bulky benzyl 

substitution or a halogen-substituted bulky benzyl substitution, were associated with a 

positive impact on MMP-2 inhibition by effectively fitting into the S2′ pocket (compounds 

19b, 25b-26b, and 29b).  

Additionally, this analysis also suggests that the nature of the substitution at the R2 position 

(Table 5.7) plays a crucial role in determining the effectiveness of compounds in inhibiting 

MMP-2. Compounds with smaller alkyl groups or those situated away from the S2′ pocket 

exhibited reduced inhibitory potential. In contrast, compounds with larger, bulky substitutions 

at the R2 position, capable of fitting properly into the S2′ pocket, were more effective in 

interacting with the specific amino acid residues within that pocket, leading to enhanced 

MMP-2 inhibitory activity. This insight provides valuable guidance for designing or selecting 

compounds with the potential to interact effectively at the S2′ pocket for improved MMP-2 

inhibition in drug development or medicinal chemistry efforts. 

In addition, another parameter derived from a docking-based 2D-QSAR model (Equation 

5.3), r_glide_res:A142_coul, reflecting the Coulomb energy associated with the Ala142 

residue, was scrutinized. Findings suggest that the magnitude of this Coulombic energy 

associated with Ala142 significantly influences the effectiveness of compounds in inhibiting 

MMP-2. Lower negative values of this energy parameter related to Ala142 appear to correlate 

with reduced efficacy in inhibiting MMP-2, observed in compounds 15b-18b and 21b-22b. 

Conversely, higher negative values of this energy parameter are linked to more effective 

inhibition of MMP-2, evidenced in compounds 2b, 4b-5b, 10b, 23b, and 29b. These 

observations imply that the electrostatic interactions governed by the Coulomb energy 

attributed to the Ala142 residue within the MMP-2 binding site play a pivotal role in 

determining the effectiveness of the compounds in inhibiting the enzyme, offering valuable 

insights for optimizing future drug development endeavors targeting MMP-2. Moreover, in 

this context, the model specifically examined compounds 29b, 22b, 10b, and 14b aiming to 

identify significant residues within a biological structure (likely a protein) and determine their 

distances from these compounds (Figure 5.9). 
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Figure 5.9. The docking-based MLR model identified important residues and their distance 

with (A) compound 29b; (B) compound 22b; (C) compound 10b; and (D) compound 14b. 

Furthermore, the parameter r_glide_res:A84_Eint, characterizing the total interaction energy 

involving Coulomb, van der Waals, and hydrogen bonding scores and minimum distance 

calculations between the ligand and the Ala84 residue, has unveiled significant insights. 

Notably, the model (Equation 5.3) revealed a distinct relationship between the scores 

attributed by Ala84 and the effectiveness of compounds in inhibiting MMP-2. Compounds 

displaying higher negative scores, denoted by Ala84 (compounds 19b, and 24b-28b), were 

notably more favorable in their MMP-2 inhibitory potential compared to compounds 

demonstrating lower negative scores by the same residue (compounds 11b, 20b, 22b, and 

32b). These findings highlight the critical impact of the total interaction energy, particularly 

concerning the scores associated with the Ala84 residue, in dictating the efficacy of 

compounds in inhibiting MMP-2. Compounds with more robust interactions, as indicated by 

higher negative scores derived from Ala84, demonstrated enhanced effectiveness in inhibiting 
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the targeted enzyme. Understanding and harnessing these specific interactions comprising 

various energetic contributions and distance calculations with Ala84 could significantly 

inform the design and optimization of compounds for MMP-2 inhibition. 

5.1.7. Alignment for field-based 3D-QSAR studies 

For the development of field-dependent CoMFA and CoMSIA models, the 3D conformations 

of the second dataset (Table 5.2) and the in house MMP-2 inhibitors (compounds 1b–32b) 

following molecular docking studies were taken into consideration. Figure 5.10 shows the 

aligned geometrical orientation of each of these molecules. 

 

Figure 5.10. Docking-based alignment of all 32 in house MMP-2 inhibitors (compounds 1b-

32b). 

5.1.7.1. Comparative molecular field analysis (CoMFA) study 

The CoMFA model, constructed on the same 23 training set molecules and validated using 8 

test set compounds (Table 5.2), demonstrates moderate predictive ability (Q2 = 0.501) and a 

good fit to the training data (R2 = 0.780). Moreover, these values indicate that approximately 

50.10% of the variability in biological activity can be explained by the model and that it 

effectively captures the relationship between molecular structure and activity in the training 

compounds. Furthermore, the model exhibits satisfactory 10-fold cross-validation (R2
10-CV = 

0.526) and external prediction (R2
Pred = 0.591), showing its consistency and reasonable 

capability to predict the activities of new compounds. While it shows promise in predicting 

the biological activity of molecules, there remains an opportunity for improvement in 
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precision. The observed vs CoMFA-predicted activity for these compounds is provided in 

Table 5.9 and Figure 5.7B. Several other statistical characteristics demonstrated the 

statistical reliability and dependability of the CoMFA model (Table 5.10). 

Table 5.10. Statistical results from the CoMFA and CoMSIA models.  

Parameters CoMFA CoMSIA 

Features S, E S, E, H, A, D 
Q2 0.501 0.560 

Component 1 2 
r2 0.780 0.931 

SEE 0.356 0.204 
F 74.448 135.669 

R2
10-CV 0.526 0.607 

R2
20-BS 0.808 0.927 

R2
scr 0.470 0.496 

cSDEP 0.552 0.570 
dq2/dryy

2 0.359 0.484 
r2

Pred 0.591 0.556 
Field Field distribution (%) 

Steric 44.00 9.00 
Electrostatic 56.00 36.00 
Hydrophobic -- 18.80 

Hydrogen bond acceptor -- 13.00 
Hydrogen bond donor -- 23.20 

 

In addition, in the CoMFA analysis pertaining to MMP-2 inhibition, the model defines that 

steric and electrostatic fields contribute significantly, with respective contributions of 44% 

and 56% (Table 5.10). Specifically, for the most potent compound (compound 29b), the 

CoMFA contour plot (depicted in Figure 5.11A) highlights the positioning of the biphenyl 

moiety, the terminal phenyl group in close proximity to a region indicating favorable steric 

interactions, represented by a green polyhedron. This spatial relationship suggests that 

smaller steric substituents in this specific area might be conducive to enhancing the inhibition 

of MMP-2. Besides, these findings provide critical insights into the structural determinants 

governing interactions with MMP-2. Notably, the model's suggestion to favor smaller steric 

groups in proximity to the identified region implies a potential strategy for augmenting the 

inhibitory potency against MMP-2. Such insights are invaluable for the rational design or 

optimization of novel compounds targeting MMP-2 inhibition. 
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Figure 5.11. CoMFA steric and electrostatic generated contour plots with (A) compound 29b, 

and (B) compound 22b; CoMSIA steric, electrostatic, hydrophobic contour plots with (C) 

compound 29b, and (D) compound 22b; CoMSIA donor and acceptor contour plots with (E) 

compound 29b, (F) compound 22b. 

Interestingly, all the biphenyl derivatives revealed a distinct correlation between their 

structural features and their effectiveness as MMP-2 inhibitors. The terminal phenyl group, 

common among these molecules, consistently aligns in close proximity to a favorable steric 

region, as indicated by the green polyhedron (Figure 5.11A). This implies that smaller steric 

substituents are more conducive to achieving higher MMP-2 inhibition. Conversely, in the 

least active molecule (compound 22b), the beneficial steric field is located far from the nitro 

replacement (Figure 5.11B). For the p-nitrophenyl analogs, not only is the favorable steric 

region distant from the nitro group but the biphenyl derivatives exhibit promising 

effectiveness as MMP-2 inhibitors compared to their p-nitrophenyl counterparts. 

Unfavorable steric regions (yellow polyhedrons) are appreciable, and dispersed apart from 

these molecules, indicating that no steric substituents are beneficial in such regions (Figure 

5.11A and 5.11B). In addition, it was observed that an electrostatic favorable region (blue 

polyhedron) was displayed away from the terminal phenyl ring. Furthermore, a potential 
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preference for positively charged groups in this position is suggested by a smaller 

electrostatic favorable region relatively close to the biphenyl moiety's terminal phenyl ring. 

Conversely, the unfavorable electrostatic regions (red polyhedrons) were notably adjacent to 

the phenyl ring linked to the sulfonamide group, implying that negative charges in this 

position might enhance the activity (Figure 5.11A and 5.11B).  

Despite having a similar active site orientation to compound 22b, which is the least active, 

compound 14b has a comparatively strong MMP-2 inhibitory effect (IC50 = 210 nM). This 

discrepancy between its structural arrangement and its activity, classifying compound 14b as 

an outlier, challenges the model's explanatory capacity for this specific compound. Therefore, 

compound 14b is considered an outlier within this structural-activity relationship analysis. 

5.1.7.2. Comparative molecular similarity indices analysis (CoMSIA) study 

The CoMSIA model on the second dataset compounds (Table 5.2), employing steric, 

electrostatic, hydrophobic, hydrogen bond acceptor, and hydrogen bond donor fields, 

constructed with 2 components, depicted different contributions from these features: steric 

(S) at 9%, electrostatic (E) at 36%, hydrophobic (H) at 18.80%, hydrogen bond acceptor (A) 

at 13%, and hydrogen bond donor (D) at 23.20% (Table 5.10). Moreover, the model's robust 

statistical validation was evidenced by a Q2 value of 0.560, signifying its reliability in 

predicting biological activity within the dataset. Additionally, the r2
pred value of 0.556 from 

external validation confirms its credibility in predicting the activity of compounds. Notably, 

the substantially high R2 value of 0.931 (Table 5.10) reflects the model's strong correlation 

with observed data, indicating an exceptional quality in fitting the known data points. The 

comparative analysis between observed versus predicted activity, depicted in Table 5.9 and 

Figure 5.7C, further affirms the robustness of the model and reliability in predicting 

compound activities. These validation parameters collectively endorse the model's accuracy, 

reliability, and robust predictive capability, suggesting its potential utility in guiding rational 

drug design and development processes. The insights derived from this CoMSIA model 

provided a comprehensive understanding of the molecular features influencing compound 

activity, offering valuable guidance for designing new compounds with optimized biological 

effects. 

The terminal phenyl group of the biphenyl scaffold for the best active molecule, compound 

29b, was found to be in close proximity to the favorable electrostatic fields (blue contour) and 

steric (green polyhedron) (Figure 5.11C). Additionally, the terminal phenyl ring was situated 

in close proximity to the magenta polyhedron, a hydrophobic contour that was advantageous 
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(Figure 5.11C). It was observed that in this region, positively charged, hydrophobic, and 

steric groups were favorable for enhanced MMP-2 inhibitory efficiency of such molecules. 

Likely, the least active molecule, compound 22b, it was noted that the position of the p-nitro 

group was distanced from regions that are favorable in terms of steric and hydrophobic 

characteristics, as depicted in Figure 5.11D. Thus, the analysis pointed out that to enhance 

MMP-2 inhibition, it's crucial to have steric and hydrophobic substituents positioned 

advantageously within the molecular structure. The red polyhedron in the CoMFA contour 

plots indicated an electrostatically unfavorable region close to the phenyl ring connected to 

the sulfonyl group. This result revealed that the presence of negatively charged substituents in 

this particular location may have a beneficial effect on MMP-2 inhibition (Figures 5.11C and 

5.11D). 

Further analysis revealed additional insights into MMP-2 inhibition among different 

compounds. An unfavorable hydrophobic contour (cyan polyhedrons) at one end suggested 

that hydrophobic substituents in those positions might hinder MMP-2 inhibition (Figure 

5.11C and 5.11D). Similarly, a sterically unfavorable region (yellow polyhedrons) close to the 

dimethylene groups indicated that steric groups in those regions could potentially hinder the 

MMP-2 inhibition. Although these findings were consistent for compound 14b compared to 

the least active compound 22b, compound 14b exhibited unexpectedly higher MMP-2 

inhibitory activity. This discrepancy led to considering compound 14b as an outlier in the 

CoMSIA model developed. Understanding these small differences is crucial for 

understanding the complex relationships between molecular structures and MMP-2 

inhibition. 

In Addition, it was noticed that the most active compound (compound 29b), the sulfonyl 

oxygen atoms, and other oxygen atoms all fitted into favorable acceptor regions (orange 

polyhedrons), indicating their potential for forming hydrogen bonds, contributing to increased 

MMP-2 inhibition (Figure 5.11E). Conversely, the least active molecule (compound 22b) 

showed a contrasting orientation of the oxygen atom at the gamma terminal compared to the 

same carbon in the most active compound (compound 29b) (Figure 5.11E vs. 5.11F). This 

suggested the significance of the gamma terminal's orientation in forming crucial hydrogen 

bonds at the active site, impacting MMP-2 inhibition. An unfavorable hydrogen bond 

acceptor region (white polyhedron) covered the total area for all compounds, suggesting that 

smaller hydrogen bond acceptor groups might be preferable, while bulkier ones were not 

conducive for higher MMP-2 inhibitory activity. Furthermore, both favorable (deep blue 

polyhedron) and unfavorable (violet polyhedron) hydrogen bond donor regions were 
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positioned away from the molecular structure, indicating that such donor groups were not 

advantageous in those positions for increased MMP-2 inhibitory efficacy. Despite similarities 

in orientations and contour regions between the least active compound (compound 22b) and 

the relatively effective compound 14b, the CoMSIA model couldn't justify these differences. 

Consequently, compound 14b was regarded as an outlier within this analysis. These findings 

emphasize the importance of specific molecular orientations, hydrogen bonding capabilities, 

and optimal functional groups in designing compounds for effective MMP-2 inhibition. 

5.1.8. Molecular dynamics (MD) simulation study 

The molecular dynamics simulation study on the second dataset (Table 5.2), involved 

subjecting the best active and least active molecules of the dataset i.e., compounds 29b and 

22b respectively, along with MMP-2 (PDB ID: 1HOV), to two separate 200 nanosecond MD 

simulations using the Schrodinger Suite (Schrodinger Suite). Post-simulation analysis files 

were generated for the four 200 ns runs (two for each compound), revealing that two 

independent simulations for each complex exhibited promising outcomes (Figure 5.12). The 

study implies that the observed dynamics potentially mirror the actual behavior of these 

complexes. However, it was important to consider factors such as force field accuracy and 

initial conditions impacting simulation reliability. The consistent results across these parallel 

runs increase confidence in the findings' validity. Further validation and in-depth analysis will 

be imperative to confirm and leverage these results for understanding the interactions 

between compounds 29b and 22b with MMP-2. 

 

Figure 5.12. The binding mode of compound 29b at the MMP-2 binding site at (A) 0 ns (B) 

50 ns (C) 100 ns (D) 150 ns (E) 200 ns; The binding mode of compound 22b at the MMP-2 

binding site at (F) 0 ns (G) 50 ns (H) 100 ns (I) 150 ns (J) 200 ns  
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In the trajectory analysis of the conducted MD simulation studies, fundamental analyses were 

performed. Key metrics such as the root mean square deviation (RMSD) of the protein and 

ligand (compound 29b, Figure 5.13A and compound 22b, Figure 5.13B), as well as the 

assessment of ligand atom fluctuations concerning both the protein and the ligand (compound 

29b, Figure 5.13C, and compound 22b, Figure 5.13D), were carried out. Additionally, the 

root mean square fluctuation (RMSF) for the C-α chain in MMP-2 (PDB ID: 1HOV) was 

computed (compound 29b, Figure 5.13E and compound 22b, Figure 5.13F). These analyses 

are pivotal in understanding the stability, deviations, and fluctuations in the protein-ligand 

complex throughout the simulation period. RMSD provides insights into overall structural 

changes, while RMSF identifies specific regions undergoing significant fluctuations, aiding 

in comprehending the dynamic behavior of the complex, critical for evaluating the interaction 

dynamics between the protein MMP-2 and the ligands under study. 

 

Figure 5.13. The RMSD generated from the MD simulation of (A) MMP-2 (PDB ID: 1HOV) 

and compound 29b complex, (B) MMP-2 (PDB ID: 1HOV) and compound 22b complex, the 

RMSD of the atoms of (C) compound 29b, (D) compound 22b, the RMSF of the C-α chain 

residues of MMP-2 produced from the MD simulation study of (E) MMP-2 (PDB ID: 
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1HOV) and compound 29b complex, (F) MMP-2 (PDB ID: 1HOV) and compound 22b 

complex. 

The RMSD analysis showed that the protein connected to compound 29b had a lower RMSD 

than the protein connected to compound 22b, although both compounds had similar 

fluctuations (compound 29b, Figure 5.13A and compound 22b, Figure 5.13B). The RMSD 

of the connected parts of the compounds revealed that a specific section called the P2′ 

substituent in both compounds 29b and 22b moved a lot, more than 3(Å), while another part 

called the S1′ pocket substituent (P1′) had less movement, less than 3(Å). This suggests that 

the P1′ part of the compounds is more stable inside the S1′ pocket. The atoms from the 

biphenyl P1′ portion of compound 29b fluctuated less than 1(Å) than the P1′ part of 

compound 22b, according to a comparison of the stability of the S1′ pocket substituent in the 

two compounds (Figure 5.13C vs 5.13D). This indicates that the biphenyl P1′ part has 

greater stability inside the MMP-2 S1′ pocket (PDB ID: 1HOV) compared to the 4-NO2-

phenyl P1′ part of compound 22b. 

The RMSF (Root Mean Square Fluctuation) analysis for the C-α chain of MMP-2 when 

connected with compounds 29b and 22b (Figure 5.13E and 5.13F) displayed similar 

fluctuations among the amino acid residues, yet some differences were noticed. Specifically, 

in the MMP-2-compound 22b complex, certain amino acids such as Pro75 (3.96 Å), Phe76 

(4.48 Å), Asp77 (5.62 Å), Gly78 (6.34 Å), and Lys79 (4.79 Å) showed higher fluctuations 

compared to the MMP-2-compound 29b complex (Figure 5.13E and 5.13F, respectively). 

This difference could potentially result from the influence of the alkyl P2′ part of compound 

22b, which might have had a greater impact on the loop forming the S2′ pocket, compared to 

the benzyl P2′ part of compound 29b. This difference could affect how well each compound 

binds to the S2′ pocket of MMP-2. 

5.1.8.1. Analysis of protein-ligand contacts 

An important factor in defining an inhibitor's inhibitory activity is its interaction with a ligand 

through its active site residues. To assess this, a post-MD simulation analysis of protein-

ligand interactions was conducted for the simulated complexes (Figure 5.14). This analysis 

aimed to understand and evaluate how the protein and the ligand molecules were interacting 

after the molecular dynamics (MD) simulations. Identifying and analyzing these interactions 

is essential as they play a significant role in the effectiveness of inhibitors in binding to the 

target protein's active site. 
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Figure 5.14. The interaction fractions of (A) compound 29b and (B) compound 22b with 

MMP-2 (PDB ID: 1HOV) active site residues; Total contacts vs time plot for the simulation 

studies of (C) MMP-2-compound 29b complex and (D) MMP-2-compound 29b complex; 

The interaction frequencies of individual residues between (E) MMP-2 and compound 29b 

and (F) MMP-2 and compound 22b for 200 ns 

It was found from the MD simulation study that compound 29b interacted through hydrogen 

bonds with particular residues such as Lys79, Leu83, Ala84, and Glu121 at the MMP-2 active 

site. It also interacted with a number of other important residues from binding sites, including 

Tyr112, His120, Phe76, Leu82, Ala84, His85, Fhe87, Tyr137, Tyr142, and Phe148. In 

addition to these interactions, compound 29b was found to interact with significant Ω-loop 

residue Pro140 of MMP-2 as well as critical active site residues such as His85, Ala84, 

His120, Glu121, His124, and His130. These interactions were also observed by ionic water-

mediated interactions. Conversely, the less active compound 22b interacted with several key 

active site residues of MMP-2, yet the bond formation extent of its P1′ substituent was 

notably lower compared to compound 29b (Figure 5.14A vs 5.14B). Additionally, compared 

to compound 22b, compound 29b had more stable connections with active site residues based 
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on the overall number of contacts between the protein and ligands (Figure 5.14C and 5.14D). 

This suggests that compound 29b displayed more stable and stronger interactions at the active 

site of the MMP-2 protein compared to compound 22b. 

Furthermore, the frequency of individual interactions between residues (Figure 5.14E and 

5.14F) clearly demonstrates the differences in the development of contacts between MMP-2 

amino acid residues and the compounds that are most and least active (compound 29b and 

22b, respectively). Notably, compound 29b displayed frequent interactions with key active 

site residues such as Ala84, His120, His124, His130, and Tyr142 (Figure 5.14E). Conversely, 

compound 22b exhibited a high frequency of contact with residues such as His120, Glu121, 

Leu83, Ala84, His124, and His130 (Figure 5.14F). Compound 22b did not bind with Tyr142 

and Thr143, two more essential hydrophobic S1′ pocket residues, but it did interact more 

frequently with catalytic Glu121 and Ω-loop Pro140 residues than compound 29b did. The 

absence of these interactions might affect the stability of compound 22b at the hydrophobic 

S1′ pocket, potentially leading to reduced inhibitory activity against MMP-2. Therefore, this 

difference in interaction frequency could contribute to the lower inhibitory potential of 

compound 22b compared to compound 29b. 

In the comprehensive analysis of interactions derived from the MD simulation study (Figure 

5.15), it was observed that in compound 29b, one of the phenyl rings from the biphenyl S1′ 

pocket section established a stable π-π interaction with the His120 residue, occurring about 

88% of the time. Furthermore, it formed water-mediated hydrogen bond interactions with 

Tyr142, Glu121, and Ala84 residues through water-mediated (Figure 5.15A). In contrast, 

compound 22b did not interact with the particular residues required for establishing the S1′ 

pocket, although it did exhibit direct hydrogen bond interactions with the residues Leu83 (86 

% occurrence), Ala84 (88 % and 67 % occurrence), and Glu121 (33 % occurrence) (Figure 

5.15B). This distinct difference in interactions suggests that compound 29b formed more 

stable and specific interactions with key residues essential for S1' pocket formation compared 

to compound 22b. 
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Figure 5.15. The overall interaction occupancies obtained from the MD simulation study of 

(A) MMP-2-compound 29b complex and (B) MMP-2-compound 22b complex. 

5.1.8.2. Molecular Mechanics Generalized Born and Surface Area (MM/GBSA) calculation 

The Schrodinger Suite's Prime MM/GBSA module was utilized to calculate the ΔGbinding 

values of the complexes obtained from the 200 nanosecond MD simulation study. The 

average ΔGbinding for compound 29b complexed with MMP-2 (PDB ID: 1HOV) was 

determined to be -38.975 kcal/mol, with a standard deviation (SD) of 9.91. The ΔGbinding 

values were found to be between -57.345 and -11.958 kcal/mol. Again, the range of ΔGbinding 

for compound 22b complexed with MMP-2 (PDB ID: 1HOV) was -51.444 kcal/mol to -

16.000 kcal/mol. The average ΔGbinding value for this complex was determined as -34.510 

kcal/mol, with a standard deviation of 8.52. These values provide insight into the energetics 

of binding for the two complexes, suggesting that compound 29b displayed a higher average 

binding affinity compared to compound 22b towards MMP-2. 

5.1.8.3. Analysis of Free energy landscape (FEL)  

Gibb's free energy was calculated for both complexes using the first two principal 

components (PC1 and PC2) of a 200 nanosecond simulation, which also produced the Free 

Energy Landscape (FEL) graph (Figure 5.16). The MMP-2-compound 22b and MMP-2-

compound 29b complexes both showed the formation of multiple clusters, according to the 

FEL graphs. In contrast to the MMP-2-compound 29b complex, the MMP-2-compound 22b 

complex (Figure 5.16A) showed more stable conformations, which are shown by darker 
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violet/blue regions (Figure 5.16B). This suggests that, although both complexes exhibited 

different clusters indicating different conformations, the MMP-2-compound 22b complex 

generally maintained more stable structural arrangements throughout the simulation 

compared to the MMP-2-compound 29b complex. 

 

Figure 5.16. Free energy landscape (FEL) of (A) MMP-2-compound 29b complex and (B) 

MMP-2-compound 22b complex; The dynamic cross- correlation matrix (DCCM) for the C-α 

chain of (C) MMP-2-compound 29b complex, and (D) MMP-2-compound 22b complex. 

5.1.8.4. Dynamic cross-correlation map (DCCM) and principal component analysis (PCA) 

study 

For every simulated complex, the covariance matrix from the atoms' movements in the C-α 

chain of MMP-2 was computed to generate the Dynamic Cross-Correlation Map (DCCM). 

Their eigenvalues and eigenvectors were used in this procedure. Figure 5.16C and Figure 
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5.16D show the DCCM developed for the MMP-2-compound 29b and MMP-2-compound 

22b complexes, respectively. These maps provided insights into the correlated motions 

among the atoms in the protein structure and the ligands over the course of the simulations, 

offering information about how different parts of the complexes move in relation to each 

other. 

The PCA of the simulation trajectories, as shown in Figure 5.17, distinctly highlights the 

differences between the two systems under study. Notably, the study showed that PC1 and 

PC2 together accounted for 43.7 % of the diversity in the protein trajectories for the MMP-2-

compound 29b complex (Figure 5.17A). This indicates that these two principal components 

captured a significant portion of the variability and behavior of the protein within this specific 

complex throughout the simulation. 

 

 

 

Figure 5.17. PCA analysis for the C-α chain of MMP-2 in complex with (A) compound 29b 

and (B) compound 22b. 

Moreover, the MMP-2-compound 29b complex, PC1 independently accounted for 33.9% of 

the variance in the protein trajectory. However, for the MMP-2-compound 22b complex, PC1 

and PC2 together explained 57% of the variance, with PC1 accounting for 40% of the 

variation in the protein trajectory (as depicted in Figure 5.17B). According to this data, 

compared to the MMP-2-compound 29b complex, where PC1 alone held a lower but still 

significant portion of variance, both PC1 and PC2 collectively contributed to a larger 
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percentage of explained variance in the protein's trajectory in the context of the MMP-2-

compound 22b complex. 

5.1.8.5. Probability density function (PDF) analysis 

Protein trajectories' chance of occurring is displayed by the Probability Density Function 

(PDF) analysis, which is based on Kernel Density Estimation (KDE). For the MMP-2-

compound 29b and MMP-2-compound 22b complexes, the PDF plots were created using the 

radius of gyration (Rg) and the root mean square deviation (RMSD), as shown in Figures 

5.18A and 5.18B, respectively. These plots provided insights into the distribution and 

likelihood of different conformations or structural states adopted by the protein in these two 

distinct complexes over the course of the simulation. 

 

 

Figure 5.18. Probability density function (PDF) of (A) MMP-2-compound 29b complex and 

(B) MMP-2-compound 22b complex; The least (red) and the most (green) developed 
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conformations for (C) MMP-2-compound 29b complex and (D) MMP-2-compound 22b 

complex. 

The PDF analysis of the MMP-2-compound 29b complex revealed an interesting finding: the 

most common conformations were linked to a Rg value of 1.50 nm and an RMSD value of 

0.34 nm, respectively. Conversely, the less common conformations were associated with a Rg 

of 1.52 nm and an RMSD of 0.28 nm, respectively (depicted in Figure 5.18A). The 

predominant conformations of the MMP-2-compound 22b complex, on the other hand, were 

determined to have an RMSD value of 0.44 nm and a Rg value of 1.53 nm, respectively. The 

MMP-2-compound 22b complex was found to have less frequent conformations with 

corresponding Rg values of 1.50 nm and RMSD values of 0.27 nm (Figure 5.18A). These 

observations highlight the prevalence and distribution of specific conformations for each 

complex, offering insights into their structural behavior and variability during the simulation. 

A significant change in the protein conformation was seen in the analysis of the most (green 

ribbon) and least (red ribbon) populated conformations of the MMP-2-compound 29b and 

MMP-2-compound 22b complexes (Figure 5.18C and 5.18D, respectively). This was 

particularly noticeable in the MMP-2-compound 22b complex. Both the loop forming the 

MMP-2 S2′ pocket and the S1′ loop showed notable changes in this complex. In contrast to 

the least crowded conformation, where the Ω-loop active site appeared to have moved away 

from the entrance of MMP-2's S1′ pocket, the most populated conformation showed a 

broader S1′ pocket. This led to an enlargement of the S1′ pocket and a potential 

destabilization of the binding of the P1′ substituent for compound 22b. The presence of a 

polar NO2-group within the hydrophobic S1′ pocket of MMP-2 or the extremely flexible P2′ 

substituent of compound 22b, which shifted away from the S2′ pocket and into the Ω-loop, 

could be the reason of this conformational change (Figure 5.18D). In comparison, the 

positions of the S1′ loop, Ω-loop, and S2′ pocket forming loops in the MMP-2-compound 29b 

complex did not significantly alter. This stability facilitated a consistent binding of the 

molecule within the S1′ pocket, potentially contributing to its high inhibitory activity against 

MMP-2. 

[The work was published in SAR QSAR Environmental Research, 2023, 34(10):1-26.] 

5.1.9. Overview form molecular modeling study 

The research delves into the significance of MMP-2 in cancer regulation, proposing it as a 

promising target for the development of anticancer drugs. The study focused on the two 
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datasets i.e., conducted on sulfonyl pyrrolidine-based MMP-2 inhibitors (compounds 1a-65a) 

(Table 5.1) and in house 32 specific arylsulfonyl L(+) glutamine molecules (compounds 1b-

32b) (Table 5.2), employing various quantitative structure-activity relationship (QSAR) 

models (such as multiple linear regression, HQSAR study, LDA model, bayesian 

classification study, CoMSIA, docking based 2D-QSAR study, 3D-QSAR, MD simulation) to 

identify crucial structural features essential for inhibiting MMP-2 effectively. 

From the MLR and classification-based model it was found that arylsulfonamide moiety and 

hydroxamates ware crucial for the MMP-2 inhibition. Moreover, hydroxamates are better 

zinc chelators than ester function and may be favorable for the MMP-2 inhibitory efficacy. 

From the CoMFA and CoMSIA, it was found that steric and hydrophobic substituents were 

favorable at the terminal phenyl ring position. Furthermore, the findings from docking-based 

2D-QSAR models underscored the significance of specific energies associated with amino 

acids such as Tyr142 and Ala84 in the inhibition of MMP-2. Moreover, the results highlighted 

the preference for steric and hydrophobic attributes at the terminal phenyl ring, while 

indicating an adverse effect on P2' substituents. Additionally, the molecular modeling 

revealed that smaller hydrogen bond groups were beneficial, whereas hydrogen bond donor 

groups did not contribute to inhibiting MMP-2. The crucial structural features of MMP-2 

inhibitors are provided in Figure 5.19. 

 

Figure 5.19. Crucial structural features finding from molecular modeling study of MMP-2 

inhibitors 
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Molecular dynamics (MD) simulations showcased stable interactions between MMP-2 and 

the tested inhibitors, displaying minimal fluctuations in parameters such as RMSD, RMSF, 

and Rg values. This analysis also identified specific amino acid residues responsible for 

potential hydrogen bonding, further contributing to inhibiting MMP-2. 

In summary, the study suggests that the insights obtained from these multi-QSAR modeling 

approaches and the analysis of binding interactions hold promise for the development of 

more effective MMP-2 inhibitors with heightened potential for combating cancer in the 

future. 

5.1.10. Designing of MMP-2 inhibitors 

The designing of potential MMP-2 inhibitors as anticancer agents, in this context, a series of 

arylsulfonamido glutamine analogs had been designed. Hydroxamates, a class of compounds 

renowned for their ability to chelate metal ions, have emerged as promising MMP-2 

inhibitors with potential applications in cancer therapy. By binding to the active site of MMP-

2, these hydroxamate-based inhibitors hinder the enzyme's role in degrading the extracellular 

matrix, thereby showing promise in impeding tumor invasion, angiogenesis, and metastasis. 

Their mechanism of action involves specifically targeting MMP-2, which plays a crucial role 

in cancer progression. Although these inhibitors exhibit potential as anti-cancer agents by 

suppressing metastasis, inhibiting angiogenesis, and potentially limiting tumor growth, 

further research is necessary to enhance their specificity, efficacy, and safety profile for future 

clinical use in combating cancer. Therefore, from the initial molecular modeling study, it has 

been found that hydroxamates were a potential zinc binder and exhibited a good rigid binding 

mode of interaction at the active site of the MMP-2 enzyme (Figure 5.20). 

In this work, the synthesized molecules were designed from the outcome of these two series 

(in house molecules and molecules from Shandong University) of molecular modeling study. 

Henceforth, the molecules were designed in such a way that this analog can fit perfectly at 

the MMP-2 enzyme active site for obtaining potential and selective efficacy. It is interesting 

to note that, the designed compound should have arylsulfonamide group having steric and 

hydrophobic substituents. Moreover, these compounds must contain hydroxamates that 

function as Zn2+ chelators, rather than esters of any carboxylate function for achieving better 

efficacy. Docking interactions of the preliminary compound (DH-1) (Table 5.11) were 

depicted in Figure 5.20 along with designing approaches of proposed molecules. 
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Figure 5.20. Designing approaches for the proposed arylsulfonamide hydroxamates-based 

D(-) glutamic analogs as potential MMP-2 inhibitors. 

One previous study conducted by Adhikari and colleagues in 2016 focused on investigating 

the potential of biphenylsulfonyl L(+) glutamines as inhibitors of Matrix Metalloproteinase-2 

(MMP-2), showing selectivity over MMP-9. Therefore, in this study, it has been explored 

from this molecular modeling study whether the mirror-image versions of biphenylsulfonyl 

L(+) glutamines, known as the corresponding biphenylsulfonyl D(-) glutamine analogs, 
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might exhibit stronger inhibition of MMP-2 or if their different molecular structure would 

have an impact on inhibitory activity. Henceforth, before synthesizing these compounds, the 

biphenylsulfonyl D(-) glutamine analogs were computationally modeled and docked into the 

active site of MMP-2 to predict how they might interact with the enzyme (Figure 5.20). A 

docking interaction of a preliminary compound (DH-1) from the series is shown in Figure 

5.20 where it depicts crucial interaction with the amino acids such as Leu83, Ala84, and 

His120 along with hydroxamates moiety conjugate with the Zn2+ ion of the MMP-2 enzyme 

active site. 

Surprisingly, the computational simulations suggested that these biphenylsulfonyl D(-) 

glutamines could potentially be more effective inhibitors of MMP-2 compared to their 

mirror-image biphenylsulfonyl L(+) glutamine analogs, indicating that the different 

stereochemistry or conformation might significantly influence their ability to inhibit MMP-2 

activity. This finding is promising as it suggests a potential for developing more potent and 

selective MMP-2 inhibitors by considering the specific molecular structures or 

stereochemical properties of these compounds. Further experimental validation and synthesis 

of these biphenylsulfonyl D(-) compounds could provide valuable insights into their actual 

inhibitory potential and pave the way for more effective anti-cancer agents. 

 

  



Chapter 5: Results and Discussions 

 

Page | 148  

 

Part B  

5.2. Synthesis of the designed glutamine derivatives and analogs 

Derivatives of sulfonamide containing hydroxamates-based D(-)glutamic acid and its analogs 

were synthesized in different steps. In the synthesis procedure, the biphenylsulfonyl chloride 

was condensed with glutamic acid to prepare the corresponding biphenylsulfonyl glutamic 

acids. These analogs were further cyclized to prepare their corresponding monoacids which 

on subsequent amination produced the desired substituted biphenylsulfonyl glutamine 

analogs. After those biphenylsulfonyl glutamine analogs were prepared for the esterification 

and finally hydroxamates containing biphenylsulfonyl glutamic acid derivatives were 

prepared by amination with the hydroxyl amine of the ester compounds. The detailed of the 

synthesis procedure has been discussed in Chapter 5 (Scheme 5.1). However, the final steps 

of the synthesis procedure compounds’ i.e., hydroxamates-based analogs (6a-6t) physical 

properties are depicted in Table 5.11.  

Table 5.11. Physical properties of hydroxamates-based analogs 5-N-Substituted 2-

(substituted biphenylsulfonyl) D(-) glutamines. 

 

Serial No Compound R Mol. Wt. %Yield 
Melting Point 

(°C) 

1 DH-1 H 377.41 55.81 165-167 
2 DH-2 CH3 391.44 76.92 164-168 
3 DH-3 C2H5 405.47 73.53 174-177 
4 DH-4 n-Propyl 419.49 48.16 171-174 
5 DH-5 i-Propyl 419.49 61.23 175-179 
6 DH-6 n-butyl 433.52 73.41 171-175 
7 DH-7 i-butyl 433.17 47.29 170-175 
8 DH-8 n-Pentyl 447.55 61.81 175-178 
9 DH-9 c-hexyl 459.56 75.50 180-185 
10 DH-10 n-hexyl 461.57 76.67 190-192 
11 DH-11 Phenyl 453.51 47.76 204-208 
12 DH-12 Benzyl 467.54 69.52 198-204 
13 DH-13 β-Phenylethyl 481.56 63.63 198-202 
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14 DH-14 2-Cl Bnz 501.98 78.85 201-203 
15 DH-15 4-Cl Bnz 501.98 71.42 183-186 
16 DH-16 3,4-diCl Bnz 536.43 70.00 194-197 
17 DH-17 4-OCH3 Bnz 497.56 65.52 196-199 
18 DH-18 3,5-diCF3Bnz 603.53 73.11 195-199 
19 DH-19 4-FBnz 485.53 71.56 187-190 
20 DH-20 t-but 433.52 68.44 178-182 

5.2.1. Characterization of the synthesized molecules 

All the final products were characterized through high-resolution mass spectroscopy 

(HRMS), 1H NMR, and 13C NMR (Figure A4–Figure A43) (Appendix). Spectral data of  

These analytical data are given below: 

2-([1,1'-biphenyl]-4-sulfonamido)-N1-hydroxypentanediamide (DH-1) 

MS (ESI Positive) m/z [M+H+]: 378.05. 1H NMR (400 MHz, MeOD4) - δ 7.90 – 7.85 (m, 2H), 

7.84 – 7.79 (m, 2H), 7.72 – 7.67 (m, 3H), 7.60 – 7.55 (m, 3H), 7.41 – 7.35 (m, 3H), 7.33 – 

7.28 (m, 1H), 3.64 (dd, J = 8.5, 5.7 Hz, 1H), 2.17 – 1.99 (m, 1H), 1.89 – 1.70 (m, 1H). 
13C NMR (101 MHz, MeOD4) - δ 177.17, 176.85, 172.33, 149.33, 143.20, 132.65, 132.04, 

131.18, 131.01, 130.85, 57.48, 54.74, 33.30, 32.99, 31.90. 

2-([1,1'-biphenyl]-4-sulfonamido)-N1-hydroxy-N5-methylpentanediamide (DH-2) 

MS (ESI Positive) m/z [M+H+]: 392.35. 1H NMR (400 MHz, Methanol-d4) δ 7.79 (d, J = 8.6 Hz, 

1H), 7.66 (d, J = 8.6 Hz, 1H), 7.57 (d, J = 7.0 Hz, 1H), 7.42 – 7.38 (m, 2H), 7.34 – 7.31 (m, 

1H), 7.10 – 7.04 (m, 2H), 7.01 – 7.98 (m, 1H), 3.77 (dd, J = 5.1, 5.1 Hz, 1H), 3.50 (s, 3H), 

1.93 – 1.83 (m, 1H), 1.78 – 1.66 (m, 1H), 1.24 – 1.19 (m, 2H).  
13C NMR (101 MHz, Methanol-d4) δ 172.93, 172.33, 145.89, 141.28, 139.97, 129.12, 128.34, 

128.10, 127.91, 127.15, 54.60, 29.04, 27.41. 

2-([1,1'-biphenyl]-4-sulfonamido)-N5-ethyl-N1-hydroxypentanediamide (DH-3) 

MS (ESI Positive) m/z [M+H+]: 405.02. 1H NMR (400 MHz, MeOD4) - δ 7.82 (dd, J = 8.5, 3.4 

Hz, 2H), 7.70 (dd, J = 8.6, 2.1 Hz, 2H), 7.58 (dd, J = 9.4, 2.3 Hz, 2H), 7.39 (t, J = 7.4 Hz, 

3H), 7.31 (t, J = 7.3 Hz, 1H), 3.57 (dd, J = 8.1, 5.7 Hz, 1H), 3.25 (s, 2H), 2.97 – 2.82 (m, 

2H), 2.06 (m, 1H), 2.01 – 1.91 (m, 1H), 0.88 (t, J = 7.3 Hz, 3H). 
13C NMR (101 MHz, MeOD4) - δ 173.37, 171.25, 145.43 , 139.11 , 128.76 , 128.16 , 127.51 , 

127.16 , 126.87 , 55.95 , 50.79 , 33.78 , 29.28 , 27.99 , 13.13. 
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2-([1,1'-biphenyl]-4-sulfonamido)-N1-hydroxy-N5-propylpentanediamide (DH-4) 

MS (ESI Positive) m/z [M+H+]: 420.26. 1H NMR (400 MHz, Methenol-d4) δ 7.81 (d, J = 8.6 Hz, 

2H), 7.69 (d, J = 8.7 Hz, 2H), 7.59 – 7.55 (m, 2H), 7.39 – 7.35 (m, 2H), 7.32 – 7.28 (m, 1H), 

3.62 (dd, J = 5.6, 5.6 Hz, 1H), 3.02 – 2.93 (m, 2H), 2.14 – 2.06 (m, 2H), 1.85 – 1.66 (m, 2H), 

1.41 – 1.32 (m, 2H), 0.78 (t, J = 7.4 Hz, 3H). 
13C NMR (101 MHz, Methenol-d4) δ 173.04, 168.55, 145.35, 139.20, 128.70, 128.10, 127.26, 

127.22, 126.92, 126.34, 54.00, 39.09, 31.19, 28.81, 22.00, 12.93. 

2-([1,1'-biphenyl]-4-sulfonamido)-N1-hydroxy-N5-isopropylpentanediamide (DH-5) 

MS (ESI Positive) m/z [M+H+]: 420.09. 1H NMR (400 MHz, MeOD4) - δ 7.84-7.80 (m, 1H), 

7.72-7.69 (m, 1H), 7.64 – 7.50 (m, 2H), 7.42 – 7.30 (m, 4H), 7.12 (dd, J = 8.6, 2.5 Hz, 1H), 

5.27 – 5.22 (m, 1H), 4.48 (s, 1H), 4.12 (dd, J = 5.7, 2.0 Hz, 1H), 3.49 (s, 2H), 3.25 (s, 1H), 

2.27 – 2.20 (m, 2H), 2.20 – 2.13 (m, 2H), 1.24 (s, 6H). 
13C NMR (101 MHz, MeOD4) - δ 170.60, 167.90, 148.03, 147.71, 147.36, 128.72, 128.11, 

127.40, 127.18, 126.88, 126.74, 125.02, 124.50, 55.55, 55.47, 44.61, 33.64, 31.67, 30.41, 

29.66, 29.36, 29.30, 29.21, 29.07, 29.02, 28.92, 26.71, 24.73, 22.34. 

2-([1,1'-biphenyl]-4-sulfonamido)-N5-butyl-N1-hydroxypentanediamide (DH-6) 

MS (ESI Positive) m/z [M+H+]: 434.00. 1H NMR (400 MHz, MeOD4) - δ 7.90 – 7.84 (m, 1H), 

7.81 – 7.76 (m, 2H), 7.73 – 7.67 (m, 3H), 7.58 (m, 3H), 7.42 – 7.35 (m, 3H), 7.34 – 7.28 (m, 

1H), 4.49 (s, 1H), 3.83 (m, 1H), 3.31 (s, 3H), 2.18 (t, J = 7.4 Hz, 2H), 1.94 (m, 2H), 1.79 – 

1.67 (m, 2H), 0.82 (t, J = 7.2 Hz, 3H). 
13C NMR (101 MHz, MeOD4) - δ 172.86, 171.71, 145.32, 139.20, 128.76, 128.14, 127.41, 

127.09, 126.87, 126.34, 55.41, 51.18, 38.79, 31.24, 31.06, 29.36, 28.33, 19.68, 12.67. 

2-([1,1'-biphenyl]-4-sulfonamido)-N1-hydroxy-N5-isobutylpentanediamide (DH-7) 

MS (ESI Positive) m/z [M+H+]: 434.50. 1H NMR (400 MHz, Methenol-d4) δ 7.81 (d, J = 8.8 Hz, 

2H), 7.69 (d, J = 8.9 Hz, 2H), 7.58 (d, J = 7.0 Hz, 2H), 7.37 (d, J = 7.6 Hz, 2H), 7.31 (d, J = 

7.5 Hz, 1H), 3.62 (dd, J = 8.6, 5.6 Hz, 1H), 2.85 – 2.82 (m, 1H), 2.13 (t, J = 7.8 Hz, 2H), 1.87 

– 1.57 (m, 4H), 0.77 (d, J = 1.6 Hz, 3H), 0.76 (d, J = 1.8 Hz, 3H). 
13C NMR (101 MHz, Methenol-d4) δ 173.19, 168.54, 145.35, 139.20, 128.69, 128.10, 127.26, 

127.22, 126.92, 126.35, 54.03, 46.60, 31.22, 29.36, 28.99, 28.17, 19.08. 
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2-([1,1'-biphenyl]-4-sulfonamido)-N1-hydroxy-N5-pentylpentanediamide (DH-8) 

MS (ESI Positive) m/z [M+H+]: 448.68. 1H NMR (400 MHz, Methenol-d4) δ 7.84 (dd, J = 8.76, 

8.6 Hz, 2H), 7.69 (d, J = 8.6 Hz, 2H), 7.60 – 7.55 (m, Hz, 2H), 7.40 – 7.36 (m, 2H), 7.32 – 

7.28 (m, 1H), 3.61 (dd, J = 5.6, 5.6 Hz, 1H), 3.06 – 2.94 (m, 2H), 2.14 – 2.07 (m, 2H), 1. 84 – 

1.65 (m, 2H), 1.38 – 1.31 (m, 2H), 1.24 – 1.14 (m, 4H), 0.79 (t, J = 6.8 Hz, 3H). 
13C NMR (101 MHz, Methenol-d4) δ 173.04, 168.55, 145.35, 139.20, 128.70, 128.10, 127.26, 

127.22, 126.92, 126.34, 54.00, 39.09, 31.19, 28.91, 28.81, 28.61, 22.00, 12.93. 

2-([1,1'-biphenyl]-4-sulfonamido)-N5-cyclohexyl-N1-hydroxypentanediamide (DH-9) 

MS (ESI Positive) m/z [M+H+]: 460.12. 1H NMR (400 MHz, Methenol-d4) δ 7.82 (d, J = 8.6 Hz, 

2H), 7.70 (d, J = 8.6 Hz, 2H), 7.60 – 7.55 (m, 2H), 7.41 – 7.36 (m, 2H), 7.34 – 7.29 (m, 1H), 

3.62 (dd, J = 5.6, 5.6 Hz, 1H), 3.51 – 3.43 (m, 1H), 2.23 – 2.01 (m, 2H), 1.84 – 1.67 (m, 3H), 

1.65 – 1.60 (m, 3H), 1.28 – 0.93 (m, 6H). 
13C NMR (101 MHz, Methenol-d4) δ 172.18, 168.54, 145.35, 139.19, 128.69, 128.10, 127.26, 

127.22, 126.92, 54.02, 48.39, 32.31, 31.30, 28.97, 25.22, 24.71. 

2-([1,1'-biphenyl]-4-sulfonamido)-N5-hexyl-N1-hydroxypentanediamide (DH-10) 

MS (ESI Positive) m/z [M+H+]: 461.92. 1H NMR (400 MHz, Methenol-d4) δ 7.81 (d, J = 8.6 Hz, 

2H), 7.69 (d, J = 8.6 Hz, 2H), 7.59 -7.56 (m, 2H), 7.40 – 7.35 (m, 2H), 7.32 – 7.28 (m, 1H), 

3.61 (dd, J = 5.6, 5.6 Hz, 1H), 3.05 – 2.94 (m, 2H), 2.21 – 2.05 (m, 2H), 1.83 – 1.67 (m, 2H), 

1.38 – 1.30 (m, 2H), 1.24 – 1.14 (m, 6H), 0.79 (t, J = 6.7 Hz, 3H). 
13C NMR (101 MHz, Methenol-d4) δ 173.04, 168.56, 145.35, 139.20, 128.70, 128.10, 127.26, 

127.22, 126.92, 54.00, 39.12, 31.26, 28.89, 26.29, 22.23, 12.96. 

2-([1,1'-biphenyl]-4-sulfonamido)-N1-hydroxy-N5-phenylpentanediamide (DH-11) 

MS (ESI Positive) m/z [M+H+]: 454.43. 1H NMR (400 MHz, Methenol-d4) δ 7.81 (d, J = 8.6 Hz, 

2H), 7.63 (d, J = 8.7 Hz, 2H), 7.54 – 7.48 (m, 2H), 7.43 – 7.34 (m, 3H), 7.33 – 7.27 (m, 2H), 

7.19 – 7.13 (m, 2H), 6.98 – 6.94 (m, 1H), 3.71 (dd, J = 5.4, 5.4 Hz, 1H), 2.34 – 2.25 (m, 2H), 

1.95 – 1.87 (m, 1H), 1.83 – 1.74 (m, 1H). 
13C NMR (101 MHz, Methenol-d4) δ 171.47, 168.68, 145.35, 139.16, 138.38, 128.64, 128.35, 

128.03, 127.23, 126.90, 123.72, 119.84, 53.90, 31.77, 28.42. 

2-([1,1'-biphenyl]-4-sulfonamido)-N5-benzyl-N1-hydroxypentanediamide (DH-12) 

MS (ESI Positive) m/z [M+H+]: 467.36. 1H NMR (400 MHz, Methanol-d4) δ 7.87 (d, J = 8.7 Hz, 

1H), 7.78 (d, J = 8.7 Hz, 2H), 7.69 (dd, J = 2, 1.8 Hz, 3H), 7.59 -7.58 (m, 1H), 7.57 – 7.56 
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(m, 1H), 7.41 – 7.35 (m, 3H), 7.34 – 7.29 (m, 1H), 3.92 – 3.88 (m, 1H), 3.52 (s, 2H), 2.38 – 

2.28 (m, 2H), 2.02 – 1.89 (m, 1H), 1.77 – 1.68 (m, 1H), 1.24 – 1.12 (m, 2H). 
13C NMR (101 MHz, Methanol-d4) δ 172.66, 172.35, 145.89, 141.28, 139.97, 138.87, 129.12, 

128.48, 128.34, 128.10, 127.91, 127.74, 127.15, 54.60, 40.62, 29.25, 28.12. 

2-([1,1'-biphenyl]-4-sulfonamido)-N1-hydroxy-N5-phenethylpentanediamide (DH-13) 

MS (ESI Positive) m/z [M+H+]: 481.11. 1H NMR (400 MHz, Methanol-d4) δ 7.78 (d, J = 8.6 Hz, 

2H), 7.69 (d, J = 8.3 Hz, 2H), 7.58 (dd, J = 1.52, 1.12 Hz, 2H), 7.42 – 7.29 (m, 3H), 7.18 – 

7.13 (m, 2H), 7.12 – 7.05 (m, 3H), 3.83 (dd, J = 5.2, 5.12 Hz, 1H), 2.66 (t, J = 7.4 Hz, 2H), 

2.16 (t, J = 7.4 Hz, 2H), 1.99 – 1.87 (m, 1H), 1.75 – 1.66 (m, 1H), 1.22 (m, 2H). 
13C NMR (101 MHz, Methanol-d4) δ 172.96, 171.74, 145.34, 139.14, 139.10, 128.78, 128.40, 

128.17, 128.09, 127.42, 127.11, 126.88, 126.35, 125.93, 55.40, 40.67, 35.08, 37.25, 28.29. 

2-([1,1'-biphenyl]-4-sulfonamido)-N5-(2-chlorobenzyl)-N1-hydroxypentanediamide (DH-14) 

MS (ESI Positive) m/z [M+H+]:502.47. 1H NMR (400 MHz, Methanol-d4) δ 7.80 (d, J = 8.6 Hz, 

2H), 7.66 (d, J = 8.7 Hz, 2H), 7.58 (dd, J = 1.5, 1.2 Hz, 2H), 7.42 – 7.36 (m, 2H), 7.35 – 7.30 

(m, 1H), 7.21 – 7.16 (m, 1H), 7.14 – 6.97 (m, 3H), 3.80 (dd, J = 5.1, 5.0 Hz, 1H), 2.34 – 2.15 

(m, 2H), 1.96 – 1.84 (m, 1H), 1.81 – 1.67 (m, 1H), 1.24 – 1.19 (m, 2H). 
13C NMR (101 MHz, Methanol-d4) δ 173.35, 171.69, 145.36, 139.01, 135.03, 132.84, 128.98, 

128.75, 128.43, 127.45, 127.16, 126.95, 126.73, 55.87, 40.62, 29.25, 28.12. 

2-([1,1'-biphenyl]-4-sulfonamido)-N5-(4-chlorobenzyl)-N1-hydroxypentanediamide (DH-15) 

MS (ESI Positive) m/z [M+H+]: 502.05. 1H NMR (400 MHz, Methanol-d4) δ 7.82 – 7.75 (m, 

2H), 7.74 – 7.63 (m, 2H), 7.59 – 7.53 (m, 2H), 7.44 – 7.31 (m, 3H), 7.30 – 7.09 (m, 2H), 7.09 

– 7.03 (m, 1H), 7.01 – 6.95 (m, 1H), 3.74 – 3.70 (m, 1H), 2.41 – 2.02 (m, 2H), 1.94 – 1.81 

(m, 1H), 1.79 – 1.67 (m, 1H), 1.25 – 1.16 (m, 2H). 
13C NMR (101 MHz, Methanol-d4) δ 174.19, 172.35, 145.35, 141.28, 139.19, 137.46, 132 

128.80, 128.71, 128.62, 128.14, 127.42, 127.16, 126.92, 56.24, 41.93, 29.36, 22.34. 

2-([1,1'-biphenyl]-4-sulfonamido)-N5-(3,4-dichlorobenzyl)-N1-hydroxypentanediamide (DH-

16) 

MS (ESI Positive) m/z [M+H+]: 537.00. 1H NMR (400 MHz, Methanol-d4) δ 7.81 (d, J = 8.6 Hz, 

2H), 7.66 (d, J = 8.7 Hz, 2H), 7.58 (dd, J = 1.5, 1.2 Hz, 2H), 7.42 – 7.36 (m, 2H), 7.35 – 7.30 

(m, 1H), 7.21 – 7.16 (m, 1H), 7.14 – 6.97 (m, 2H), 3.80 (dd, J = 5.1, 5.0 Hz, 1H), 2.34 – 2.15 

(m, 2H), 1.96 – 1.84 (m, 1H), 1.81 – 1.67 (m, 1H), 1.24 – 1.19 (m, 2H). 



Chapter 5: Results and Discussions 

 

Page | 153  

 

13C NMR (101 MHz, Methanol-d4) δ 173.40, 171.28, 158.96, 145.27, 139.11, 129.81, 128.81, 

128.40, 128.20, 127.43, 127.16, 127.07, 126.93, 126.35, 54.18, 42.16, 29.37, 28.29. 

2-([1,1'-biphenyl]-4-sulfonamido)-N1-hydroxy-N5-(4-methoxybenzyl)pentanediamide (DH-

17) 

MS (ESI Positive) m/z [M+H+]: 498.51. 1H NMR (400 MHz, Methanol-d4) δ 7.79 (d, J = 8.7 Hz, 

2H), 7.66 (d, J = 8.6 Hz, 2H), 7.58 (dd, J = 1.5, 1.2 Hz, 2H), 7.50 – 7.27 (m, 3H), 6.88 (d, J = 

8.7 Hz, 2H), 6.60 (d, J = 8.7 Hz, 2H), 3.99(dd, J = 14.7, 14.7 Hz, 2H), 3.76 (dd, J = 5.1, 5.1 

Hz, 1H), 3.53 (s, 3H), 1.92 – 1.82 (m, 1H), 1.78 – 1.67 (m, 1H), 1.24 – 1.19 (m, 2H). 
13C NMR (101 MHz, Methanol-d4) δ 173.40, 171.28, 158.96, 145.27, 139.11, 129.81, 128.81, 

128.40, 128.20, 127.43, 127.16, 126.93, 113.45, 55.88, 54.18, 42.16, 29.37, 28.29. 

2-([1,1'-biphenyl]-4-sulfonamido)-N5-(3,5-dimethylbenzyl)-N1-hydroxypentanediamide (DH-

18) 

MS (ESI Positive) m/z [M+H+]: 604.06. 1H NMR (400 MHz, Methanol-d4) δ 7.81 (d, J = 8.6 Hz, 

2H), 7.66 (d, J = 8.7 Hz, 2H), 7.58 (dd, J = 1.5, 1.2 Hz, 2H), 7.42 – 7.36 (m, 2H), 7.35 – 7.30 

(m, 1H), 7.21 – 7.16 (m, 1H), 7.14 – 6.97 (m, 2H), 4.35 (d, J = 4.4 Hz, 2H), 3.95 (m, 1H) 

1.90 (m, 1H), 1.74 (m, 1H), 1.24 – 1.19 (m, 2H). 
13C NMR (101 MHz, Methanol-d4) δ 173.35, 171.69, 145.36, 139.01, 135.03, 128.98, 128.75, 

128.43, 128.19, 127.45, 127.16, 126.95, 126.73, 55.87, 50.79, 29.25, 28.12. 

2-([1,1'-biphenyl]-4-sulfonamido)-N5-(4-fluorobenzyl)-N1-hydroxypentanediamide (DH-19) 

MS (ESI Positive) m/z [M+H+]: 486.00. 1H NMR (400 MHz, Methanol-d4) δ 7.89 (s, 4H), 

7.78(d, J = 8.6 Hz, 2H), 7.69 (dd, J = 8.6, 1.8 Hz, 2H), 7.60 – 7.57 (m, 1H), 7.42 – 7.35 (m, 

2H), 7.32 – 7.27 (m, 2H), 3.32 (s, 2H), 2.32 (t, J = 7.2 Hz, 1H), 1.25 – 1.10 (m, 4H). 
13C NMR (101 MHz, Methanol-d4) δ 173.21, 171.70, 145.34, 144.86, 142.30, 139.38, 139.19, 

128.74, 128.08, 127.39, 127.10, 126.97, 126.35, 116.58, 54.99, 51.26, 29.03, 27.40. 

2-([1,1'-biphenyl]-4-sulfonamido)-N5-(tert-butyl)-N1-hydroxypentanediamide (DH-20) 

MS (ESI Positive) m/z [M+H+]: 434.00. 1H NMR (400 MHz, Methanol-d4) δ 7.77 (s, 4H), 7.70 

(d, J = 8.6 Hz, 2H), 7.59-7.29 (m, 3H), 2.33 (t, J = 7.2 Hz, 1H), 1.24-1.12 (m, 4H), 0.80 (s, 

9H). 
13C NMR (101 MHz, Methanol-d4) δ 173.21, 171.70, 145.34, 139.20, 128.77, 128.15, 127.39, 

127.10, 126.87, 54.99, 50.93, 31.43,  29.03, 27.41. 
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Part C 

5.3. Biological Studies 

The synthesized compounds underwent comprehensive biological assessments employing 

diverse methods. These evaluations included cytotoxicity analysis to measure cell impact, 

enzyme assays targeting MMP-2 inhibition, and DNA nick generation tests. Furthermore, 

apoptosis and cell cycle analyses in K562 cells were conducted to understand cell-specific 

responses, along with in vitro tube formation assays assessing angiogenesis. These assays 

collectively provided insights into the compounds' toxicity, their effects on critical enzymes 

and DNA integrity, their impact on cell-specific behaviors like apoptosis and cell cycle 

progression, and their potential role in angiogenesis regulation. This thorough evaluation 

aimed to comprehend the compounds' diverse biological effects and their potential for 

therapeutic applications. All the synthesized compounds were biologically evaluated using 

different methods: 

▪ Cytotoxicity assay 

▪ Enzyme assay (MMP-2 inhibition assay) 

▪ MMP-2 expression analysis  

▪ Apoptosis analysis in K562 cell line 

▪ Cell cycle analysis in K562 cell line 

▪ In vitro tube formation assay or Angiogenesis assay 

▪ DNA deformation assay by DAPI staining 

5.3.1. Cytotoxicity assay 

The cytotoxicity analysis of the novel screened compounds has been determined against a 

variety of cancer cell lines. All the cytotoxicity assay results have been depicted in Table 

5.12. 

  



Chapter 5: Results and Discussions 

 

Page | 155  

 

Table 5.12. Cytotoxicity of the novel synthesized molecules against a variety of cancer cell 
lines 

 

Compound R 
K562 

(IC50) µM 
A549 

(IC50) µM 
U87MG 

(IC50) µM 
HT1080 

(IC50) µM 
HEK-293 

(IC50) µM 

DH-1 H 0.541 13.818 16.325 42.461 299.943 
DH-2 CH3 1.253 20.552 24.872 16.565 411.044 
DH-3 C2H5 1.334 15.394 22.151 29.504 307.880 
DH-4 n-Propyl 1.546 58.309 47.483 52.905 1166.177 
DH-5 i-Propyl 1.258 14.436 37.154 30.594 308.029 
DH-6 n-butyl 1.586 25.866 50.098 39.944 517.325 
DH-7 i-butyl 1.401 9.887 16.271 19.070 197.733 
DH-8 n-Pentyl 2.253 15.608 18.117 27.558 311.912 
DH-9 c-hexyl 3.651 6.751 17.438 23.795 235.846 
DH-10 n-hexyl 7.199 16.139 23.910 37.581 322.786 
DH-11 Phenyl 6.175 27.552 30.994 27.552 551.015 
DH-12 Benzyl 6.541 9.656 15.155 22.641 192.458 
DH-13 β-Phenylethyl 6.791 5.615 16.772 23.734 209.491 

*DH-14 2-Cl Bnz 0.395 3.378 18.327 38.342 470.596 
*DH-15 4-Cl Bnz 0.315 2.694 13.703 23.633 670.292 
*DH-16 3,4-diCl Bnz 0.474 6.383 16.325 31.238 277.861 
DH-17 4-OCH3 Bnz 0.847 8.155 18.506 20.660 335.090 

*DH-18 3,5-diCF3Bnz 0.338 4.770 22.360 24.389 266.568 
*DH-19 4-FBnz 0.398 4.229 18.398 22.134 213.817 

DH-20 t-but 0.941 6.137 19.800 28.171 388.367 
*Best active (K562 cell line) are in bold 

The biological evaluation of the synthesized compounds (DH-1 to DH-20) through multiple 

cell-based assays provides valuable insights into their inhibitory effects across different cell 

lines, assessed by their IC50 values measured in micromoles (µM) concentration. The IC50 

values represent the concentration at which each compound inhibits cell growth by 50% in 

various cell lines, including K562, A549, U87MG, HT1080, and HEK-293. Several notable 

patterns emerge from the data: Compounds DH-14, DH-15, DH-16, DH-18, and DH-19 

demonstrate lower IC50 values, indicating potent inhibitory effects in K-562 cell lines 

compared to the other compounds (Table 5.12). Moreover, compounds DH-14, DH-15, DH-
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16, DH-18, and DH-19 exhibit considerable effectiveness, showing notably moderately good 

IC50 values in the A549 cell line, suggesting potential suitability for targeting these specific 

cell types. Additionally, compounds DH-1 and DH-20 also display promising inhibitory 

effects, particularly evident in the K-562 cell line. These lower IC50 values imply higher 

potency, indicating these compounds' ability to more effectively impede the growth of these 

cells. Conversely, other compounds show less potent inhibitory effects, highlighting varied 

levels of effectiveness in different cell lines. Overall, the diverse range of IC50 values 

signifies the differing efficacy of these compounds against various cell types, underscoring 

the importance of understanding the compound-cell interactions for targeted and effective 

therapeutic applications. In this context, the screened synthesized biphenyl sulfonamides 

hydroxamates-based derivatives exhibit potential results against hematological malignancy 

such as chronic myeloid leukemia cell line K-562 than solid cancer cell line A549. However, 

The log concentration of the dose-response curve of K-562 and A549 cell lines, and the cell 

viability assay results for 72 hr are shown in Figure 5.21. NNGH was considered as a 

prototype standard inhibitor. 

 

Figure 5.21. IC50 results of the compounds by cell viability assay using presto blue in  (A) 

K562 cells at a concentration range of 0.048  µM to 50 µM for 72 hr. (B) A549 cells at a 

concentration range of 0.097 µM to 100 µM. Data represent mean ± SD, n = 2. 

Therefore, it is interesting to note that, the compound having benzyl group having halogen 

substitution such as 2-Cl Bnz (DH-14), 4-Cl Bnz (DH-15), DH-16 (3,4-diCl Bnz), DH-18 

(3,5-diCF3Bnz), and DH-19 (4-FBnz) exhibit promising result in K-562 cell line. 

Nonetheless, compounds having n-hexyl (DH-10), phenyl (DH-11), benzyl (DH-12), and β-

phenylethyl (DH-13) showed poor contribution against hematological malignancy (Table 
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5.12). Furthermore, from this cytotoxicity assay, the HEK-293 cell line results also imply the 

non-cytotoxicity properties of all the synthesized biphenylsulfonamides hydroxamates-based 

derivatives which might be beneficial for the treatment of hematological malignancy. 

5.3.2. Enzyme inhibition assay  

A comprehensive enzyme assay analysis was conducted on the best active compounds (DH-1, 

DH-14, DH-15, DH-16, DH-17, DH-18, DH-19, and DH-20) and their inhibitory efficacy on 

MMP-2, MMP-9, and MMP-8. Each compound, denoted by different labels such as DH-1, 

DH-14, DH-15, and so forth, is associated with an R-group or side chain linked to a common 

base structure (Table 5.13). The inhibitory potential of these compounds against MMP-2, 

MMP-9, and MMP-8 is quantified through IC50 values, measured in nanomolar 

concentrations. Notably, the selectivity of each compound's inhibition for MMP-2 over 

MMP-9 and MMP-2 over MMP-8 is also highlighted, providing critical insights into their 

differential effects. For instance, DH-15 (4-Cl Bnz) demonstrates an IC50 of 23.28 nM against 

MMP-2, 55.14 nM against MMP-9, and 1162.79 nM against MMP-8. The selectivity values 

reveal a preference for inhibiting MMP-2 over MMP-9 with a ratio of 2.36 and an 

exceptionally higher selectivity of 49.94 for MMP-2 over MMP-8. Conversely, DH-20 (t-

butyl) exhibits an IC50 of 81.10 nM for MMP-2, 738.42 nM for MMP-9, and 43.05 nM for 

MMP-8, indicating a substantial selectivity of 9.10 fold for MMP-2 over MMP-9 and a 

notably lower selectivity of 0.53 for MMP-2 over MMP-8. Understanding the differential 

inhibitory effects of these compounds on MMPs is essential for designing targeted 

therapeutics and furthering insights into the intricate roles of MMPs in diseases and 

biological mechanisms. 
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Table 5.13. MMP-2 inhibition of best active compounds (K562) and selectivity profile over 

MMP-9 and MMP-8. 

Compound R 
MMP-2 

(IC50 in nM) 

MMP-9 

(IC50 in nM) 

MMP-8 

(IC50 in nM) 

Selectivity 

(MMP-9/ -2) 

Selectivity 

(MMP-8/ -2) 

DH-1 H 118.5 238.46 1041.67 2.01 8.79 
DH-14 2-Cl Bnz 109.74 531.33 -- 4.84 -- 
DH-15 4-Cl Bnz 23.28 55.14 1162.79 2.36 49.94 

DH-16 
3,4-diCl 

Bnz 
108.16 470.07 438.58 4.35 4.05 

DH-17 
4-OCH3 

Bnz 
105.78 983.89 425.00 9.30 4.02 

DH-18 
3,5-

diCF
3
Bnz 139.45 518.11 833.34 3.71 5.98 

DH-19 4-FBnz 115.16 336.60 1273.89 2.92 11.06 
DH-20 t-butyl 81.10 738.42 43.05 9.10 0.53 

5.3.3. MMP-2 expression analysis 

The lead compounds' ability to modulate MMP-2 expression was examined using flow 

cytometry. The changes in MMP-2 expression levels in K562 cells before and after 

treatments with DH-14 and DH-15 for 48 hr at their respective IC50 doses were estimated by 

flow cytometry analysis (Halder et al., 2015; Mukherjee et al., 2017; Dutta et al., 2019; Dutta 

et al., 2022). The treated and untreated cells were fixed and stained with MMP-2 primary 

antibody followed by treatment with secondary antibody conjugated with FITC. The K562 

cell population with MMP-2 cells was found to be reduced after treatment with DH-14 and 

DH-15. After 48 hr of drug treatments, flow cytometric data revealed that cellular MMP-2 

expression levels were reduced by 15.8% (Figure 5.22) in the case of DH-14 (at IC50 dose, 

0.395µM) and  18.4% (Figure 5.22) in the case of compound DH-15 (at IC50 dose, 0.315µM) 

in comparison with untreated control. Therefore, this data indicates that the synthesized lead 

compounds (DH-14 and DH-15) also have the potential to inhibit the cell MMP-2 expression. 
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Figure 5.22. MMP-2 expression analysis of K562 cells by fluorescence-activated cell sorting 

(FACS) after 48 hr of treatments and followed by incubation with primary (anti-MMP2) and 

secondary antibody (FITC conjugated anti-MMP2). (A) (dot plot) and (A′) (histogram plot) 

represent the Contol, (B) (dot plot) and (B′) (histogram plot) represent the treatment by DH-

14 with IC50 dose (0.395 µM), and (C) (dot plot) and (C′) (histogram plot) represent the 

treatment by DH-15 with IC50 dose (0.315 µM). 
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In addition, the lead compounds' ability to modulate MMP-2 expression was also examined 

using flow cytometry. The changes in MMP-2 expression levels in K562 cells before and 

after treatments with DH-18 and DH-19 for 48 hr at their respective IC50 doses were 

estimated by flow cytometry analysis (Halder et al., 2015; Mukherjee et al., 2017; Dutta et 

al., 2019; Dutta et al., 2022). The treated and untreated cells were fixed and stained with 

MMP-2 primary antibody followed by treatment with secondary antibody conjugated with 

FITC. The K562 cell population with MMP-2 cells was found to be reduced after treatment 

with DH-18 and DH-19. After 48 hr of drug treatments, flow cytometric data revealed that 

cellular MMP-2 expression levels were reduced by 21.3% (Figure 5.23) in the case of DH-18 

(at IC50 dose, 0.338 µM) and  17.8% (Figure 5.23) in the case of compound DH-19 (at IC50 

dose, 0.398 µM) in comparison with untreated control. Therefore, this data indicates that the 

synthesized lead compounds (DH-18 and DH-19) also have the potential to inhibit the cell 

MMP-2 expression. 
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Figure 5.23. MMP-2 expression analysis of K562 cells by fluorescence-activated cell sorting 

(FACS) after 48 hr of treatments and followed by incubation with primary (anti-MMP2) and 

secondary antibody (FITC conjugated anti-MMP2). (A) (dot plot) and (A′) (histogram plot) 

represent the Contol, (B) (dot plot) and (B′) (histogram plot) represent the treatment by DH-

18 with IC50 dose (0.338 µM), and (C) (dot plot) and (C′) (histogram plot) represent the 

treatment by DH-19 with IC50 dose (0.398 µM). 
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5.3.4. Apoptosis analysis in K-562 cell line 

The apoptosis assay has been conducted in the K562 cell line on DH-14, DH-15, DH-18, and 

DH-19. The analysis results imply that the compounds showed a substantial impact in 

apoptosis compared to control (Figure 5.24). 

 

Figure 5.24. Apoptosis analysis in K562 cell line for (A) DH-14 (0.395 µM) and DH-15 

(0.315 µM) (B) DH-18 (0.338 µM) and DH-19 (0.398 µM); X and Y-axis represent the 

intensities of annexin-V and propidium iodide respectively). Data represents mean ± standard 

deviation, n=3. 

In the control group, the total apoptosis was measured at 3.2%. In the presence of compound 

DH-14, the total apoptosis showed significantly to 35.1%, and with compound DH-15, it 

further rose to 41.6% (Figure 5.24A). This suggests that both DH-14 and DH-15 compounds 

have a substantial impact on promoting apoptosis, showing a considerable increase compared 

to the control group. Apoptosis, or programmed cell death, is a crucial process in the 

regulation of cell growth and development. The notable increase in apoptosis induced by DH-

14 and DH-15 may imply their potential role in affecting cellular mechanisms or signaling 

pathways related to programmed cell death. On the other hand, the total apoptosis rate was 
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measured at 2.9%. In the presence of compound DH-18, the total apoptosis notably increased 

to 45.4%, while DH-19 resulted in a slightly lower but still significant apoptosis rate of 

39.8% (Figure 5.24B). These results suggest that both DH-18 and DH-19 compounds have a 

considerable impact on promoting apoptosis compared to the control group. Apoptosis is a 

controlled and programmed cell death mechanism crucial for various physiological processes. 

The substantial increase in apoptosis induced by DH-18 and DH-19 implies their potential 

influence on cell signaling pathways or mechanisms related to programmed cell death. The 

total percentage of apoptosis with respect to the control of compounds DH-14, DH-15, DH-

18, and DH-19 is shown in Figure 5.25. 

 

 

Figure 5.25. Total percentage of apoptosis with respect to control and (A) DH-14 and DH-15 

(B) DH-18 and DH-19. 

5.3.5. Cell cycle analysis in K562 cell line 

The cell cycle analysis was conducted on K562 cells treated with different compounds at 

their respective IC50 concentrations for 72 hr. This analysis aimed to assess the impact of 

these compounds (DH-14, DH-15, DH-18, and DH-19) on the cell cycle progression of K562 

cells. The cell cycle analysis was performed using flow cytometry, specifically the BD Aria 

III, a common flow cytometer used for cell analysis and sorting based on specific 

characteristics such as size, granularity, and fluorescence (Figure 5.26). Also, the results of 

this cell cycle analysis would provide insights into how these compounds at their respective 

IC50 concentrations influence the distribution of cells in different phases of the cell cycle. 

Typically, the cell cycle is divided into phases: G1 (gap 1), S (synthesis), G2 (gap 2), and M 

(mitosis). Alterations in the cell cycle phases or the distribution of cells in these phases can 

indicate the compounds' effects on cell growth, proliferation, or potential cell cycle arrest.  
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Figure 5.26. Cell cycle analysis in K562 cells treated with vehicle (control), (A) DH-14 

(0.395 µM), and DH-15 (0.315 µM); (B) DH -18 (0.338 µM), and DH-19 (0.398 µM) at IC50 

concentration of the compounds for 72 h. The cell cycle analysis was carried out by Flow 

cytometry (BD Aria III). Data represent mean ± standard deviation, n=3.  

Moreover, the specific outcomes of the analysis could include information about any changes 

observed in the percentage of cells in the G1, S, G2, or M phases, compared to the control 

group (Figure 5.26).  

 

 



Chapter 5: Results and Discussions 

 

Page | 165  

 

 

Figure 5.27. Graphical representation of the % cell population of K562 cells at various 

phases, i.e., G1, S, and G2/M phases of (A) DH-14 and DH-15 (B) DH-18 and DH-19. Data 

represent mean ± standard deviation, n=3. 

The graphical representation of the distribution of K562 cells at different cell cycle phases 

(G1, S, and G2/M) under varying treatments: control, DH-14, and DH-15 (Figure 5.27). In 

the control group, the G1 phase constitutes 47.5% of the cell population, with 28.9% in the S 

phase and 24.7% in the G2/M phase (Figure 5.27A). Under DH-14 treatment, there's an 

increase in the G1 phase (52.9%), a slight rise in the S phase (32.2%), and a decrease in the 

G2/M phase (14.7%). DH-15 treatment notably shows a substantial increase in the G1 phase 

(61.7%) and lower percentages in the S (29.9%) and G2/M phases (8.4%). These results 

suggest an accumulation of cells in the G1 phase under both DH-14 and DH-15 treatments, 

with DH-15 exhibiting the most prominent impact, indicating a potential cell cycle arrest or 

delay at this phase and reduced progression into the G2/M phase. On the other hand, the 

percentage of the cell population distribution of K562 cells across G1, S, and G2/M phases 

for control, DH-18, and DH-19 conditions. Control cells exhibit 45.4% in G1, 31.2% in S, 

and 23.3% in G2/M phases (Figure 5.27B). In contrast, DH-18 displays 50.9% in G1, 34.6% 

in S, and 14.5% in G2/M phases, while DH-19 depicts 54.9% in G1, 33.4% in S, and 11.7% 

in G2/M phases. These variations indicate an altered cell phase distribution, with DH-19 

showing a higher proportion in the G1 phase and a lower percentage in the G2/M phase 

compared to Control and DH-18. This data signifies the influence of these compounds on cell 

cycle dynamics, potentially affecting cell proliferation and regulatory mechanisms associated 

with cell division and growth. 
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5.3.6. In vitro tube formation assay or Angiogenesis assay 

In the angiogenesis assay comparing compounds DH-14 and DH-15 to the control, the 

analysis involves image processing using software such as ImageJ or FIJI to segment and 

analyze the images. Segregation of images for each group enables the assessment of meshes, 

branches, and nodes, representing the blood vessel network's density, complexity, and 

connectivity. Quantitative measurements are then extracted to compare the control and test 

groups, focusing on parameters like total vessel length, junctions (nodes), and branching 

points. Statistical tests are applied to discern significant differences, ultimately providing 

insights into the angiogenic potential of DH-14 and DH-15 compared to the control (Figure 

5.28). 

 

Figure 5.28. Angiogenesis assay of compound DH-14 and DH-15 compared to control 

having a raw image, analyzed image with meshes, branches, and nodes. 

Similarly, the angiogenesis assay comparing compounds DH-18 and DH-19 to the control 

involves the initial acquisition of high-quality raw images, followed by image processing 

using software like ImageJ or FIJI to analyze and segment the images, distinguishing blood 

vessels from the background. Quantification of meshes, branches, and nodes representing the 
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vessel network's density and complexity is carried out. Statistical analysis is then applied to 

compare these parameters across the control, DH-18, and DH-19 groups. The resulting 

analyzed images highlight these structural features, allowing for visual comparison and 

insights into the angiogenic potential of DH-18 and DH-19 compared to the control, aiding in 

understanding their effects on angiogenesis (Figure 5.29). 

 

Figure 5.29. Angiogenesis assay of compound DH-18 and DH-19 compared to control 

having a raw image, analyzed image with meshes, branches, and nodes. 

The comparative measurement of parameters obtained from image analysis in ACHN cells 

involves culturing separate groups for DH-14 and DH-15 and DH-18 and DH-19 in Cultrex 

for 72 hr, both with and without treatment (Figure 5.30). After image acquisition and analysis 

using software like ImageJ or FIJI, specific cellular parameters such as cell count, 

morphology, and other relevant characteristics are quantified. The comparison is drawn 

between the treated and untreated groups within each compound category, aiming to identify 

significant differences in cellular responses induced by DH-14, DH-15, DH-18, and DH-19 

within the Cultrex environment. This analysis facilitates the understanding of the impact of 



Chapter 5: Results and Discussions 

 

Page | 168  

 

these treatments on ACHN cells, potentially revealing distinct effects and aiding in the 

determination of each compound's influence on cell behavior and characteristics. 

 

Figure 5.30. Comparative measurement of parameters obtained from image analysis in 

ACHN cells (A) DH-14 and DH-15 (B) DH-18 and DH-19 which were cultured for 72hr in 

Cultrex with and without treatment 

5.3.7. DNA deformation assay by DAPI staining 

DNA deformation assay is a widely used technique to observe the morphology of the cell 

nucleus. DAP (4′,6-diamidino-2- phenylindole dihydrochloride) is a dye that can be used to 

visualize nuclear alterations and evaluate apoptosis (Das et al., 2022). In the minor groove of 

DNA's adenine-thymine sections, DAPI attaches firmly and preferentially. Light with an 

ultraviolet wavelength of 359 nm is absorbed by DAPI when it is attached to double-stranded 

DNA, and it produces fluorescent blue light at 461 nm. The fluorescence intensity of bound 

DAPI is about 20 times higher than that of unbound DAPI. Increased DAPI entry and deeper 

blue staining of the nucleus are caused by the apoptotic cell which has a damaged cell 
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membrane (Chazotte, 2011). The visual identification of apoptotic cells labeled with DAPI is 

aided by the distinct nuclear morphology of these cells, which includes margination of the 

nucleus, chromosomal condensation, and nuclear degeneration (Atale et al., 2014). DNA 

condensation is a distinct process that occurs during apoptosis; necrosis is not the result of 

any similar event (Kai et al., 2022). Furthermore, DAPI-stained apoptotic cells may have 

visible membrane blebbing, which is a characteristic feature of apoptotic cells (Wickman et 

al., 2013). The nuclear morphology of untreated K562 cells as well as treated K562 cells with 

lead compounds (DH-14 and DH-15) was evaluated after staining the nucleus individually 

with DAPI under a fluorescence microscope to know the exact mechanism of cytotoxicity 

(Das et al., 2022). In the case of lead compounds (DH-14 and DH-15) treated K562 cells 

(Figure 5.31; B-C′); margination of the nucleus, membrane blebbing, chromatin 

condensation, and nuclear fragmentation was observed whereas in the case of untreated K562 

cells (Figure 5.31; A-A′); such kind of nuclear deformations were absent and the nuclei of 

untreated K562 cells were intact and having normal morphology. margination of the nucleus, 

membrane blebbing, chromatin condensation, and nuclear fragmentation all are associated 

with apoptosis-mediated cell death (Das et al., 2022; Pajaniradje et al., 2014). 
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Figure 5.31. Fluorescence microscopic images of K562 cell nucleus after 48 hr of treatments 

and followed by DAPI staining. ; (A) represents the Contol, (B) represents the treatment by 

DH-14 (0.395 µM) with IC50 dose, and (C) represents the treatment by DH-15 with IC50 

dose(0.315 µM) whereas (A′), (B′), and (C′) are the zoomed view of (A), (B), and (C). The 

single arrow indicates the margination of the nucleus, the double arrow indicates membrane 

blebbing, the triple arrow indicates chromatin condensation, and the quadruple arrow 

indicates nuclear fragmentation, all are associated with apoptosis-mediated cell death. 
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Conversely, K562 cells treated with another lead compound DH-18 and DH-19 displayed 

significant alterations in nuclear structure. These changes included margination of the 

nucleus, membrane blebbing, chromatin condensation, and nuclear fragmentation. Notably, 

these alterations are recognized characteristics associated with apoptosis-induced cell death, 

as reported in prior studies (Das et al., 2022; Pajaniradje et al., 2014). In the case of 

compounds (DH-18 and DH-19) treated K562 cells (Figure 5.32; B-C′); margination of the 

nucleus, membrane blebbing, chromatin condensation, and nuclear fragmentation was 

observed whereas in the case of untreated K562 cells (Figure 5.32; A-A′); such kind of 

nuclear deformations were absent and the nuclei of untreated K562 cells were intact and 

having normal morphology. Moreover, the observed morphological changes in the nuclei of 

treated cells, such as chromatin condensation and nuclear fragmentation, align with known 

indicators of apoptosis. In this context, these alterations provide valuable insights into the 

mechanism by which the lead compounds induce cytotoxic effects on K562 cells, shedding 

light on the apoptosis-mediated pathway responsible for cell death. 
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Figure 5.32. Fluorescence microscopic images of K562 cell nucleus after 48 hr of treatments 

and followed by DAPI staining. (A) represents the Contol, (B) represents the treatment by 

DH-18 with IC50 (0.338 µM) dose, and (C) represents the treatment by DH-19 (0.398 µM) 

with IC50 dose whereas (A′), (B′), and (C′) are the zoomed view of (A), (B), and (C). The 

single arrow indicates the margination of the nucleus, the double arrow indicates membrane 

blebbing, the triple arrow indicates chromatin condensation, and the quadruple arrow 

indicates nuclear fragmentation, all are associated with apoptosis-mediated cell death. 

[This work was communicated for publication.] 



Chapter 5: Results and Discussions 

 

Page | 173  

 

5.4. MD simulation study of the potent MMP-2 inhibitors (DH-15 and DH-18) 

The binding pattern of the most potent MMP-2 inhibitors of this series (DH-15 and DH-18) 

was predicted by performing 100ns MD simulation studies at the active site of MMP-2 (PDB 

ID: 1HOV). Simulation of each of the DH-15, DH-18, and MMP-2 complexes was performed 

using the Desmond module of Schrodinger Suite (https://www.schrodinger.com) using 

OPLS_2005 forcefield. 

From the trajectory RMSD analysis of the simulated complexes (Figures 5.33A and 5.33B), 

it is noticed that the molecule showed very little deviation in their trajectory, unlike the ligand 

molecules that have shown comparatively higher deviation at the MMP-2 active site (PDB 

ID: 1HOV). Also, despite depicting comparatively similar fluctuation, the compound DH-15 

showed comparatively more stable binding in comparison to the DH-18 (Figure 5.33A vs 

5.33B) at the MMP-2 binding site (PDB ID: 1HOV). Regarding the RMS fluctuation of the 

C-α chain residue, some key active site residues such as Leu 82, Leu83, Ala84, His85, 

Glu121, His120, Pro140, and Tyr142 showed similar fluctuation while complexed with both 

DH-15 (Figure 5.33C) and DH-18 (Figure 5.33D). This might suggest their almost similar 

MMP-2 inhibitory activities due to similar binding to the enzyme. 

 

Figure 5.33. The RMSD obtained from the MD simulation study of (A) MMP-2 (PDB ID: 

1HOV) and DH-15 complex, (B) MMP-2 (PDB ID: 1HOV) and DH-18 complex; the RMSF 
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of the C-α chain residues of MMP-2 obtained from the MD simulation study of (C) MMP-2 

(PDB ID: 1HOV) and DH-15 complex, (D) MMP-2 (PDB ID: 1HOV) and DH-18 complex. 

Regarding the interactions formed by the simulated compounds at the MMP-2 active site 

(PDB ID: 1HOV), it is visible that both the compounds DH-15 and DH-18 (Figure 5.34A 

and 5.34B, respectively) formed similar hydrophobic, ionic, and water-mediated hydrogen 

bond interactions with active site residues such as His120, Glu121, His124, His130, Pro140, 

and Tyr142 residues. Interestingly, all these aforementioned residues are in association with 

each other to shape the S1′ pocket of MMP-2. Therefore, the similar interactions between the 

S1′ pocket and Ω-loop residues with DH-15 and DH-18 indicate an identical and stable 

binding of the biphenyl P1; substituents of these compounds inside the hydrophobic S1′ 

pocket. On the other hand, it is also visible that the compound DH-15 has shown a higher 

extent of hydrogen bond interactions with the Leu82, Leu83, and Ala84, as well as His85 

(using both hydrophobic and hydrogen bond interactions with His85) suggesting the reason 

behind a slight increase in the MMP-2 inhibitory activity of compound DH-15 compared to 

compound DH-18 (Figure 5.34A vs 5.34B, respectively). This may occur due to the presence 

of 4-Cl benzyl P2′ substituent that may be providing an advantage to the P2′ moiety of DH-15 

to enter into/near the solvent-exposed S2′  pocket of MMP-2 (PDB ID: 1HOV) unlike the 

higher hydrophobic 3,5-bis trifluoromethyl benzyl P2; moiety of compound DH-18. The 

occupancy/proximity of the P2′ substituent of compound DH-15 may have influenced greater 

stability of the molecule by interacting with His85 residues near the S2′ pocket which in turn 

facilitated the formation of hydrogen bond interactions between the sulfonamide and the 

Leu82, Leu83, and Ala84 residues of MMP-2 throughout the simulation time. This is also 

clearly observable in the frequency of interactions formed between the DH-15, DH-18, and 

the individual active site residues of MMP-2 (PDB ID: 1HOV) (Figure 5.34C and 5.34D, 

respectively). 
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Figure 5.34. The interaction fractions of (A) DH-15 and (B) DH-18 with MMP-2 (PDB ID: 

1HOV) active site residues; The interaction frequencies of individual residues between (C) 

MMP-2 and DH-15 and (D) MMP-2 and DH-18 for 100 ns 

Regarding the bond occupancy throughout the simulated 100ns timeframe, it is observable 

that the common interactions formed between the DH-15, DH-18, and MMP-2 active site 

residues showed almost similar occupancy of formed interactions (Figure 5.35A and 5.35B). 

However, the higher hydrogen bond forming occupancy between the compound DH-15 and 

Leu83 (93%), Ala84 (80%), and His85 (30%) residues of MMP-2 were absent between the 

same residues and compound DH-18. This slightly higher activity of DH-15 compared to 

DH-18 may be due to the extra interactions made by the DH-15 that might provide extra 

stability to the binding of DH-15 at the MMP-2 active site than DH-18. 
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Figure 5.35. The overall interaction occupancies obtained from the MD simulation study of 

(A) MMP-2-DH-15 complex and (B) MMP-2-DH-18 complex. 

5.5. Summary 

The biological evaluation of newly synthesized compounds (DH-1 to DH-20)  encompasses a 

broad spectrum of assays designed to comprehensively understand their potential applications 

in therapy against cancer, especially hematological malignancy. These biological assessments 

aim to provide crucial insights into the biphenyl sulfonamide-based hydroxamates, effects on 

various cellular processes, from cytotoxicity to their influence on specific enzymatic 

activities, apoptosis induction, cell cycle regulation, and even angiogenesis modulation. One 

significant aspect of this evaluation is the compound's impact on different cancer cell lines 

(K562, A549, U87MG, HT1080), shedding light on their potential in treating specific types 

of cancer. Notably, the results highlighted specific novel compounds, DH-14, DH-15, DH-18, 

and DH-19, displaying pronounced inhibitory effects on the K562 cell line, indicating a 

promising prospect for combating specific types of cancer such as CML. Moreover, DH-14 

and DH-15 revealed substantial effectiveness even in the A549 cell line, emphasizing their 

potential across different cancer types. The enzyme inhibition assay aimed to assess these 

molecules' potential in targeting specific MMPs, such as MMP-2, MMP-9, and MMP-8, 

crucial enzymes involved in various physiological and pathological processes. This assay 

identified compounds displaying selective inhibition, providing insights into potential 

targeted therapeutic strategies against the MMP-2 enzyme. For example, DH-15 showed a 

preference for inhibiting MMP-2 over MMP-8 and MMP-9 with a significant selectivity 
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ratio. Understanding this selectivity is instrumental in designing therapies targeting specific 

MMPs, paving the way for more precise and effective treatments. Moreover, the assessment 

of MMP-2 expression in K562 cells post-treatment with specific compounds revealed a 

reduction in MMP-2 levels, indicating the novel compounds' potential to modulate MMP 

enzymes. This reduction in MMP-2 expression might have significant implications in 

controlling metastasis and tumor invasion. The apoptosis and cell cycle analyses were pivotal 

in understanding these novel synthesized analogs' impact on cell death and proliferation. 

Furthermore, compounds DH-14, DH-15, DH-18, and DH-19 exhibited notable effects on 

inducing apoptosis in K562 cells, a crucial mechanism in controlling cell growth. The cell 

cycle analysis showed alterations in the distribution of cells in different phases, indicating 

potential impacts on cell division and growth regulation. Henceforth, these findings suggest 

the novel compounds' potential to interfere with crucial cellular mechanisms, potentially 

influencing disease progression and treatment strategies. The analysis included modulation of 

angiogenesis, which is important in many clinical situations, such as cancer. Through in vitro 

tube formation assays, compounds DH-14, DH-15, DH-18, and DH-19 showed varying 

effects on blood vessel network density and complexity. Additionally, the DNA deformation 

assay, utilizing DAPI staining, revealed distinct morphological changes in the nuclei of 

treated K562 cells. The observed morphological alterations, characteristic of apoptosis-

induced cell death, shed light on these novel compounds' cytotoxic effects and potential 

mechanisms behind cellular responses. Moreover, MD simulations study was conducted on 

best active molecules DH-15 and DH-18, formed hydrophobic, ionic, and water-mediated 

hydrogen bond interactions with active site residues such as His120, Glu121, His124, His130, 

Pro140, and Tyr142 residues. The interaction revealed the stable binding interactions at the 

active site of MMP-2 enzyme which validate the biological assay results. In summary, the 

diverse assays provided profound insights into the biological effects of these compounds 

[hydroxamates-based analogs 5-N-substituted 2-(substituted biphenylsulfonyl) D(-) 

glutamines], suggesting these novel molecules have potential for targeted therapeutic 

applications across different cancer types, CML. These findings highlight these analogs' 

diverse effects on specific cellular processes and mechanisms, paving the way for potential 

novel therapeutic strategies. 
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Cancer continues to be one of the most difficult challenges in modern medicine, with its 

multifaceted nature demanding innovative approaches to treatment and management. Matrix 

metalloproteinases (MMPs), a family of enzymes implicated in various physiological and 

pathological processes, have emerged as potential targets for developing anticancer drugs. 

Among these MMPs, MMP-2 plays a crucial role in cancer progression, making it an attractive 

focus for research and drug development. The research presented in this study explores the 

significance of MMP-2 in cancer regulation and proposes it as a promising target for the 

development of anticancer drugs. Through the design, synthesis, and evaluation of specific 

compounds, including arylsulfonyl D(-) glutamine-based hydroxamate analogs, a multi-faceted 

approach has been employed to explore their potential as MMP-2 inhibitors and their effects 

on various cellular processes and mechanisms. Additionally, these findings particularly reveal 

the promise of these compounds for the development of targeted therapeutic strategies across 

different cancer types, particularly hematological malignancies. A diverse range of analytical 

techniques and assays, from quantitative structure-activity relationship (QSAR) models to 

molecular dynamics simulations and a plethora of biological assessments, has been employed 

to provide a comprehensive understanding of the compounds' effects on MMP-2, cancer cells, 

and various cellular processes. 

In the realm of QSAR study, the regression and classification-based QSAR analysis played a 

crucial role in revealing the significant structural aspects of the MMP-2 enzyme. Various 

models like MLR, LDA, and Bayesian classification shed light on molecular characteristics 

affecting MMP-2 inhibitor efficacy, aiding in predictive analysis and understanding structure-

activity relationships. In addition, the docking-based 2D-QSAR and 3D-QSAR analyses have 

also played a pivotal role in identifying the structural features crucial for inhibiting MMP-2 

effectively. These models have elucidated the importance of specific amino acid residues, such 

as Tyr142 and Ala84, in MMP-2 inhibition. Furthermore, the model also has highlighted the 

significance of steric and hydrophobic attributes at specific regions of the compounds while 

suggesting an adverse effect on certain substituents. The preference for smaller hydrogen bond 

groups and the limited contribution of hydrogen bond donor groups have also been described. 

These findings lay a solid foundation for the rational design and optimization of MMP-2 

inhibitors, potentially leading to more effective anticancer drugs. The integration of molecular 

dynamics (MD) simulations into the research framework has not only validated the findings 

from the QSAR models but also provided insight into the stability of interactions between 

MMP-2 and the tested inhibitors. The minimal fluctuations in parameters like RMSD, RMSF, 

and Rg values during MD simulations indicate robust and consistent binding between the 
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compounds and the MMP-2 enzyme. Furthermore, the simulations have identified specific 

amino acid residues responsible for potential hydrogen bonding, reinforcing the compounds' 

inhibitory potential. The convergence of findings from the computational models and MD 

simulations strengthens the foundation for the potential development of MMP-2 inhibitors. 

The biological evaluation of the newly synthesized compounds represents a crucial phase of 

the study, shedding light on their effects on various cellular processes and mechanisms, in vitro. 

This evaluation encompasses a broad spectrum of assays, from cytotoxicity assessments to the 

influence on specific enzymatic activities, apoptosis induction, cell cycle regulation, DNA 

deformation assay by DAPI staining, and angiogenesis modulation. These assessments 

collectively provide profound insights into the compounds' potential for therapeutic 

applications in cancer, particularly hematological malignancies. One of the key outcomes from 

the biological evaluations is the synthesized novel molecule’s ability to exert pronounced 

inhibitory effects on specific cancer cell lines, notably the K562 cell line. From this cytotoxicity 

analysis compounds such as DH-14 (IC50 = 0.395 µM), DH-15 (IC50 = 0.315 µM), DH-18 (IC50 

= 0.338 µM), and DH-19 (IC50 = 0.398 µM) exhibit promising activity against K562 cell line, 

whereas the compounds showed non-toxic against normal cell line like HEK-293. Therefore, 

this observation holds significant promise for combating leukemia, indicating that these 

compounds may have a targeted and selective impact on chronic myeloid leukemia. 

Furthermore, compounds like DH-14, DH-15, DH-18, and DH-19 have exhibited substantial 

effectiveness in additional cancer cell lines, such as A549, underscoring their potential 

applicability across different cancer types, while these compounds exhibit non-cytotoxicity in 

normal human kidney cell line such as HEK-293. Therefore, this broad-spectrum efficacy adds 

to the compounds' attractiveness as candidates for future cancer therapies. 

The enzyme inhibition assay conducted as part of the biological evaluations has provided 

crucial insights into the compounds' selectivity in targeting specific matrix metalloproteinases 

(MMPs), including MMP-2, MMP-9, and MMP-8. Selectivity is a vital consideration in drug 

development, as it enables the design of therapies that precisely target specific molecular 

pathways. In this context, DH-15 has demonstrated a preference for inhibiting MMP-2 (IC50 = 

23.28 nM)  over MMP-9 (IC50 = 55.14 nM) and MMP-8 (IC50 = 1162.79 nM)  with a significant 

selectivity ratio. This selectivity can be instrumental in designing therapies that specifically 

target MMP-2, thereby potentially increasing their effectiveness while minimizing off-target 

effects. 

A significant aspect of the study has been evaluating MMP-2 expression in K562 cells 

following treatment with these molecules. It is interesting to note that, lower MMP-2 levels 
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can have significant implications in controlling metastasis and tumor invasion, which are often 

associated with diseases like cancer. The ability to modulate MMP-2 expression further 

strengthens the potential of these compounds as anticancer agents. In addition, the apoptosis 

and cell cycle analyses, integral to the biological evaluations, have offered crucial insights into 

the compounds' impact on cell death and proliferation. DH-14, DH-15, DH-18, and DH-19 

have been particularly notable in inducing apoptosis in K562 cells, a fundamental mechanism 

in controlling cell growth and preventing uncontrolled proliferation. The cell cycle analysis has 

revealed alterations in the distribution of cells in different phases, suggesting potential impacts 

on cell division and growth regulation. These results highlight the molecules' capacity to alter 

essential cellular processes, which may impact the course of a disease like leukemia, and the 

approaches used to treat it. Furthermore, through in vitro tube formation assays, compounds 

DH-14, DH-15, DH-18, and DH-19 displayed varying effects on blood vessel network density 

and complexity. These effects on angiogenesis have the potential to disrupt the vascular supply 

to tumors, ultimately hampering their growth and progression. Additionally, the DNA 

deformation assay, utilizing DAPI staining, revealed distinct morphological changes in the 

nuclei of treated K562 cells, indicative of apoptosis-induced cell death. These changes in 

morphology provide information about the cytotoxic effects of these novel molecules and 

possible processes behind cellular reactions. The journey from the initial exploration of MMP-

2 inhibition to the biological evaluations of these novel compounds has revealed the intricate 

interplay between structural features, molecular interactions, and biological responses. The 

integration of computational modeling and experimental assays has offered a holistic 

perspective on the compounds' potential, making a strong case for their further development 

and optimization as antileukemic agents. In addition, MD simulation study was conducted on 

best active compounds (DH-15 and DH-18), formed hydrophobic, ionic, and water-mediated 

hydrogen bond interactions with active site residues. The interaction revealed the stable binding 

interactions at the active site of MMP-2 enzyme which validate the biological assay results. 

In conclusion, the insights gained from this comprehensive study are poised to catalyze the 

development of more effective MMP-2 inhibitors, offering a new frontier in the fight against 

cancer, especially leukemia. The intricate understanding of molecular interactions, structural 

requirements, and biological effects of these compounds represents a significant leap forward 

in the pursuit of novel anticancer strategies. The potential for these compounds to translate into 

clinical applications presents a hopeful outlook for future advancements in cancer therapeutics, 

offering renewed possibilities in the ongoing battle against this complex and challenging 

disease. 
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The research into MMP-2 inhibitors as potential anticancer agents holds substantial promise, 

laying the groundwork for a future marked by innovative steps in cancer therapy. Building 

upon the discoveries made in this study, the forthcoming trajectory in this field will encompass 

a concerted effort toward refining the structural makeup of these compounds to optimize their 

efficacy and specificity. Computational models and sophisticated algorithms will aid in a 

deeper understanding of the critical structural features highlighted in this research (Figure 7.1), 

guiding the rational design of new molecules and the modification of existing compounds. By 

precisely tailoring these inhibitors to target MMP-2, researchers aim to enhance their 

selectivity, potency, and ability to disrupt the critical pathways involved in cancer progression. 

 

 

Figure 7.1. Structural requirements of glutamine analogs for obtaining higher efficacy. 

Translating laboratory findings into practical clinical applications stands as a pivotal milestone 

in the future of this research. To bridge this gap, rigorous in vivo studies using animal models 

will be instrumental in assessing those novel compounds' effects on a systemic level. These 

studies will not only provide insights into the efficacy and safety profiles but also help 

determine the potential toxicities and optimal dosages necessary for human clinical trials. 

These preclinical trials will also serve as a stepping stone toward evaluating these inhibitors' 

pharmacokinetics, bioavailability, and interactions within living organisms, ultimately guiding 

the direction of human trials. 
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Upon successful validation in preclinical studies, the next phase would involve human clinical 

trials, where these compounds will be evaluated in diverse patient populations. These trials will 

focus on assessing their therapeutic effects, safety, and efficacy against specific cancer types, 

particularly hematological malignancies. Observing and quantifying the compounds' impacts 

on patient outcomes, including tumor regression, remission rates, and overall survival, will be 

pivotal in determining their clinical viability. 

Furthermore, exploring the potential synergistic effects of these MMP-2 inhibitors in 

combination with existing cancer treatments, such as chemotherapy, immunotherapy, or other 

targeted therapies, presents a promising avenue. Combining these inhibitors with established 

treatments aims to leverage their complementary actions, potentially enhancing treatment 

efficacy while minimizing adverse side effects. Such synergistic approaches may provide a 

comprehensive strategy for combating cancer with improved outcomes. 

An additional frontier in research involves targeted drug delivery systems to optimize the 

delivery of these inhibitors specifically to cancer cells. Innovative technologies like 

nanotechnology-based approaches or conjugation with specific carriers will aim to enhance the 

compounds' bioavailability at tumor sites while minimizing off-target effects. This targeted 

approach holds the potential to increase the local concentration of the compounds within 

cancerous tissues, maximizing their therapeutic effects. Understanding the molecular 

mechanisms underlying these inhibitory actions is fundamental for their further development 

and optimization. Deeper insights into how these inhibitors modulate MMP-2 expression, 

induce apoptosis, alter cell cycle progression, and impact angiogenesis will provide the 

necessary guidance for improving their effectiveness and potentially overcoming drug 

resistance.  

Moreover, further studies can investigate the broad-spectrum impacts of the best active 

compounds on a variety of zinc-dependent metalloenzymes like other MMPs, HDACs, APNs, 

ADAMs, meprins, etc. This approach helps in the identification of potential therapeutic uses 

for a variety of disorders associated with these enzymes. Preliminary works in this direction 

were done, paving the way for comprehensive evaluations. 

In conclusion, the future journey for MMP-2 inhibitors as potential anticancer agents hinges 

on a multi-faceted approach encompassing structural refinement, translational studies, 

combination therapies, targeted drug delivery systems, and the elucidation of underlying 

molecular mechanisms. These inhibitors hold promise for revolutionizing cancer therapy, but 

their true impact will depend on successful translation from laboratory findings to tangible 

clinical benefits for patients. The ultimate goal remains the development of safe, effective, and 
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accessible treatments that can significantly transform cancer management and patient outcomes 

on a global scale. 
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Figure A1. Observed vs predicted activity plot of HQSAR model. 

 Figure A2. Good molecular substructural fragments were obtained from the Bayesian classification model. 
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Figure A3. Bad molecular substructural fragments were obtained from the Bayesian classification model. 
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Figure A4. 1H and 13C NMR Spectra of Compound DH-1. 
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Figure A5. HRMS Spectra of Compound DH-1. 
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Figure A6. 1H and 13C NMR Spectra of Compound DH-2. 
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Figure A7. HRMS Spectra of Compound DH-2. 
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Figure A8. 1H and 13C NMR Spectra of Compound DH-3. 
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Figure A9. HRMS Spectra of Compound DH-3. 
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Figure A10. 1H and 13C NMR Spectra of Compound DH-4. 
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Figure A11. HRMS Spectra of Compound DH-4. 
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Figure A12. 1H and 13C NMR Spectra of Compound DH-5. 
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Figure A13. HRMS Spectra of Compound DH-5. 
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Figure A14. 1H and 13C NMR Spectra of Compound DH-6. 
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Figure A15. HRMS Spectra of Compound DH-6. 
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Figure A16. 1H and 13C NMR Spectra of Compound DH-7. 
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Figure A17. HRMS Spectra of Compound DH-7. 
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Figure A18. 1H and 13C NMR Spectra of Compound DH-8. 
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Figure A19. HRMS Spectra of Compound DH-8. 
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Figure A20. 1H and 13C NMR Spectra of Compound DH-9. 
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Figure A21. HRMS Spectra of Compound DH-9. 
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Figure A22. 1H and 13C NMR Spectra of Compound DH-10. 
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Figure A23. HRMS Spectra of Compound DH-10. 
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Figure A24. 1H and 13C NMR Spectra of Compound DH-11. 
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Figure A25. HRMS Spectra of Compound DH-11. 
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Figure A26. 1H and 13C NMR Spectra of Compound DH-12. 



Appendix
 

 

Page | 246   

 

Figure A27. HRMS Spectra of Compound DH-12. 
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Figure A28. 1H and 13C NMR Spectra of Compound DH-13. 
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Figure A29. HRMS Spectra of Compound DH-13. 
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Figure A30. 1H and 13C NMR Spectra of Compound DH-14. 
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Figure A31. HRMS Spectra of Compound DH-14. 
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Figure A32. 1H and 13C NMR Spectra of Compound DH-15. 
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Figure A33. HRMS Spectra of Compound DH-15. 
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Figure A34. 1H and 13C NMR Spectra of Compound DH-16. 
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Figure A35. HRMS Spectra of Compound DH-16. 
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Figure A36. 1H and 13C NMR Spectra of Compound DH-17. 

 



Appendix 

 

Page | 256   

 

 

Figure A37. HRMS Spectra of Compound DH-17. 
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Figure A38. 1H and 13C NMR Spectra of Compound DH-18. 
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Figure A39. HRMS Spectra of Compound DH-18. 
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Figure A40. 1H and 13C NMR Spectra of Compound DH-19. 
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Figure A41. HRMS Spectra of Compound DH-19. 
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Figure A42. 1H and 13C NMR Spectra of Compound DH-20. 
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Figure A43. HRMS Spectra of Compound DH-20. 
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Table A1. Observed vs predicted MMP-2 inhibitory activity for all the first datasets molecules 

as per the MLR, HQSAR, and CoMSIA model. 

Compound Observed (pIC50) MLR HQSAR CoMSIA Predicted 

1a 8.523 8.565 9.031 8.41 
2a 8.222 8.565 8.474 8.635 
3a 8.097 8.161 8.72 8.206 
4a 8.097 8.565 8.432 8.629 
5a 7.959 8.161 8.163 8.413 
6a 7.921 8.161 8.121 8.413 
7a 7 6.664 6.461 6.458 
8a 7 6.664 6.819 6.61 
9a 6.699 6.259 6.508 6.57 
10a 6.699 6.664 6.262 6.466 
11a 6.523 6.664 6.22 6.386 
12a 6.398 5.933 6.461 5.895 
13a 6.097 6.259 6.149 6.248 
14a 5.959 6.259 5.951 6.294 
15a 5.824 6.259 5.909 6.174 
16a 5.699 5.528 6.149 5.766 
17a 5.149 5.522 5.459 5.261 
18a 5.022 4.791 5.459 4.998 
19a 8.398 8.161 8.059 8.548 
20a 8.155 7.806 7.939 7.457 
21a 8 7.401 7.223 7.14 
22a 7.699 7.424 7.352 7.518 
23a 7.398 7.401 7.628 6.933 
24a 7.398 7.52 7.065 7.06 
25a 7.301 7.401 7.534 7.331 
26a 7.046 7.116 6.753 6.6 
27a 6.699 6.664 6.938 6.253 
28a 6.699 6.664 6.349 6.791 
29a 6.301 6.379 6.063 5.649 
30a 6.155 6.259 6.532 6.132 
31a 5.886 6.259 6.038 6.592 
32a 5.82 4.939 5.461 5.722 
33a 5.658 6.081 6.463 5.83 
34a 5.569 5.676 6.151 6.199 
35a 5.495 6.081 5.78 6.774 
36a 5.456 5.676 5.468 6.571 
37a 5.284 4.939 4.778 5.62 
38a 5.051 5.522 5.348 5.587 
39a 8.699 8.565 8.371 8.025 
40a 6.569 5.933 5.95 5.798 
41a 6.367 5.933 6.37 6.122 
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42a 6.337 5.933 5.994 5.994 
43a 6.284 5.933 5.657 5.833 
44a 6.143 5.933 6.077 6.272 
45a 6.119 5.933 5.701 5.88 
46a 6.06 5.933 5.865 5.956 
47a 6.009 5.933 6.285 6.505 
48a 5.987 5.933 5.909 5.918 
49a 5.893 5.933 5.799 5.788 
50a 5.818 5.528 5.554 5.69 
51a 5.742 5.933 5.806 5.772 
52a 5.712 5.933 5.506 4.922 
53a 5.688 5.933 5.714 5.275 
54a 5.684 5.528 5.973 5.416 
55a 5.635 5.528 5.597 5.729 
56a 5.567 5.933 5.513 5.864 
57a 5.53 5.933 5.721 5.867 
58a 5.474 5.933 5.897 5.502 
59a 5.378 5.933 5.604 5.763 
60a 5.361 5.933 5.812 5.578 
61a 5.283 5.528 5.403 5.682 
62a 5.24 5.528 5.41 6.824 
63a 5.129 5.528 5.5 5.756 
64a 6.991 6.503 7.073 7.115 
65a 6.74 6.503 6.673 6.849 
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Abstract

Overexpression of matrix metalloproteinase‐2 (MMP‐2) possesses a correlation with

leukemia especially chronic myeloid leukemia (CML). However, no such MMP‐2

inhibitor has come out in the market to date for treating leukemia. In this study,

synthesis, biological evaluation, and molecular modeling studies of a set of biphe-

nylsulfonamide derivatives as promising MMP‐2 inhibitors were performed, focusing

on their potential applications as antileukemic therapeutics. Compounds DH‐18 and

DH‐19 exerted the most effective MMP‐2 inhibition (IC50 of 139.45 nM and

115.16 nM, respectively) with potent antileukemic efficacy against the CML cell line

K562 (IC50 of 0.338 μM and 0.398 μM, respectively). The lead molecules DH‐18 and

DH‐19 reduced the MMP‐2 expression by 21.3% and 17.8%, respectively with

effective apoptotic induction (45.4% and 39.8%, respectively) in the K562 cell line.

Moreover, both these compounds significantly arrested different phases of the cell

cycle. Again, both these molecules depicted promising antiangiogenic efficacy in the

ACHN cell line. Nevertheless, the molecular docking and molecular dynamics (MD)

simulation studies revealed that DH‐18 formed strong bidentate chelation with the

catalytic Zn2+ ion through the hydroxamate zinc binding group (ZBG). Apart from

that, the MD simulation study also disclosed stable binding interactions of DH‐18

and MMP‐2 along with crucial interactions with active site amino acid residues

namely His120, Glu121, His124, His130, Pro140, and Tyr142. In a nutshell, this

study highlighted the importance of biphenylsulfonamide‐based novel and promising

MMP‐2 inhibitors to open up a new avenue for potential therapy against CML.

K E YWORD S

angiogenesis, apoptosis, biphenylsulfonamides, CML, leukemia, MMP‐2

1 | INTRODUCTION

Matrix metalloproteinases (MMPs), playing a major role in various

disease conditions, are essential components of the extracellular

matrix (ECM) (Page‐McCaw et al., 2007). After a long journey to

become recognized as the primary mediators of the ECM, MMPs

were initially discovered to play crucial roles in the metamorphosis of

the anuran tadpole matrix (Gross & Lapiere, 1962; Gross &

Nagai, 1965). In addition, MMPs are members of the metzincin family

of metalloenzymes, which utilize the Zn2+ ion in their active site. The

MMP family of zinc‐dependent metalloenzymes consists of 26

members, and each has a variety of physiological and pathological
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Pinpointing prime structural attributes of potential MMP-2 
inhibitors comprising alkyl/arylsulfonyl pyrrolidine scaffold: a 
ligand-based molecular modelling approach validated by 
molecular dynamics simulation analysis
S.K. Baidya a#, S. Banerjee a, B. Ghosh b, T. Jha a and N. Adhikari a

aNatural Science Laboratory, Division of Medicinal and Pharmaceutical Chemistry, Department of 
Pharmaceutical Technology, Jadavpur University, Kolkata, India; bEpigenetic Research Laboratory, 
Department of Pharmacy, Birla Institute of Technology and Science-Pilani, Hyderabad, India

ABSTRACT
MMP-2 overexpression is strongly related to several diseases includ
ing cancer. However, none of the MMP-2 inhibitors have been 
marketed as drug candidates due to various adverse effects. Here, 
a set of sulphonyl pyrrolidines was subjected to validation of mole
cular modelling followed by binding mode analysis to explore the 
crucial structural features required for the discovery of promising 
MMP-2 inhibitors. This study revealed the importance of hydroxa
mate as a potential zinc-binding group compared to the esters. 
Importantly, hydrophobic and sterical substituents were found 
favourable at the terminal aryl moiety attached to the sulphonyl 
group. The binding interaction study revealed that the S1′ pocket of 
MMP-2 similar to ‘a basketball passing through a hoop’ allows the 
aryl moiety for proper fitting and interaction at the active site to 
execute potential MMP-2 inhibition. Again, the sulphonyl pyrroli
dine moiety can be a good fragment necessary for MMP-2 inhibi
tion. Moreover, some novel MMP-2 inhibitors were also reported. 
They showed the significance of the 3rd position substitution of the 
pyrrolidine ring to produce interaction inside S2′ pocket. The cur
rent study can assist in the design and development of potential 
MMP-2 inhibitors as effective drug candidates for the management 
of several diseases including cancers in the future.
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Accepted 2 August 2024 

KEYWORDS 
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Introduction

Matrix metalloproteinases (MMPs) belong to the family of endopeptidases that are 
dependent on metal ions such as zinc and calcium and these MMPs are structurally and 
functionally related. MMPs are essential for the breakdown of the components of extra
cellular matrix (ECM), the remodelling of tissue, as well as the pathogenesis related to 
different diseases [1]. Furthermore, MMPs play a versatile role in a variety of physiological 
functions, like ovulation, development of embryos, angiogenesis, cellular diversity, as well 
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Derivatives of D(− ) glutamine-based MMP-2 inhibitors as an effective 
remedy for the management of chronic myeloid leukemia-Part-I: Synthesis, 
biological screening and in silico binding interaction analysis 
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Suvankar Banerjee a, Sandip Kumar Baidya a,1, Asit Kumar De c, Shovanlal Gayen d, 
Balaram Ghosh b,***, Tarun Jha a,* 

a Natural Science Laboratory, Division of Medicinal and Pharmaceutical Chemistry, Department of Pharmaceutical Technology, Jadavpur University, Kolkata, 700032, 
India 
b Epigenetic Research Laboratory, Department of Pharmacy, Birla Institute of Technology and Science-Pilani, Hyderabad, India 
c Department of Chemistry, Jadavpur University, Kolkata, India 
d Laboratory of Drug Design and Discovery, Department of Pharmaceutical Technology, Jadavpur University, Kolkata, 700032, India   

A R T I C L E  I N F O   

Keywords: 
D-glutamine derivatives 
MMP-2 
Chronic myeloid leukemia 
Gelatinase 
Apoptosis 
Angiogenesis 
Binding mode of interaction 

A B S T R A C T   

Chronic myeloid leukemia (CML) is a global issue and the available drugs such as tyrosine kinase inhibitors 
(TKIs) comprise various toxic effects as well as resistance and cross-resistance. Therefore, novel molecules tar
geting specific enzymes may unravel a new direction in antileukemic drug discovery. In this context, targeting 
gelatinases (MMP-2 and MMP-9) can be an alternative option for the development of novel molecules effective 
against CML. In this article, some D(− )glutamine derivatives were synthesized and evaluated through cell-based 
antileukemic assays and tested against gelatinases. The lead compounds, i.e., benzyl analogs exerted the most 
promising antileukemic potential showing nontoxicity in normal cell line including efficacious gelatinase inhi
bition. Both these lead molecules yielded effective apoptosis and displayed marked reductions in MMP-2 
expression in the K562 cell line. Not only that, but both of them also revealed effective antiangiogenic effi
cacy. Importantly, the most potent MMP-2 inhibitor, i.e., benzyl derivative of p-tosyl D(− )glutamine disclosed 
stable binding interaction at the MMP-2 active site correlating with the highly effective MMP-2 inhibitory ac
tivity. Therefore, such D(− )glutamine derivatives might be explored further as promising MMP-2 inhibitors with 
efficacious antileukemic profiles for the treatment of CML in the future.   

1. Introduction 

Chronic myelogenous leukemia (CML) is one of the most common 
forms of leukemia. The American Cancer Society reported a total of 1280 
recorded fatalities and an anticipated 9280 new incidences of CML 
diagnosed in the United States in 2024 [1]. Notably, hematopoietic stem 
cells (HSCs) are affected by CML, like in other leukemias [2]. The 
translocation’s breakpoints result in the fusion of two genes: breakpoint 
cluster region (BCR) on chromosome 22 and Abelson murine leukemia 
viral oncogene homolog 1 (ABL1) on chromosome 9. A key factor in the 

pathophysiology of CML is the Philadelphia chromosome, which 
fundamentally stimulates tyrosine kinase (TK) via the BCR-ABL1 onco
protein [2–4]. Tyrosine kinase inhibitors (TKIs) have changed the way 
CML is treated, and these are widely acknowledged [5]. Before TKIs 
were developed, CML was a disease with a high death rate for a longer 
period. Despite the adverse effects related to TKIs, these are still the 
first-line drugs for the treatment of CML, and the life expectancies of the 
patients are now similar to those of people without disease conditions 
[6–9]. However, the choice of physicians for TKI therapy is influenced 
by several criteria, including the patient’s condition and several factors 
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REVIEW

An updated patent review of matrix metalloproteinase (MMP) inhibitors 
(2021-present)

Suvankar Banerjee , Sandip Kumar Baidya , Nilanjan Adhikari and Tarun Jha

Natural Science Laboratory, Division of Medicinal and Pharmaceutical Chemistry, Department of Pharmaceutical Technology, Jadavpur University, 
Kolkata, India

ABSTRACT

Introduction: Matrix metalloproteinases (MMPs) are strongly interlinked with the progression and 
mechanisms of several life-threatening diseases including cancer. Thus, novel MMP inhibitors (MMPIs) 
as promising drug candidates can be effective in combating these diseases. However, no MMPIs are 
marketed to date due to poor pharmacokinetics and lower selectivity. Therefore, this review was 
performed to study the newer MMPIs patented after the COVID-19 period for an updated perspective 
on MMPIs.
Areas covered: This review highlights patents related to MMPIs, and their therapeutic implications 
published between January 2021 and August 2023 available in the Google Patents, Patentscope, and 
Espacenet databases.
Expert opinion: Despite various MMP-related patents disclosed up to 2020, newer patent applications 
in the post-COVID-19 period decreased a lot. Besides major MMPs, other isoforms (i.e. MMP-3 and MMP- 
7) have gained attention recently for drug development. This may open up newer dimensions targeting 
these MMPs for therapeutic advancements. The isoform selectivity and bioavailability are major con-
cerns for effective MMPI development. Thus, adopting theoretical approaches and experimental meth-
odologies can unveil the development of novel MMPIs with improved pharmacokinetic profiles. 
Nevertheless, the involvement of MMPs in cancer, and the mechanisms of such MMPs in other diseases 
should be extensively studied for novel MMPI development.
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1. Introduction

Matrix metalloproteinases (MMPs), degrading various com-

ponents of extracellular matrix (ECM), are found to be cru-

cially interlinked with the modulation of normal 

physiological processes as well as versatile pathophysiologi-

cal conditions and thus, have been established as promising 

biomolecular targets for the design and development of 

potential drug candidates to get rid of numerous life- 

threatening diseases [1]. In this context, the process of 

development of matrix metalloproteinase inhibitors 

(MMPIs) was initiated more than 30 years ago and contin-

ued to date [2–4]. However, such MMPIs failed to overcome 

the expectation to become drug candidates, though several 

extensive clinical studies were conducted [5]. Despite the 

setback of such MMPIs, research is still in progress as far as 

the patenting is concerned for the development of potential 

MMPIs suggesting their crucial implications to crusade 

against major classes of diverse disease conditions such as 

cancers, cardiovascular and neurological diseases, inflamma-

tory conditions and immunological diseases [6–13]. Now, it 

has been already established that initial clinical studies were 

conducted in a premature fashion leading to erroneous 

conclusions as far as the wrong animal model studies 

were concerned [14]. Not only was that, but most clinical 

studies were carried out considering those compounds 

exploring poor bioavailability, poor metabolic properties as 

well as broad-spectrum of MMP inhibition including inhibi-

tion of other classes of metalloenzymes [15]. The first- 

generation MMPIs are devoid of specificity toward specific 

MMPs and therefore, these MMPIs were found to exert 

numerous dose-mediated adverse effects such as arthralgia, 

musculoskeletal syndrome (MSS), myalgia, and gastrointest-

inal disorders [16]. Despite the crucial roles of each MMP in 

various disease states, structural similarity among them may 

be one of the prime reasons making the inhibitor designing 

approaches tremendously challenging that hinders over-

coming such unintended adverse effects [17]. Mostly, the 

1st generation MMPIs belong to the category of hydroxa-

mate class. As the hydroxamate group has a poor selective 

feature as far as Zn2+ chelation is concerned, MMPIs com-

prising such zinc binding group (ZBG) are also often found 

to chelate strongly with the Zn2+ ion of other metalloen-

zymes namely A Disintegrin And Metalloprotease (ADAM) 

[18], carbonic anhydrases (CAs) [19], aggrecanases [20], 

meprins [21], etc. and subsequent inhibition. Nevertheless, 

the hydroxamate group may metabolically produce other 

lesser effective carboxylic acids or amides to induce the 

liberation of toxic hydroxylamine [9].

CONTACT Tarun Jha tjupharm@yahoo.com; Nilanjan Adhikari nilanjan_juphar@rediffmail.com Natural Science Laboratory, Division of Medicinal and 
Pharmaceutical Chemistry, Department of Pharmaceutical Technology, Jadavpur University, Kolkata, India

EXPERT OPINION ON THERAPEUTIC PATENTS                                                                                                                 

https://doi.org/10.1080/13543776.2023.2284935

© 2023 Informa UK Limited, trading as Taylor & Francis Group

http://orcid.org/0000-0002-0537-391X
http://orcid.org/0000-0001-9362-3909
http://orcid.org/0000-0001-5523-7716
http://orcid.org/0000-0002-9996-738X
http://www.tandfonline.com
https://crossmark.crossref.org/dialog/?doi=10.1080/13543776.2023.2284935&domain=pdf&date_stamp=2023-11-22


Journal of Molecular Graphics and Modelling 126 (2024) 108671

Available online 11 November 2023
1093-3263/© 2023 Elsevier Inc. All rights reserved.

A fragment-based exploration of diverse MMP-9 inhibitors through 
classification-dependent structural assessment 
Sandip Kumar Baidya a, Suvankar Banerjee a, Balaram Ghosh b, Tarun Jha a,**, 
Nilanjan Adhikari a,* 

a Natural Science Laboratory, Division of Medicinal and Pharmaceutical Chemistry, Department of Pharmaceutical Technology, Jadavpur University, Kolkata, 700032, 
India 
b Epigenetic Research Laboratory, Department of Pharmacy, Birla Institute of Technology and Science-Pilani, Hyderabad Campus, Shamirpet, Hyderabad, 500078, India   

A R T I C L E  I N F O   

Keywords: 
MMP-9 
Binding affinity 
Bayesian classification 
LDA 
SARpy 
Recursive partitioning 

A B S T R A C T   

Matrix metalloproteinases (MMPs) are belonging to the Zn2+-dependent metalloenzymes. These can degenerate 
the extracellular matrix (ECM) that is entailed with various biological processes. Among the MMP family 
members, MMP-9 is associated with several pathophysiological circumstances. Apart from wound healing, 
remodeling of bone, inflammatory mechanisms, and rheumatoid arthritis, MMP-9 has also significant roles in 
tumor invasion and metastasis. Therefore, MMP-9 has been in the spotlight of anticancer drug discovery pro-
grams for more than a decade. In this present study, classification-based QSAR techniques along with fragment- 
based data mining have been carried out on divergent MMP-9 inhibitors to point out the important structural 
attributes. This current study may be able to elucidate the importance of several pivotal molecular fragments 
such as sulfonamide, hydroxamate, i-butyl, and ethoxy functions for imparting potential MMP-9 inhibition. These 
observations are in correlation with the ligand-bound co-crystal structures of MMP-9. Therefore, these findings 
are beneficial for the design and discovery of effective MMP-9 inhibitors in the future.   

1. Introduction 

Zinc-dependent peptides are found to be encoded by 10 % of the 
genes in the human genome. Among all the metalloproteins, zinc- 
dependent proteins are the major part. The zinc ion of metal-
loenzymes plays a crucial role in the enzyme catalytic activity [1,2]. 
There are some significant zinc-dependent metalloenzymes like matrix 
metalloproteinases (MMPs), TNF-α converting enzyme (TACE), carbonic 
anhydrases (CAs), angiotensin-converting enzyme (ACE), carboxypep-
tidase A, thermolysin, etc. These metalloproteinases are responsible for 
executing various biological functions [3–7]. Therefore, these enzymes 
are an excellent target as they are engaged in a variety of human ail-
ments namely cardiovascular and neurodegenerative disorders, rheu-
matoid arthritis, and cancer [2]. Regarding drug design and discovery, 
zinc-dependent metalloenzymes are the most desired and promising 
target [8]. Moreover, drug design may be beneficial for understanding 
the contribution of the zinc ion with the drug candidate physiochemi-
cally and quantitatively inside the zinc-containing proteins. Among 

these metalloenzymes, MMPs, which are under the zinc-dependent 
endopeptidase classes, are found to be linked with the remodeling of 
extracellular matrix (ECM) and these are essential for many physiolog-
ical processes like tissue repairing, morphogenesis, development, tissue 
homeostasis, etc [8,9]. Moreover, MMPs are associated with the avail-
ability of growth factors and take part extensively in cellular signaling to 
regulate crucial processes such as proliferation, migration, and 
apoptosis [10]. Generally, all MMPs are released as inactive forms. The 
‘cysteine switch’ of MMPs is one of the prime reasons for the activation 
of MMP where the thiol function is unpaired, and the amino acid residue 
cysteine is restored with a water molecule [11]. Moreover, in this acti-
vation mechanism, the cysteine switch empowers the hydroxylation of 
the pro-peptide of the relatively activated MMPs. All MMPs are triggered 
in the cell except MT-MMPs, MMP-11, -23, and −28 [10]. There are 26 
different types of MMPs. Their sequential homology as well as the bio-
logical consequences have already been reported [12]. MMPs are cate-
gorized into 5 distinct classes depending upon their specificity towards 
the particular substrate. These are (i) collagenase, (ii) gelatinase, (iii) 
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ABSTRACT

MMP-2 is potentially contributing to several cancer progressions 
including leukaemias. Therefore, considering MMP-2 as a promising 
target, novel anticancer compounds may be designed. Here, 32 in- 
house arylsulfonyl L-(+) glutamines were subjected to various struc-
ture-based computational modelling approaches to recognize cru-
cial structural attributes along with the spatial orientation for higher 
MMP-2 inhibition. Again, the docking-based 2D-QSAR study 
revealed that the Coulomb energy conferred by Tyr142 and total 
interaction energy conferred by Ala84 was crucial for MMP-2 inhibi-
tion. Importantly, the docking-dependent CoMFA and CoMSIA 
study revealed the importance of favourable steric, electrostatic, 
and hydrophobic substituents at the terminal phenyl ring. The MD 
simulation study revealed a lower fluctuation in the RMSD, RMSF, 
and Rg values indicating stable binding interactions of MMP-2 and 
these molecules. Moreover, the residual hydrogen bond and their 
interaction analysis disclosed crucial amino acid residues responsi-
ble for forming potential hydrogen bonding for higher MMP-2 
inhibition. The results can effectively aid in the design and discov-
ery of promising small-molecule drug-like MMP-2 inhibitors with 
greater anticancer potential in the future.
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Introduction

Matrix metalloproteinases (MMPs) belong to zinc-dependent endopeptidases that are 

intimately associated with tissue remodelling, as well as degrading the extracellular 

matrix (ECM) [1]. Additionally, the activity of MMPs is enhanced in pathogenic circum-

stances, which causes tissue deterioration. MMPs are protease enzymes and are crucial 

biomarkers regarding cancer progression [2]. However, among all these MMPs, MMP-2, 

a key Zn2+-dependent metalloenzyme, is one of the potential biomarkers of several 

diseases including various cancers, and thus, has already been established as 

a therapeutically valuable target due to its overexpression in numerous cancer conditions 
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ABSTRACT

Among various matrix metalloproteinases (MMPs), MMP-12 is one of the potential targets for cancer
and other diseases. However, none of the MMP-12 inhibitors has passed the clinical trials to date.
Therefore, designing potential MMP-12 inhibitors as new drug molecules can provide effective thera-
peutic strategies for several diseases. In this study, a series of dibenzofuran and dibenzothiophene
derivatives were subjected to different 2D and 3D-QSAR techniques to point out the crucial structural
contributions highly influential toward the MMP-12 inhibitory activity. These techniques identified
some structural attributes of these compounds that are responsible for influencing their MMP-12
inhibition. The carboxylic group may enhance proper binding with catalytic Zn2þ ion at the MMP-12
active site. Again, the i-propyl sulfonamido carboxylic acid function contributed positively toward
MMP-12 inhibition. Moreover, the dibenzofuran moiety conferred stable binding at the S10 pocket for
higher MMP-12 inhibition. The steric and hydrophobic groups were found favourable near the furan
ring substituted at the dibenzofuran moiety. Besides these ligand-based approaches, molecular dock-
ing and molecular dynamic (MD) simulation studies not only elucidated the importance of several
aspects of these MMP-12 inhibitors while disclosing the significance of the finding of these QSAR stud-
ies and their influences toward MMP-12 inhibition. The MD simulation study also revealed stable and
compact binding between such compounds at the MMP-12 active site. Therefore, the findings of these
validated ligand-based and structure-based molecular modeling studies can aid the development of
selective and potent lead molecules that can be used for the treatment of MMP-12-associated
diseases.
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1. Introduction

The matrix metalloproteinases (MMPs) are known to consist

of calcium and Zn2þ-dependent proteolytic enzymes that are

engaged in the physiological and pathological processes in

humans (Djuric & Zivkovic, 2017). Though the earlier studies

speculated the limited activity of these MMPs against extra-

cellular matrix (ECM), the involvement of these enzymes

beyond ECM degradation was later discovered (Djuric &

Zivkovic, 2017). Pro-peptide sequences, catalytic metallopro-

teinase domains with catalytic Zn2þ ions, hinge regions or

linker peptides, and hemopexin domains are the typical

structural components of MMPs (Cui et al., 2017). These

MMPs are involved in a variety of pathophysiological condi-

tions, that includes arthritis, cancer, neurodegenerative disor-

ders, cardiovascular diseases, etc. There are 26 members in

this protease family and depending on the structural and

functional features they are grouped into six different sub-

classes such as gelatinases, collagenases, stromelysin, matrily-

sin, membrane-type, and other types of MMPs (Banerjee,

Amin, et al., 2022).

Matrix metalloproteinase-12 (MMP-12) resides on chromo-

some 11q22 and is a member of the matrix metalloprotei-

nase (MMP) family of peptidases called M10 (Guo & Jiang,

2022). MMP-12, which is also familiar as macrophage metal-

loelastase, was first discovered in 1975 as a form of metallo-

proteinase produced as a part of an inflammatory reaction

(Li et al., 2021). The human MMP-12 that is in its inactive

form consists of 54 kDa protein and then after processing it

generates around 45 kDa form and then only 22 kDa is

obtained as the active form due to loss from N- and C- ter-

minal residues (He et al., 2018). Nonetheless, while MMPs are

known to aid tumor formation, MMP-12 has a contentious

role in cancer progression (Noel et al., 2021). Additionally, in

tumor propagation in the lungs, it acts by cleaving with the

elastin which is produced by the activated macrophages that

are usually seen in lung diseases like chronic obstructive pul-

monary disease (COPD) and emphysema (Ella et al., 2018). So

far, very limited knowledge is obtained as to how the

immune response can influence an individual with COPD

and it may lead to lung cancer (Eide et al., 2016). MMP-12 is
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ABSTRACT

Among various matrix metalloproteinases (MMPs), overexpression 
of MMP9 has been established as a key player in a variety of cancers. 
Therefore, MMP9 has emerged as a promising biomolecule that 
may be targeted to design potent inhibitors as novel anticancer 
therapeutics. In this study, a large database containing 1,123 drug- 
like MMP-9 inhibitors was considered for robust classification- 
dependent fragment-based QSAR study through SARpy, Bayesian 
classification, and recursive partitioning analyses and were vali-
dated by both internal and external validation techniques. In 
a nutshell, all these classification-dependent techniques revealed 
some common structural alerts and sub-structural fingerprints 
responsible for modulating MMP-9 inhibition. These observations 
are in agreement with the interactions obtained from the ligand- 
bound co-crystal structures of MMP-9 justifying the robustness of 
the current study. Finally, based on these crucial structural frag-
ments, some new lead compounds were designed and further 
validated by the binding mode of interaction analysis. Therefore, 
these findings may be beneficial in designing novel and potential 
MMP-9 inhibitors in the future as a weapon to combat several 
cancers.
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Introduction

Mortality by cancer is the main issue worldwide. Some studies revealed that enzymes like 

matrix metalloproteinases (MMPs) are the fundamental regulators of tumour microenvir-

onment modification as identified during the cancer progression [1–3]. The MMP family 

contains 26 structurally related zinc-dependent MMPs [1]. MMPs are managing the disin-

tegration of the extracellular matrix (ECM) and participate in playing key roles in several 

cellular mechanisms like angiogenesis, embryonic development, and normal tissue remo-

delling [3]. The enhancement turnover of ECM, metastasis, tumour growth, and angiogen-

esis are regulated by the signalling pathways related to MMPs due to their proteolytic 

activity [4]. MMPs are overexpressed in several types of human cancers [1]. Although, 
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 Abstract: Epigenetic modulations by HDACs are associated with multiple disease conditions. In 

this context, HDACs play vital roles in the progression of diseases including several cancers, neu-

rodegenerative diseases, inflammatory diseases, and metabolic disorders. Though several HDAC 

inhibitors have been established as drug candidates, their usage has been restricted because of 

broad-spectrum inhibition, highly toxic character, and off-target adverse effects. Therefore, specific 

HDAC selectivity is essential to get rid of such adverse effects. Hydrazide-based compounds have 

already been proven to exert higher inhibitory efficacy and specific HDAC selectivity. In this arti-

cle, the detailed structure-activity relationship (SAR) of the existing hydrazide-based HDAC inhibi-

tors has been elucidated to gather crucial information that can be utilized further for the develop-

ment of promising drug candidates for combating diverse diseases in the future. 
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1. INTRODUCTION 

Epigenetic modifications are an essential cellular phe-

nomenon regulating gene expression and genetic activity at 

transcriptional and post-transcriptional levels. Such epigenet-

ic modifications, therefore, influence a wide variety of bio-

logical functions such as cellular morphogenesis, cell differ-

entiation, variability as well as adaptability [1-3]. Neverthe-

less, the DNA methylation and modification of histone core 

proteins are also inevitable epigenetic modifications for the 

alteration of the chromatin structure and therefore regulating 

the genetic activity associated with cellular biology [1, 2]. 

The study of epigenetics has also disclosed the influences of 

these various epigenetic modulations related to different dis-

eases and pathological conditions [2-4]. In this context, the 

acetylation and deacetylation of the histone proteins are cru-

cial epigenetic mechanisms, governing the chromatin struc-

ture and gene expression. The two groups of enzymes name-

ly the histone acetyltransferases (HATs) and the histone 

deacetylases (HDACs) are liable for the acetylation as well 

as the deacetylation of the N-terminal ɛ-Lysine residue, re-

spectively [5-7]. The HATs due to their acetylating ability  
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are capable of introducing an acetate function at the N-

terminal lysine residues that lead to a loose binding of DNA 

around the histone octamer, thus forming open chromatin 

conformation. Contradictorily, the deacetylation function of 

the HDAC enzymes allows them to eliminate the lysine ace-

tate function for a tighter binding of the DNA around the 

histone octamer to form a closed chromatin conformation 

(Fig. 1).  

Therefore, the activity conferred by HAT and HDAC on 

histone proteins is one of the crucial epigenetic functions 

regulating gene expression and epigenetic modifications [5, 

7-9]. As far as the Zn2+-dependant HDACs are concerned, 

these contribute to a wide variety of pathophysiological con-

ditions [5, 6, 10] including neurological disorders [10-12], 

solid and hematological cancer conditions [5, 6, 13], several 

inflammatory diseases [12, 14-16], viral and parasitic infec-

tions [17-19], diabetes [20], and cardiovascular disorders 

[16]. Therefore, due to the major involvement of several 

HDAC isoforms in a variety of diseases and pathophysiolog-

ical conditions, these HDACs have emerged as promising 

therapeutic targets for the development of potential drug 

candidates. Over time, the development of HDAC inhibitors 

has delivered some fruitful outcomes in disease manage-

ment. However, only a few HDAC inhibitors namely vori-

nostat, belinostat, panobinostat, pracinostat, and romidepsin 

have been accepted by the United States Food and Drug 

Administration (US-FDA), whereas the benzamide-derived 
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Quantitative structural assessments of potential
meprin b inhibitors by non-linear QSAR
approaches and validation by binding mode of
interaction analysis†

Suvankar Banerjee, a Sandip Kumar Baidya, a Balaram Ghosh, b

Suvendu Nandi, c Mahitosh Mandal,c Tarun Jha *a and Nilanjan Adhikari *a

The Zn2+-dependent endopeptidase meprin b is an astacin family metalloenzyme that belongs to the

metzincin superclass of metalloproteases. The presence of a wide variety of meprin b substrates has enabled

this metalloenzyme to influence a range of biological pathways and processes that correspondingly

correlate meprin b with several diseases and abnormal physiological conditions. The influences of the

meprin b proteolytic activity have been observed in cancer, neurodegenerative disorders, hyperkeratosis, and

inflammatory conditions, including fibrosis. Therefore, the development of effective inhibitors is an

achievable method for therapeutic advancement against meprin b-related pathophysiological conditions. In

this context, in this study, a combined quantitative structural assessment of a set of meprin b inhibitors is

performed via fragment-based non-linear pattern recognition techniques and the binding mode of

interaction analysis at the active site of the enzyme. This study has elucidated various structural attributes

such as the presence of a chiral center, the orientation of halogenic groups, hydroxyl and carbonyl

functions, and the effect of aryl sulfonamide moieties along with their effect on the binding of these

compounds at the active site. Depending on the present outcomes, some new molecules were designed

and these were highly effective meprin b inhibitors. The molecular dynamics (MD) simulation study also

revealed the stability of both the best active and the designed compound at the meprin b active site.

Therefore, the findings of this current study as well as the developed non-linear machine learning (ML)

models of these meprin b inhibitors can be a valuable tool to identify and design potent and effective

inhibitors for the treatment of meprin b-related pathophysiological conditions.

1. Introduction

The study of the metalloenzymes in normal and pathophysio-

logical conditions has elucidated several crucial involvements

of these enzymes in a wide range of disease states, including

cancer, neurodegenerative disorders, inflammation, osteoarthri-

tis, cardiovascular diseases, viral and parasitic infections, as well

as in epigenetic abnormalities.1–7 Although several attempts

were made to develop potential and selective inhibitors of such

metalloenzymes, a few novel molecules have been approved to

date for targeting such metalloenzyme-related pathophysiology

and associated disease conditions.8

Among these metalloenzymes, the Zn2+-dependent metal-

loenzyme meprin b is one of the metzincin superfamily pro-

teases that modulates several substrates such as procollagen I,

collagen IV, triggered receptor expressed on myeloid cells 2

(TREM 2), interleukin (IL)-6R, cluster of differentiation (CD) 109,

CD99, MUC-2, amyloid precursor protein (APP), E-cadherin, and

IL-1b.9,10 Meprin metalloenzyme was first discovered in mouse

kidneys and human intestines in 1980.10 Both the meprin family

members, i.e., meprin a and meprin b are the Zn2+-dependent

multi-domain proteases that belong to the astacin family of

the metzincin endo-peptidase superfamily.9–12 The structure of

meprin b consists of an N-terminal signal peptide followed by a

pro-peptide domain, an astacin-like protease domain consisting

of a Zn2+-dependent catalytic active site, a meprin A5 protein

tyrosine phosphatase m (MAM) domain, a tumor necrosis factor

receptor-associated factor (TRAF) domain, an epidermal growth
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A comparative quantitative structural assessment of 
benzothiazine-derived HDAC8 inhibitors by predictive 
ligand-based drug designing approaches

S. Banerjee , S.K. Baidya , N. Adhikari and T. Jha

Natural Science Laboratory, Division of Medicinal and Pharmaceutical Chemistry, Department of 
Pharmaceutical Technology, Jadavpur University, Kolkata, India

ABSTRACT

Histone deacetylase 8 (HDAC8) is a verified biomolecular target 
associated with diverse diseases including cancer. Though several 
HDAC inhibitors emerged effective against such diseases, no selec-
tive HDAC8 inhibitor is approved to date. Therefore, the develop-
ment of potent HDAC8-selective inhibitors is inevitable to combat 
such diseases. Here, some benzothiazine-derived HDAC8 inhibitors 
were considered for a comparative QSAR analysis which may eluci-
date the prime structural components responsible for modulating 
their efficacy. Several outcomes from these diverse modelling tech-
niques justified one another and thus validated each other. The 
ligand-based pharmacophore modelling study identified ring aro-
matic, positive ionizable, and hydrophobic features as essential 
structural attributes for HDAC8 inhibition. Besides, MLR, HQSAR 
and field-based 3D-QSAR studies signified the utility of the positive 
ionizable and hydrophobic features for potent HDAC8 inhibition. 
Again, the field-based 3D-QSAR study provided useful insight 
regarding the substitution in the fused phenyl ring. Moreover, the 
current observations also validated the previously reported mole-
cular docking observations. Based on the outcomes, some new 
molecules were designed and predicted. Therefore, this compara-
tive structural analysis of these HDAC8 inhibitors will surely assist in 
the development of potent HDAC8 inhibitors as promising antic-
ancer therapeutics in the future.
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Introduction

Histone deacetylases (HDACs) are known for discarding the acetyl groups from lysine 

residues of histone proteins to modulate diverse cellular functions through epigenetic 

modifications [1,2]. HDACs are involved in genetic transcription mechanisms and subse-

quently, modulate growth factors and tumour suppressors [3,4]. HDACs are correlated to 

different cellular signalling pathways and subsequently, abnormal expression of HDACs is 

associated with various diseases including cancer, neurodegenerative disorders, and 

immune diseases [2,5–7]. Therefore, HDACs can be targeted to achieve potential ther-

apeutics against such diseases including cancer. HDAC inhibitors alone or in combination 
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A quantitative structural analysis of AR-42 derivatives as 
HDAC1 inhibitors for the identification of promising structural 
contributors

R. Kundu, S. Banerjee , S.K. Baidya , N. Adhikari and T. Jha

Natural Science Laboratory, Division of Medicinal and Pharmaceutical Chemistry, Department of 
Pharmaceutical Technology, Jadavpur University, Kolkata, India

ABSTRACT

Alteration and abnormal epigenetic mechanisms can lead to the 
aberration of normal biological functions and the occurrence of 
several diseases. The histone deacetylase (HDAC) family of enzymes 
is one of the prime regulators of epigenetic functions modifying the 
histone proteins, and thus, regulating epigenetics directly. HDAC1 
is one of those HDACs which have important contributions to 
cellular epigenetics. The abnormality of HDAC is correlated to the 
occurrence, progression, and poor prognosis in several disease 
conditions namely neurodegenerative disorders, cancer cell prolif-
eration, metastasis, chemotherapy resistance, and survival in var-
ious cancers. Therefore, the progress of potent and effective HDAC1 
inhibitors is one of the prime approaches to combat such diseases. 
In this study, both regression and classification-based molecular 
modelling studies were conducted on some AR-42 derivatives as 
HDAC1 inhibitors to elucidate the crucial structural aspects that are 
responsible for regulating their biological responses. This study 
revealed that the molecular polarizability, van der Waals volume, 
the presence of aromatic rings as well as the higher number of 
hydrogen bond acceptors might affect prominently their inhibitory 
activity and might be responsible for proper fitting and interactions 
at the HDAC1 active site to pertain effective inhibition.
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Introduction

The term ‘cancer’ can be defined as the proliferation, uncontrolled growth, and differ-

entiation of cells in the body. Nowadays, cancer is one of the prime health-related issues 

of our modern society that threatens the development as well as the well-being of the 

current worldwide population [1]. According to Globacan, a total number of 19,292,789 

new cancer cases have been reported in the year 2020 along with 9,958,133 cancer- 

related deaths [2]. Among these newly diagnosed cases, a majority of cancer cases were 

observed for breast and lung cancers. Also, among the reported cancer-related deaths 

that occurred in the year 2020, most were due to lung cancer (18%), liver cancer (8.3%), 

and colorectal cancer (9.4%) [2].
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Metalloproteinases: A Stepping Stone of Future Drug Discovery
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ABSTRACT: Among various matrix metalloproteinases (MMPs), MMPs having medium-size S1′ pockets are established as
promising biomolecular targets for executing crucial roles in cancer, cardiovascular diseases, and neurodegenerative diseases.
However, no such MMP inhibitors (MMPIs) are available to date as drug candidates despite a lot of continuous research work for
more than three decades. Due to a high degree of structural resemblance among these MMPs, designing selective MMPIs is quite
challenging. However, the variability and uniqueness of the S1′ pockets of these MMPs make them promising targets for designing
selective MMPIs. In this perspective, the overall structural aspects of medium-size S1′ pocket MMPs including the unique binding
patterns of enzyme−inhibitor interactions have been discussed in detail to acquire knowledge regarding selective inhibitor designing.
This overall knowledge will surely be a curtain raiser for the designing of selective MMPIs as drug candidates in the future.

■ INTRODUCTION

Matrix metalloproteinases (MMPs) are zinc-dependent
endopeptidases. They are responsible for the degradation of
the extracellular matrix (ECM). Several enzymes are involved
in the remodeling of ECM, but these MMPs execute major
roles.1 Tissue remodeling is essential for the modulation of
numerous physiological processes such as tissue repair,
morphogenesis, growth, and development as well as tissue
homeostasis. It could be a major reason for regulating several
pathological conditions including cardiovascular diseases,
neurodegenerative diseases, arthritis, and cancer. Therefore,
matrix metalloproteinase inhibitors (MMPIs) have been
evaluated as a potential pharmacological remedy for the
management of osteoarthritis, cancer, and cardiovascular
disorders. By regulating the ECM, MMPs are involved in
growth factor availability and play crucial roles in the activity of
cell surface signaling systems and, subsequently, influence cell
proliferation, migration, and apoptosis.2 In general, all these
MMPs are secreted as inactive forms. The “cysteine switch”
mechanism is one of the major MMP activation techniques
where the thiol group is unpaired and the cysteine is replaced
with a water molecule. At the time of this stepwise activation
mechanism, it enables the hydroxylation of pro-peptides of

partially activated MMPs.3 Most of these MMPs are activated
in the intercellular condition other than membrane-type
MMPs (MT-MMPs), MMP-11, MMP-23, and MMP-28.2 A
total of 26 different types of MMPs have been identified, and
their sequence homology along with biological effects has also
been disclosed.4 These MMPs are grouped into six different
classes based on their substrate specificity, i.e., (i) collagenases
(MMP-1, MMP-8, MMP-13, MMP-18), (ii) gelatinases
(MMP-2, MMP-9), (iii) matrilysins (MMP-7, MMP-26),
(iv) stromelysins (MMP-3, MMP-10, MMP-11), (v) MT-
MMPs (MMP-14, MMP-15, MMP-16, MMP-17, MMP-24,
MMP-25), and (vi) miscellaneous MMPs (MMP-12, MMP-
19, MMP-20, MMP-21, MMP-22, MMP-23, MMP-28, MMP-
29). MMPs are found to execute significant roles in the
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The first report on predictive comparative
ligand-based multi-QSAR modeling analysis
of 4-pyrimidinone and 2-pyridinone based
APJ inhibitors†

Suvankar Banerjee,a Sandip Kumar Baidya,a Balaram Ghosh, b

Nilanjan Adhikari *a and Tarun Jha *a

The apelin–apelin receptor (APJ) system has been a promising biomolecular target participating crucially in

several major disorders including cardiovascular diseases, neurodegenerative diseases, metabolic disorders,

and lung, liver, and kidney-related diseases as well as in cancer. Though it is a promising therapeutic target

for drug design for such diverse disease conditions, surprisingly no such molecular modeling study has been

performed to date. This study reports the first predictive comparative multi-QSAR modeling analysis (like

stepwise linear regression QSAR, MIA-QSAR, 3D-QSAR CoMFA, and CoMSIA) on a series of 4-pyrimidinone

and 2-pyridinone-based APJ inhibitors to assimilate the knowledge regarding the crucial structural and

physicochemical features responsible for the modulation of the APJ inhibitory effects. The statistically

validated multi-QSAR modeling study unveils the importance of several crucial structural features

responsible for modulating APJ inhibition. The presence of the 5-benzyl-1,3,4-oxadiazole ring, the higher

number of hydrogen bond acceptor groups, and 4-chlorobenzyl, 4-bromobenzyl, and 2-methoxy groups

may favor APJ inhibitory effects. However, bulky thiophenyl and n-butyl groups are detrimental to APJ

inhibition. This current study may accelerate the process of the design and discovery of novel and highly

potential APJ inhibitors for the effective treatment of multiple life-threatening disease conditions.

1. Introduction

The apelin receptor (APJ) is a rhodopsin-like class-A G-protein

coupled receptor (GPCR) and was brought to light in the year

1993.1,2 However, this discovery is based on the sequence

homology of the angiotensin II receptor and is further known

as APJ.2 The expression of APJ can be traced extensively in a

broad spectrum of eukaryotes including human beings along

with a higher expression in the CNS.3 Apelin is also secreted by the

adipose tissue4 and the apelin receptor helps to inhibit glucose-

simulated insulin secretion (GSIS).5 Interestingly, activation of APJ

may lead to the reduction of insulin secretion which is respon-

sible for the impairment of glucose elimination. Insulin binds

to the APJ receptor on adipocytes along with the expression

of apelin. Furthermore, these mechanisms provide negative

feedback on insulin production.5 The apelin-mediated activation of

APJ is associated with several important physiological functions like

fluid homeostasis, energy regulation, angiogenesis, vasodilation,

and vasocontraction along with the consolidation of heart muscle

contractility.2,3,6 Similar to antidiuretic hormones such as vasopres-

sin, apelin has potential regulatory roles in the fluid balance.

However, several other studies have shown a clear diuretic effect

for apelin with a decrease in the vasopressin expression.7,8 APJ was

also found to be associated with the embryonic development of

zebrafish when activated by Toddler/ELABELA, another indigenous

peptide ligand.9,10 The combination of ELABELA and APJ is also

associated with cardiovascular physiology and pathophysiology.11

The primary pathophysiological conditions of APJ may be depen-

dent on the context-related behavior of the GPCR.12 From the

aspects of the pathophysiology of APJ in terms of the drug

development perspective, the APJ can be correlated with several

physiological disorders such as cardiovascular diseases, neurologi-

cal disorders, endothelial dysfunction-related diseases, respiratory

diseases, inflammatory conditions, gastrointestinal diseases, hepa-

tic disorders, kidney diseases, hypoxia-related diseases, metabolic

disorders, and cancer progression.2,13–23

Furthermore, the mechanism of action of apelin through the

APJ is angiogenic, both in normal physiological conditions and
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Applying comparative molecular modelling techniques on 
diverse hydroxamate-based HDAC2 inhibitors: an attempt to 
identify promising structural features for potent HDAC2 
inhibition
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ABSTRACT

Histone deacetylase 2 (HDAC2) has been implicated in a variety 
of cardiovascular and neurodegenerative disorders as well as in 
cancers. Thus, HDAC2 has become an exclusive target for antic-
ancer drug development. Therefore, the development of newer 
HDAC2 inhibitors in disease conditions is a prime goal to 
restrain such a scenario. Although a handful of HDAC inhibitors 
was accepted for the treatment of HDAC-related disease condi-
tions, the non-selective nature of these entities is one of the 
major setbacks in the treatment of specific HDAC isoform- 
related pathophysiology. In this framework, the analyses of pre- 
existing molecules are essential to identify the important struc-
tural features that can fulfil the requirements for the cap and 
linker moieties to obtain potent and effective HDAC2 inhibition. 
Thus, in this study, the implementation of a combined compara-
tive 2D and 3D molecular modelling techniques was done on 
a group of 92 diverse hydroxamate derivatives having a wide 
range of HDAC2 inhibitory potency. Besides other crucial fea-
tures, this study upheld the importance of groups like triazole 
and benzyl moieties along with the molecular fields that are 
crucial for regulating HDAC2 inhibition. The outcomes of this 
study may be employed for the designing of HDAC2 inhibitors 
in future.
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Introduction

The group of histone deacetylases (HDACs) are the Zn2+/nicotinamide adenine dinucleo-

tide (NAD+)-dependent metalloenzymes having crucial contributions in transcriptional 

regulation. This is done by modulating the chromatin structure via erasing the acetate 

moiety from the acetylated N-terminal lysine ɛ-amino acid group of histone proteins. This 

process of acetate removal from the histone amino acids is known as deacetylation of 

histone [1,2].
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ABSTRACT

Matrix metalloproteinases (MMPs) are a group of zinc and calcium- 
dependent endopeptidases, which contribute to different physio-
logical and biological activities via extracellular matrix (ECM) degra-
dation. Matrix metalloproteinase-8 (MMP-8) belongs to type-II 
collagenases of the MMP family that has contribution in several 
physiological disorders such as cardiovascular diseases, joint, renal, 
digestive and respiratory disorders as well as in cancer. In clinical 
study, MMP-8 is found to be associated with periodontal disease 
condition. Therefore, MMP-8 specific inhibitors should be devel-
oped to target these disorders. The biphenyl sulphonamide (BPS) 
moiety is one of the crucial structural characteristics found in 
several MMP-8 inhibitors. Here, different classification-based mole-
cular modelling methods were used to explore the structural fea-
tures that lead to the activity variation of a series of MMP-8 
inhibitors possessing a BPS moiety. Our current classification- 
based structural analysis of these BPS-derived MMP-8 inhibitors 
was able to identify the importance of several structural features 
such as the tetrahydroisoquinoline and N-Boc pyridyl groups, which 
have positive influences on MMP-8 inhibition. This study was also 
reflected the importance of the zinc-binding groups (ZBGs) like the 
hydroxamate and phosphonate for potent and sub-nanomolar 
range MMP-8 inhibition, which may benefit the development of 
highly potent MMP-8 inhibitors.
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Introduction

Matrix metalloproteinases (MMPs) are the zinc and calcium containing membrane-bound 

endopeptidases present intracellularly and classified under metzincin superfamily [1,2]. 

MMPs are multidomain proteins having common structural features like the amino 

terminal pre-domain, the conserved pro-domain, the catalytic domain and the hemo-

pexin-like carboxy terminal domain [2]. Primarily, MMPs are biosynthesized as inactive 

form such as zymogen/pro-MMPs. However, MMPs are activated by the ‘cysteine-switch’ 

motif. The ‘cysteine switch’ model demonstrates that the interaction between cysteine in 

pro-peptide domain and the zinc ion in the catalytic domain [3]. MMPs are also 
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a b s t r a c t

Matrix metalloproteinases (MMPs) are involved in several pathological and physiological functions.

Gelatinases (MMP-2 and -9) have significant attention as therapeutic targets against cancer. Gelatinase

inhibitors have demonstrated their effectiveness in several diseases including cancer. However, it is quite

a challenging task to develop inhibitors as a therapeutic agent.

This review summarizes the patent dedicated to the medicinal chemistry of gelatinase inhibitor re-

ported over last decades. We examine the patent being pursued for gelatinase inhibitor development to

highlight the key issues. The main aim is to provide the scientific community with an overview of the

patented gelatinase inhibitors to allow further development.

During early 2000s, some MMP inhibitors failed to pass the clinical trials. Hence, the lessons learned

from early evidence and recent knowledge in that field will rejuvenate the development of selective

inhibitors. Various studies and patents have continued in the recent years to expand knowledge.

Continuously, our research team has been involved in the design of potent and selective gelatinase in-

hibitors for the past few years. This study is a part of our efforts. This study may be beneficial in the

design and development of better gelatinase inhibitors in the future.

© 2020 Elsevier Masson SAS. All rights reserved.
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Exploring the structural aspects of ureido-amino acid-based
APN inhibitors: a validated comparative multi-QSAR
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ABSTRACT

The zinc-dependent enzyme aminopeptidase N (APN) is a member of
the M1 metalloenzyme family. The multi-functionality of APN as
a peptidase, a receptor and a signalling molecule has provided it
the access to influence a number of disease conditions namely viral
diseases, angiogenesis, cellular metastasis and invasion including
different cancer conditions. Hence, the development of potent APN
inhibitors is a possible route for the treatment of diseases related to
the activity of APN. In this study, different QSAR approaches have
been adopted to identify the structural features of a group of hydro-
xamate-based ureido-amino acid derivative APN inhibitors. This
study was able to identify different constitutional aspects of these
APN inhibitors which are important for their inhibitory potency.
Additionally, some of these observations were also aligned with the
observations of previously performed QSAR studies conducted on
different APN inhibitors. Therefore, the results of this study may help
to design potent and effective APN inhibitors in the future.
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Introduction

Aminopeptidase N/CD13 is one of the members of the type-II Zn2+ dependent transmem-

brane exopeptidase enzymes belonging to the M1 family of the MA clan of metalloprotei-

nases [1–5]. APN is frequently known as glunzicins and can be easily categorized due to the

consensus HEXXH sequence present in it [2,5]. It is also popular as aminopeptidase N because

of its ability to cleave the N-terminal amino acid residues from substrates [1,2,4]. Apart from

this, the multifunctional ability of APN/CD13 allows it to act as a receptor for viral endocytosis

and a signalling molecule for being a part of signal transduction. Therefore, it helps to

influence a number of pathophysiological and disease conditions [1,2,4,5].

The APN mediated terminal degradation of peptides is associated with the deactiva-

tion of neuropeptide hormones such as enkephalins and endorphins [1]. Moreover,

chemotactic peptides (MCP-1), angiotensin III (Ang-III) and kinins are associated with

APN as substrates. APN has been found to be involved in the processing of cell surface
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a b s t r a c t

Zinc-dependent ADAM17 takes part in a number of life-threatening conditions such as inflammatory

diseases, cancer, Alzheimer's disease and rheumatoid arthritis. Therefore, ADAM17 may be a valuable

target to design specific inhibitors for combating these diseases. In this scenario, it is a challenging task to

design specific ADAM17 inhibitors as none of the earlier investigated compounds has come into the

market as a potential drug candidate. Here, molecular modelling including 2D-QSAR, HQSAR, Bayesian

classification, pharmacophore mapping and molecular docking studies of arylsulfonamides were per-

formed to explore the structural and pharmacophoric requirements for exerting higher ADAM17

inhibitory activity. All these molecular modelling approaches were validated individually and these were

statistically significant and reliable. The bulky steric and hydrophobic P10 substituents at the para po-

sition of the arylsulfonamido moiety favoured ADAM17 inhibition that supported and validated by

molecular docking study. These crucial observations of arylsulfonamides may be considered for

designing higher effective ADAM17 inhibitors in future.

© 2019 Elsevier B.V. All rights reserved.

1. Introduction

A disintegrin and metalloproteinase 17 (ADAM17), a zinc-

dependant metalloenzyme, is a type I proteolytic enzyme

adhered to the cell membrane. It belongs to the adamlysin family of

protease enzymes under M12 subfamily of the subclan M under

metalloproteinase clan MA [1e3]. ADAM17 is found to be involved

in the shedding of several cytokines. The structural characterization

of ADAM17, also known as Tumour necrosis factor-a converting

enzyme (TACE), provides information about the large extracellular

region comprising a number of domains. The cystine switch motif

belongs to the prodomain regulates the activation and inactivation

of the enzyme through coordination with the catalytic Zn2þ ion of

the catalytic or metalloproteinase domain. The catalytic domain of

the enzyme consists of the catalytic zinc ion which is responsible

for the proteolysis. The catalytic domain also provides the specific

characteristics for the identification of the enzyme for being a

member of the metalloproteinase family. The presence of the dis-

integrin domain next to the catalytic domain is known as the

ectodomain having a C-shaped structure to increase the stiffness of

the ectodomain. The membrane proximal domain (MPD) adjacent

to the disintegrin domain supervises the enzymatic activity and

substrate binding [4,5]. The Conserved Adam Seventeen Dynamic

Interaction Sequence (CANDIS), a small amphiphilic helical region,

is observed between the MPD and the transmembrane region. The

CANDIS region assists the substrate recognition and substrate-

enzyme interaction [6]. A transmembrane region helps the pro-

tein to remain attached to the cell surface where the cytosolic re-

gion is located inside the cell cytosol [4,5,7]. This structural feature

of ADAM17 ectodomain resembles the structural characteristics of

some other metalloenzymes such as snake venom metal-

loproteinases (SVMs), ADAM-thrombospondin motifs (ADAM-TS),

membrane-typematrix metalloproteinases (MT-MMPs) andmatrix

metalloproteinases (MMPs) [5]. Structures of ADAM17 and

ADAM10 ectodomains are almost identical to each other whereas

the metalloproteinase domain of ADAM17 resembles with SVM,

MT-MMP, MMPs and ADAM-TS that might explain the inhibition of

* Corresponding author.

E-mail address: tjupharm@yahoo.com (T. Jha).
1 Authors have equal contribution.
2 Present Address: School of Pharmaceutical Technology, ADAMAS University,

Barasat-Barrackpore Road, P. O. Jagannathpur, Kolkata e 700126, West Bengal,

India.

Contents lists available at ScienceDirect

Journal of Molecular Structure

journal homepage: http : / /www.elsevier .com/locate/molstruc

https://doi.org/10.1016/j.molstruc.2019.02.081

0022-2860/© 2019 Elsevier B.V. All rights reserved.

Journal of Molecular Structure 1185 (2019) 128e142

mailto:tjupharm@yahoo.com
http://crossmark.crossref.org/dialog/?doi=10.1016/j.molstruc.2019.02.081&domain=pdf
www.sciencedirect.com/science/journal/00222860
http://www.elsevier.com/locate/molstruc
https://doi.org/10.1016/j.molstruc.2019.02.081
https://doi.org/10.1016/j.molstruc.2019.02.081
https://doi.org/10.1016/j.molstruc.2019.02.081


In: Advances in Studies on Enzyme Inhibitors as Drugs. Volume 2 ISBN: 978-1-53610-505-6 

Editor: Satya P. Gupta © 2017 Nova Science Publishers, Inc. 

 

 

 

 

 

 

Chapter 6  

 

 

 

DESIGN AND DEVELOPMENT OF MATRIX 

METALLOPROTEINASE INHIBITORS CONTAINING 

ZINC-BINDING GROUPS, WITHOUT ZINC-BINDING 

GROUPS, AND MECHANISM-BASED 
 

 

Nilanjan Adhikari1, Sandip Kumar Baidya1,  

Achintya Saha2, Nahid Ali3 and Tarun Jha1,* 
1Natural Science Laboratory, Division of Medicinal and Pharmaceutical Chemistry, 

Department of Pharmaceutical Technology,  

Jadavpur University, Kolkata, India 
2Department of Chemical Technology,  

University of Calcutta, Kolkata, India 
3Infectious Diseases and Immunology Division,  

Council of Scientific and Industrial Research-Indian  

Institute of Chemical Biology, Kolkata, West Bengal, India 

 

 

ABSTRACT 

 

Zinc metalloenzymes are ubiquitous in nature and are found in animals, plants and 

microbial organisms. Among different metalloenzymes, only the zinc-dependent matrix 

metalloproteinases (MMPs) have been widely studied and their potential inhibitors 

(MMPIs) have been mostly related to the chemicals that contain some zinc-binding group 

(ZBG). This chapter presents the design and discovery of important zinc-binding group 

containing MMPIs. Additionally, there also have been some MMPIs that do not contain 

any ZBG or those whose action is mechanism-based. This chapter presents an account of 

such inhibitors also along with their modes of action. 
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