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Preface 

Cancer is a pervasive disease that has affected millions of people worldwide, as it is one of the 

leading causes of death. It is characterised by the body's cells growing abnormally, which can 

result in tumours or invade other tissues. Cancer is a complex and difficult disease to 

comprehend and cure since it can manifest in any place of the body and take many different 

forms. Furthermore, cancer patients need expensive and difficult therapies, endangering our 

economy and society. 

There are several factors like genetics and environmental factors that may work together for 

the development and spread of cancer. These risk factors include tobacco or alcohol, being 

exposed to toxic substances or radiation, having chronic inflammation, having inherited gene 

mutations, having certain infections, having hormonal abnormalities, and leading an unhealthy 

lifestyle. It’s crucial to remember that not everyone with risk factors will get cancer, and some 

people may have cancer without having any observable risk factors. 

Matrix metalloproteinase-12 (MMP-12), referred to as macrophage elastase, is an enzyme that 

plays a significant role in various physiological and pathological conditions, like chronic 

obstructive pulmonary disease (COPD), emphysema, asthma, skin diseases, arthritis, vascular 

diseases such as atherosclerosis and aneurysms, and neurological diseases such as spinal cord 

injury (SCI), multiple sclerosis (MS), intracerebral hemorrhage (ICH), and ischemic stroke and 

cancer. While MMP-12 is primarily associated with tissue remodelling and repair, its 

deregulation has been implicated in cancer progression and metastasis. Here, we'll look at how 

selective MMP-12 inhibitors can be used to treat various malignancies and disorders that are 

related to them. 

 The majority of the MMP-12 inhibitors have three important pharmacophoric properties in 

common, which includes a zinc binding group, a hydrophobic moiety and a hydrogen bond 

doner and acceptor group. Among these three properties the zinc-binding group is crucial for 

anchoring the inhibitor to the active site and blocking the enzymatic activity of MMP-12    

The use of quantitative structure-activity relationship (QSAR) and quantitative structure-

property relationship (QSPR) studies are one of the most used statistical techniques to the 

biological properties of a molecule from the known chemical structure. The utilization of
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 QSAR/QSPR is often employed in the early drug developement processes such as lead 

discovering and lead optimization. Additionally, they have been employed in screening and 

enrichment processes to find compounds that are hazardous or non-druglike substances. 

Specific MMP-12 inhibitors with dibenzofuran and dibenzothiophene moiety have been 

investigated in order to shed insight on these and maybe contribute to the development of a 

therapeutic treatment. In this study, a series of potential MMP-12 inhibitors were subjected to 

a combined inter-validatory ligand-based QSAR and structure-based molecular modelling 

study to determine the key structural components and how they affect these compounds' ability 

to inhibit MMP-12. 

 

-------------------------------------- 

                                                                                              (Jigme Sangay Dorjay Tamang)
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According to the World Health Organization (WHO) cancer is one of the fastest 

growing diseases. Every tissue in the body has the possibility to grow into some form of cancer. 

Cancer affects one out of every five men and six women [1-2]. Among all these cases, Lung 

cancer is the 2nd most common cancer around 2.2 million new cases worldwide and around 1 

million deaths as represented in Figure 1 [3]. Globally lung cancer death by smoking is around 

80% whereas the other factors include exposure to air pollution and person having a lung cancer 

history [4]. Small cell lung cancer (SCLC) and non-small cell lung cancer (NSCLC) are the 

two main kinds of lung cancer, out of which 86% of the lung cancer comprises of NSCLC. 

They can be divided into subgroups type’s squamous cell carcinoma 30%, large scale 

carcinoma 10%, and adenocarcinoma 50% [3]. The treatment of lung cancer mainly consists 

of a combination of different methods like chemotherapy, immunotherapy, radiotherapy, target 

therapy and surgical resection [5]. 

 

Figure 1: Cancer related death in male and female. 

 The Matrix metalloproteinase (MMPs) are calcium and Zn2+ dependent proteolytic enzymes 

involved in physiological and pathological processes in humans [6]. Although earlier studies 

revealed that these MMPs had little activity against extracellular matrix (ECM), it was later 

found that these enzymes were involved in processes other than ECM breakdown [6]. Pro-

peptide sequences, catalytic metalloproteinase domains with catalytic Zn2+ ions, hinge 

portions or linker peptides, and hemopexin domains are among the typical structural 

components of MMPs.[7]. These MMPs are implicated in a wide range of pathophysiological 

conditions, including arthritis, cancer, neurological disorders, cardiovascular disease, etc. This 

protease family consists of 26 members and is further split into six subclasses based on 

structural and functional characteristics. These subclasses include membrane-type MMPs, 

collagenases, gelatinases, stromelysin, matrilysin, and other types of MMPs [8]. Matrix 
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metalloproteinase-12 (MMP-12) is a peptidase from the M10 subfamily of the matrix 

metalloproteinase (MMP) family that is found on chromosome 11q22 [9]. MMP-12, also 

known as macrophage metalloelastase, was initially identified as a kind of metalloproteinase 

produced as a result of an inflammatory response in 1975.[10].  The human MMP-12 that is in 

its inactive form consists of 54kDa protein and then after the loss N-terminal residue it 

generates around 45kDa form and then only 22kDa is obtained as the active form due to loss 

C- terminal residues [11]. MMP-12, however has a controversial role in the development of 

cancer even though MMPs are known to promote tumor formation.[12]. Additionally, lung 

tumor growth acts by cleaving with elastin, which is produced by activated macrophages that 

are typically present in lung illnesses like chronic obstructive pulmonary disease (COPD) and 

emphysema [13]. There is relatively little information available on how the immune response 

may affect someone with COPD since it might lead to lung cancer [14]. MMP-12 is associated 

with lungs as the pro-inflammation allergen in chronic airway remodelling, ECM degradation 

that involves emphysema, asthma, and lung cancer [12]. Only few people who smoke heavily 

acquire cancer despite the enormous mutational load that accumulates in their lung tissue.[14]. 

The expression of MMP-12 has been observed in other types of cancer such as 

adamantinomatous craniopharyngioma (ACP), colorectal cancer, gastric cancer and liver 

cancer [10]. Due to its numerous associations with cancer and pathophysiological diseases, 

MMP-12 has gained attention as a possible target for therapeutic improvements. 

To predict a molecule's biological qualities from its known chemical structure, statistical 

techniques like quantitative structure-activity relationship (QSAR) and quantitative structure-

property relationship (QSPR) studies have been utilised [15-16]. 

Drug discovery procedures like lead discovery and lead development optimization frequently 

make use of QSAR/QSPR. Additionally, they have been employed as screening and 

enrichment methods to find toxic substances and non-drug-like substances.[17]. 

These may be clarified by specific MMP-12 inhibitors, which may also help in the 

developement of a novel treatment [18]. As a result, a series of compounds having MMP-12 

inhibitory activity were put through combined inter-validatory ligand-based and structure-

based QSAR molecular modelling studies to determine the key structural attributes and their 

impact on the MMP-12 inhibitory activity. 
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1.1 Classification of MMPs 

Based on the substrate specificity of MMPs, six major classes have been identified.. These are 

collagenase, gelatinase, stromelysin, matrilysin, membrane type and other type MMP [19]. The 

detailed classification of the MMPs has been given in Table 1.   

 

Table 1: Classification of MMPs 

 Sub-types MMP 
No 

Chromosome  MW kDa 
pro/active 

Domain  

Collagenase      

Interstitial 

collagenase 

MMP-1 11q22.3 55/45 Signal peptide, pro domain, catalytic, Hemopexine-

like 

Neutrophil-

collagenase 

MMP-8 11q22.3 75/55 Signal peptide, pro domain, catalytic, hemopexin-like 

Collagenase-3 MMP-

13 

11q22.3 60/48 Signal peptide, pro domain, catalytic, hemopexin-like 

Collagenase-4 MMP-

18 

12q14 70/53 Signal peptide, pro domain, catalytic, hemopexin-like 

     

Gelatinases      

Gelatinase-A MMP-2 16q13-21 72/63 Signal peptide, pro domain, catalytic, hemopexin-like, 

fibronectin 

Gelatinase-B  MMP-9 20q11.2-

q13.1 

92/86 Signal peptide, pro domain, catalytic, hemopexin-like, 

fibronectin 

     

Matrilysins      

Matrilysin-1 MMP-7 11q-q22 29/20 Signal peptide, pro domain, catalytic 

Matrilysin -2/ 

Endometase  

MMP-

26 

11p15 28/19 Signal peptide, pro domain, catalytic 

     

Stromelysins     

Stromelysin-1 MMP-3 11q22.3 57/45 Signal peptide, pro domain, catalytic, hemopexin-like 

Stromelysin-2 MMP-

10 

11q22.3 57/44 Signal peptide, pro domain, catalytic, hemopexin-like 
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➢ Collagenases  

Collagenases consist of four subgroups that are Interstailial collageneses (MMP-1), Nutrophil-

collagenases (MMP-8), Collagenases-3 (MMP-13) and Collagenases-4 (MMP-18). These have 

an ability to cleave with the triple helix into characteristics 3/4 and 1/4 fragments. The other 

Stromelysin-3 MMP-

11 

22q11.23 51/44 Signal peptide, pro domain, catalytic, hemopexin-like 

     

Membrane 

type 

    

MT1-MMP MMP-

14  

14q11-q12 66/56 Signal peptide, pro domain, catalytic, hemopexin-like, 

type 1 transmembrane, cytoplasmic 

MT2-MMP MMP-

15 

16q13-q21 72/50 Signal peptide, pro domain, catalytic, hemopexin-like, 

type 1 transmembrane, cytoplasmic 

MT3-MMP MMP-

16 

8q21 64/52 Signal peptide, pro domain, catalytic, hemopexin-like, 

type 1 transmembrane, cytoplasmic 

MT4-MMP MMP-

17 

12q24.3 57/53 Signal peptide, pro domain, catalytic, hemopexin-like, 

GPI anchor 

MT5-MMP MMP-

24 

20q11.2 57/53 Signal peptide, pro domain, catalytic, hemopexin-like, 

type 1 transmembrane, cytoplasmic 

MT6-MMP MMP-

25 

16p13.3 25-34/28 Signal peptide, pro domain, catalytic, hemopexin-like, 

GPI anchor 

     

Others     

Macrophage 

metallo 

elastase 

MMP-

12 

11q22.2-

q22.3 

54/45-22 Signal peptide, pro domain, catalytic, hemopexin-like 

RASI-1 MMP-

19 

12q14 54/45 Signal peptide, pro domain, catalytic, hemopexin-like 

Enamelysin MMP-

20 

11q22.3 54/22 Signal peptide, pro domain, catalytic, hemopexin-like 

XMMP from 

Xenopus 

MMP-

21 

11q24 62/49 Signal peptide, pro domain, catalytic, hemopexin-like 

CMMP from 

chicken 

MMP-

23 

1p36.3 28/19 Signal peptide, pro domain, catalytic, cysteine array 

region, IgG-like domain 
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function of the collagenases is to proteolytically process the ECM proteins and number of 

bioactive molecules such as interleukin-8 (IL-8), protumor necrosis factor (TNFα), protease-

activated receptor-1, and several insulin-like growth factor binding proteins (IGFBPs) [19-20]  

➢ Gelatinases  

The gelatinases have been subdivided into gelatinase-A (MMP-2) and gelatinase-B (MMP-9).  

The fibronectin domain located inside the catalytic domain present in the MMPs allows binding 

and denaturation of the collagen and gelatin. The key role of these enzymes is the remodelling 

of collagenous ECM, due to which they degrade of most of the molecules such as collagens 

type I, IV, V VII, X, IX fibronectin, aggrecan, vitronectin, laminin, which also includes 

nonECM molecules and pro-TNFα [20].  

➢ Stromelysins  

Stromelysins are subdivided into two groups stromelysin-1 (MMP-3) and stromelysin-2 

(MMP-10). It was observed that they have similar structural design as collagenases that can  

degrade many ECM components but cannot cleave with the native collagens. Stromelysins can 

remove the propeptide domain of the three procollageases by the activation pro MMP. The 

other subtype of stromelysins known as stromelysin-3 (MMP-11) has similar structural features 

as stromelysin 1 and 2 but has been divided into different subtype due to some additional 

features [20-22].   

➢ Matrilysins 

Matrilysins are also subdivided into two categories that are matrilysin-1 (MMP-7) and 

matrilysin-2 (MMP-26). They are expressed in different pathological conditions under normal 

circumstances and have been involved in the progression of different types of cancer. They are 

known to degrade ECM molecules like laminin, type IV collagen, entactin and non-ECM 

molecules and promote embryo implantation and remodelling of postpartum uterus [20].     

➢ Membrane type MMPs (MT-MMPs) 

There are around six subtypes of membrane-type metalloproteinases (MT-MMPs) in the   MMP 

family. They are usually designated as MT1-MMP (MMP-14), MT2-MMP (MMP-15), MT3-

MMP (MMP-16), MT4-MMP (MMP-17), MT5-MMP (MMP-24) and MT6-MMP (MMP-26) 

[23]. All MT-MMP have a transmembrane domain, but they are mainly differed by two major 

features: MT1-, MT2-, MT3-, and MT5-MMP have a short cytoplasmic tail, while MT4- and 

MT6-MMP have a glycosylphosphatidyl inositol anchor. [24]. However, several in-vivo and 

in-vitro studies illustrated the role of MT-MMPs in promoting cell migration, invasion, 

experimental metastasis, angiogenesis for the development of various forms of cancer [25].  

➢ Other MMPs 



15 
 

In the case of other MMPs, which includes MMP-9, MMP-12, MMP-19, MMP-20, MMP-21 

and MMP-23, only MMP-12 is the most widely studied MMP [19]. MMP-12 is known to be 

expressed by lung stromal cells. MMP-12 expression rises when macrophages are activated 

traditionally with LPS and considerably more so when they are activated alternatively by IL-

4, whereas in the case of MMP-19, they are expressed by monocytes, macrophages, fibroblasts 

and endothelial cells which depends on the ERK1/2 and p38 signalling pathways [26]. Out of 

all these MMPs, MMP-20 was initially cloned from porcine enamel organ and from human 

odontoblasts which belongs to the gene family. Their overexpression may also lead to different 

types of cancer like pancreatic ductal carcinoma laryngeal squamous cell carcinoma [27]. In 

the case of MMP-21 and MMP-23 both are cloned, where MMP-21 has been cloned from 

placenta DNA and MMP-23 has been cloned from an ovary cDNA library. There are very few 

studies that have been associated with these MMPs specifically [28-29]. 

Structure of MMP-12 enzyme 

MMPs consists of a zinc-binding sequence like HExxHxxGxxH/D due to which they have been 

categorized within the metzincin superfamily, they also called as Met-turn due to an invariant 

methionine-containing 1,4-b-turn [30]. All the MMPs including MMP-12 consist of three 

domains that are the N-terminal propeptide domain, the protease or the catalytic domain and 

the C-terminal, hemopexin-like domain that has a molecular mass of 54 kDa. Whereas, in the 

case of MMP-12, stromelysin-1 (MMP-13) and interstitial collagenase (MMP-1) they are the 

most closely related to MMP-12 as it has 49% similarity. The domain 1 consists of an N-

terminal proenzyme having a mass of 9 kDa including a short signalling peptide and highly 

conserved cysteine residue with a proenzyme that coordinates the zinc. The domain II consists 

of the catalytic domain with a molecular mass of 22 kDa that consist of the zinc-binding 

HExxHxxGxxH sequence motif. Domain III consists of a C-terminal (hemopexin-like) that has 

a molecular mass of 23 kDa which exhibits sequence homology to vitronectin and hemopexin 

represented in Figure 2 [31-32].  
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Figure 2: Classification of MMPs based on structural domain. 

Structural Similarity of MMP-12 in comparison with other MMPs 

When compared to the structure of MMP-12 with other MMPs, they have similar 3D structures, 

but the main difference occurs in the size of the S1-pocket mainly due to the sequence 

variability and the length S1-loop and the position of the amino acids. For MMP-1 and MMP-

7 they have large residues like arginine and tyrosine due to which their pocket size is small and 

closed. In the case of MMP-3, MMP-8 and MMP-13 the pocket size is much larger as it has 

only leucine residue [33]. MMP-12 S1-loop is similar to that of MMP-8 as both of them have 

similar one helical turn at residues D244-F248, but whereas, in respect to 3D shape and S1-

pocket pocket they are very similar to MMP-3 and MMP-13 [34]. 
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Activation of MMP-12 

It has been well established that MMPs play a vital role in many levels of in-vivo regulation. 

Initially, MMPs are secreted in the extracellular environment as a proenzyme which is inactive 

or in a dormant state and later it is activated subsequently by proteolytic removal of the 

propeptide [31]. The mechanism by which the activation of the proMMPs by in vivo method 

is still not clear [35]. However, the activation of the proMMP-12 can be done by various factors 

such as organomercurials, serine proteinases, acid exposure and hypochlorous acid. Several 

studies have demonstrated the activation of active MMPs intermolecular from proMMPs [36]. 

There are several physiological activators, including plasmain, plasma kallikrein, neutrophil 

elastase, and cathepsin G [37]. According to the research on the biochemistry of the activation 

process, pro-MMPs have the ability to change its conformation that may result in the self-

cleavage of the roughly 80 N-terminal amino acids [35]. Prior to the ultimate cleavage of the 

remaining propeptide, which necessitates a major rearrangement of the enzyme's structural 

elements, it was found that initial proteolysis of the residues between the α-helx and 

destabilisation of the Cys-Zn connection had an influence on the activation of MMPs [38]. In 

the case of MMP-12 proenzyme that has a molecular weight of 54 kDa which consists of three 

domains the N-terminal propeptide domain, the catalytic domain and the C-terminal, 

hemopexin like domain is activated, after activation it loses its N-terminal domain and forms a 

45 kDa enzyme. In the end, it loses the C-terminal domain that has a molecular mass of 23 kDa 

and forms the 22 kDa active MMP-12 the activation process has been represented in Figure 3 

[35-39]. 
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Figure 3. Activation of MMP-12 

Crystal structure of MMP-12 inhibitors  

The crystal structure of MMPs has been divided into a different class of MMP inhibitors that 

includes hydroxamic acids, phosphinic acids and thiols. There are around 85 MMP-12 crystal 

structures that have been derived from humans and bacteria. These crystal structures were 

mainly identified by using two methods: X-ray chrystallography and NMR-solution. The 

crystals that have been discovered to date have been represented in Table 2. The crystal 

structure is very important as it helps in the designing of disease-specific selective MMP-12 

inhibitors by identifying the active site in the protein structure.  

 

Table 2: Crystal structure of MMP-12 inhibitors. 

PDB 

ID 

Method  Sequence 

length   

Organism  Ligand Binding 

affinity 

Reference           

1OS2/1

OS9 

X-RAY 

Diffraction  

165 Homo 

sapiens  

Acetohydroxamic acid     -- [40] 

1JIZ X-RAY 

Diffraction  

166 Homo 

sapiens  

N-Hydroxy-2(R)-[[(4-

Methoxyphenyl)Sulfonyl](3-

Picolyl)Amino]-3-

Methylbutanamidehydrochloride 

IC50=2 nM [35] 
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1JK3 X-RAY 

Diffraction  

158 Homo 

sapiens  

4-(N-Hydroxy Amino)-2R-Isobutyl-

2S-(2-Thienylthiomethyl)Succinyl-

L-Phenylalanine-N-Methylamide 

    -- [41] 

1RMZ X-RAY 

Diffraction  

159 Homo 

sapiens 

N-isobutyl-N-[4-

Methoxyphenylsulfonyl]Glycyl 

Hydroxamic Acid 

Ki=4.3 nM [42] 

1ROS X-RAY 

Diffraction  

163 Homo 

sapiens  

[2-(1,3-Dioxo-1,3-Dihydro-2H-

Isoindol-2-yl)Ethyl]-4-(4'-Ethoxy-

1,1'-Biphenyl-4-YL)-4-Oxobutanoic 

Acid 

IC50=1.7 

nM 

[43] 

1YCM  X-RAY 

Diffraction  

159 Homo 

sapiens  

N-Isobutyl-N-[4-

methoxyphenylsulfonyl]glycyl 

hydroxamic acid 

Ki=4.3 nM [42] 

1UTT X-RAY 

Diffraction  

159 Homo 

sapiens  

2-(1,3-Dioxo-1,3-Dihydro-2H-

Isoindol-2-yl) Ethyl-4-(4'-Ethoxy 

[1,1'-Biphenyl]-4-YL)-4-

Oxobutanoic Acid 

IC50=2400

0 

nM 

[42] 

1UTZ X-RAY 

Diffraction  

159 Homo 

sapiens  

(2R)-3-({[4-[(Pyridin-4-yl)Phenyl]-

Thien-2-

yl}Carboxamido)(Phenyl)Propanoic 

acid 

 

IC50=14 

nM 

[42`] 

1Y93 X-RAY 

Diffraction  

159 Homo 

sapiens  

 Kd=80000

00 

 nM 

[42] 

1Z3J X-RAY 

Diffraction  

159 Homo 

sapiens  

N-isobutyl-N-4-

Methoxyphenylsulfonyl]Glycyl 

Hydroxamic Acid 

Ki=4.3 nM [42] 

2HU6 X-RAY 

Diffraction  

159 Homo 

sapiens  

(1S,5S,7R)-N-7-(Biphenyl-4-yl 

Methyl)-N-3-Hydroxy-6,8-Dioxa-3-

Azabicyclo[3.2.1]Octane-3,7-

Dicarboxamide 

IC50=1490

00 nM 

[44] 

2JXY NMR 

solution  

194 Homo 

sapiens  

--      -- [45] 

2KRJ  NMR 

solid-state 

152 Homo 

sapiens  

--      -- [46] 

2K9C NMR 

solution  

152 Homo 

sapiens  

--    -- [47] 

2K2G NMR 

solution  

165 Homo 

sapiens 

N-(Dibenzo[b,d]Thiophen-3-yl 

Sulfonyl)-L-Valine 

Kd=7.4 

nM 

[48] 
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2MLR  NMR 

solution  

164 Homo 

sapiens  

1,2-DimyristoyL-sn-Glycero-3-

Phosphocholine 

     --  [49] 

2MLS NMR 

solution 

164 Homo 

sapiens  

1,2-Dimyristoyl-sn-Glycero-3-

Phosphocholine 

     -- [49] 

2N8R NMR 

solution  

164 Homo 

sapiens  

                          --      -- [50] 

2OXU X-RAY 

Diffraction 

159 Homo 

sapiens  

                          --      -- [51] 

2OXW X-RAY 

Diffraction 

159 Homo 

sapiens  

                          --        -- [51]  

2OXZ X-RAY 

Diffraction  

159 Homo 

sapiens 

                         --       -- [51]  

2POJ  NMR 

solution  

164 Homo 

sapiens  

                          --      -- [52] 

2WO8 X-RAY 

Diffraction  

164 Homo 

sapiens  

Beta Hydroxy Carboxylic Acid IC50=520 

nM 

[53] 

2WO9 X-RAY 

Diffraction  

164 Homo 

sapiens  

Beta Hydroxy Carboxylic Acid 

 

IC50=62 

nM 

[53] 

2WOA X-RAY 

Diffraction 

164 Homo 

sapiens  

Beta Hydroxy Carboxylic Acid 

 

IC50=1150 

nM 

[53] 

2W0D X-RAY 

Diffraction  

164 Homo 

sapiens  

N-Hydroxy-2(R)-[[(4-

Methoxyphenyl)Sulfonyl](3-

Picolyl)Amino]-3-

Methylbutanamide Hydrochloride 

IC50=2 nM [54] 

3BA0 X-RAY 

Diffraction  

365 Homo 

sapiens  

Acetohydroxamic acid      -- [45] 

3EHX X-RAY 

Diffraction  

158 Homo 

sapiens  

I-2-(Biphenyl-4-yl Sulfonamido)-4-

Methylpentanoic Acid 

Ki=25 nM [55] 

3EHY X-RAY 

Diffraction  

158 Homo 

sapiens  

I-2-(4-

MethoxyphenylSulfonamido)Propan

oic Acid 

Ki= 1400 

nM 

[55] 

3F15 X-RAY 

Diffraction  

158 Homo 

sapiens 

2-[[(2S)-2,3-Dihydroxypropyl]-(4-

Methoxyphenyl)Sulfonyl-Amino]-

N-oxo-Ethanamide 

Kd=7.88  

nM 

[56] 

3F16 X-RAY 

Diffraction 

158 Homo 

sapiens 

(2R)-3-Hydroxy-2-[(4-

Methoxyphenyl)Sulfonylamino]-N-

oxo-Propanamide 

Kd=5.91  

nM   

[56] 
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3F17 X-RAY 

Diffraction  

158 Homo 

sapiens 

N-(2-Nitroso-2-Oxoethyl)Biphenyl-

4-Sulfonamide 

 

Ki=2 nM [56] 

3F18 X-RAY 

Diffraction 

158 Homo 

sapiens 

4-Fluoro-N-(2-Hydroxyethyl)-N-(2-

Nitroso-2-oxo 

Ethyl)Benzenesulfonamide 

 

Kd=39.5 

nM   

[56] 

3F19 X-RAY 

Diffraction  

158 Homo 

sapiens  

4-Fluoro-N-(2-Nitroso-2-

Oxoethyl)Benzenesulfonamide 

Kd=65.1 

nM 

[56] 

3F1A X-RAY 

Diffraction  

158 Homo 

sapiens  

N-(2-Nitroso-2-

Oxoethyl)Benzenesulfonamide 

Kd=61.1 

nM 

[56] 

3LIK X-RAY 

Diffraction  

159 Homo 

sapiens  

Non-Zinc Chelating Inhibitor Ki=1.92 

nM 

[57] 

3LIL X-RAY 

Diffraction  

159 Homo 

sapiens  

Non-Zinc Chelating Inhibitor Ki=8.3 nM [57] 

3LIR X-RAY 

Diffraction  

159 Homo 

sapiens  

Non-Zinc Chelating Inhibitor Ki=119 

nM   

[57] 

3LJG X-RAY 

Diffraction  

159 Homo 

sapiens  

Non-Zinc Chelating Inhibitor Ki=18.6 

nM 

[57] 

3LKA  X-RAY 

Diffraction  

158 Homo 

sapiens  

Hydroxamic Acid and Paramethoxy-

Sulfonyl Amide 

Ki= 

1500000  

nM 

[58] 

3LK8 X-RAY 

Diffraction  

158 Homo 

sapiens  

N-hydroxy-N-2-[(4-

Methoxyphenyl)Sulfonyl]Glycinami

de 

Ki=20 nM [56] 

3N2U X-RAY 

Diffraction  

158 Homo 

sapiens  

N-Hydroxy-2-{[(4-

Methoxyphenyl)Sulfonyl](2-

{[(2R,3R,4S,5S,6R)-3,4,5-

Trihydroxy-6-

(Hydroxymethyl)Tetrahydro-2H-

Pyran-2-

yl]oxy}Ethyl)Amino}Acetamide 

Ki=14.3 

nM 

[59] 

3N2V  X-RAY 

Diffraction  

158 Homo 

sapiens  

N-hydroxy-2-(N-

Hydroxyethyl)Biphenyl-4-

ylSulfonamido)Acetamide 

 

Ki= 31 nM [59] 

3NX7 X-RAY 

Diffraction  

158 Homo 

sapiens  

N-Hydroxy-2-(N-(2-

Hydroxyethyl)4-

Methoxyphenylsulfonamido)Acetam

ide 

Ki=7.6 nM [56] 
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3RTS X-RAY 

Diffraction  

158 Homo 

sapiens  

N-Hydroxy-N-2-[(2-Phenylethyl) 

Sulfonyl]Glycinamide 

Ki=23 nM [60] 

3RTT X-RAY 

Diffraction 

158 Homo 

sapiens  

N-hydroxy-1-[(2-

Phenylethyl)Sulfonyl]-D-

Prolinamide 

Ki=16 nM [60] 

3TS4 X-RAY 

Diffraction  

159 Homo 

sapiens  

L-Glutamate Motif Inhibitor 

 

Ki=1.9 nM  [61] 

3TSK X-RAY 

Diffraction 

159 Homo 

sapiens  

L-Glutamate Motif Inhibitor 

 

Ki=317 

nM 

[61] 

4ESF X-RAY 

Diffraction 

159 Homo 

sapiens  

L-Glutamate Motif Inhibitor 

 

Ki = 2.5 

nM 

[61] 

4GQL  X-RAY 

Diffraction  

159 Homo 

sapiens  

RXP470.1 Ki=0.26 

nM 

[61] 

4GR0 X-RAY 

Diffraction  

159 Homo 

sapiens 

RXP470B Ki=0.28 [62] 

4GR3 X-RAY 

Diffraction 

159 Homo 

sapiens  

RXP470A  Ki=15.5 

nM 

[62] 

4GR8 X-RAY 

Diffraction 

152 Homo 

sapiens  

RXP470C Ki=14.7 

nM 

[62] 

4H30 X-RAY 

Diffraction  

159 Homo 

sapiens  

--       -- [63] 

4H49 X-RAY 

Diffraction 

159 Homo 

sapiens  

--    -- [63] 

4H76 X-RAY 

Diffraction  

159 Homo 

sapiens  

Hydroxamate Inhibitors      -- [63] 

4H84 X-RAY 

Diffraction  

159 Homo 

sapiens  

Carboxylate Based Inhibitors      -- [63] 

4IJO X-RAY 

Diffraction 

158 Homo 

sapiens  

                            --       -- [64] 

4I03 X-RAY 

Diffraction 

159 Homo 

sapiens  

PEG-linked Bifunctional L-

Glutamate Motif 

     -- [63] 

4EFS X-RAY 

Diffraction  

159 Homo 

sapiens  

L-Glutamate Motif Inhibitor 

 

IC50=2.5 

nM 

[60] 

5CXA X-RAY 

Diffraction  

159 Homo 

sapiens  

RXP470       -- [65] 

5CZM X-RAY 

Diffraction  

159 Homo 

sapiens  

N-[(2s)-3-[(s)-(4-

Bromophenyl)(Hydroxy)Phosphoryl

Ki=0.19-

0.26 nM 

[65] 
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]-2-{[3-(3'-Chlorobiphenyl-4-yl)-

1,2-Oxazol-5-

yl]Methyl}Propanoyl]-l-Alpha-

Glutamyl-l-Alpha-Glutamine 

5D2B X-RAY 

Diffraction  

159 Homo 

sapiens  

RXP470 

 

      -- [65] 

5D3C X-RAY 

Diffraction  

159 Homo 

sapiens  

N-[(2R)-2-{[3-(3'-Chlorobiphenyl-

4-yl)-1,2-Oxazol-5-yl]Methyl}-4-

(Hydroxyamino)-4-Oxobutanoyl]-L-

Alpha-Glutamyl-L-Alpha-

Glutamine 

       -- [65] 

5I0L X-RAY 

Diffraction  

159 Homo 

sapiens  

Sugar-Conjugated Arylsulfonamide 

Carboxylate Water-Soluble Inhibitor 

(DC27) 

IC50=18 

nM 

[66] 

5I4O X-RAY 

Diffraction  

159 Homo 

sapiens  

N-({1-[2-(Acetylamino)-2-Deoxy-

Beta-D-Glucopyranosyl]-1H-1,2,3-

Triazol-4-yl}Methyl)-N-[([1,1'-

Biphenyl]-4-yl)sulfonyl]-D-Valine

  

      -- [66] 

5I2Z X-RAY 

Diffraction  

159 Homo 

sapiens  

Sugar-conjugated Triazole-linked 

Carboxylate Chelating Water-

Soluble Inhibitor (DC24). 

      -- [66] 

5I3M X-RAY 

Diffraction  

159 Homo 

sapiens  

Sugar-conjugated thiourea-linked 

Carboxylate Zinc-Chelator Water-

Soluble Inhibitor (DC31) 

    -- [66] 

5I43 X-RAY 

Diffraction  

159 Homo 

sapiens  

sugar-conjugated triazole-linked 

carboxylate chelator water-soluble 

inhibitor (DC32) 

     -- [66] 

5LAB X-RAY 

Diffraction  

159 Homo 

sapiens  

N-Isobutyl-N-[4-

Methoxyphenylsulfonyl]Glycyl 

Hydroxamic Acid 

Ki=4.3 nM  [67] 

5L79 X-RAY 

Diffraction  

159 Homo 

sapiens  

RXP470.1 Conjugated with 

Fluorophore Cy5,5 in space group 

P21212. 

 

Ki=0.26 

nM 

[68] 

5L7F X-RAY 

Diffraction  

159 Homo 

sapiens  

K421A I complex RXP470.1 

conjugated with Fluorophore Cy5,5 

in space group P21 

 

Ki=0.19-

0.26 nM 

[68] 
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1.2 Role of MMP-12 in cancer  

It is established that most of the MMPs are degrading the extracellular matrix as it is the root 

cause for the acceleration of the cancer progression [73]. Numerous studies have shown that 

MMPs are essential for the growth of various forms of tumor invasion and metastasis.. Matrix 

metalloproteinase-12 also known as matrix metalloelastase has the ability to degrade 

plasminogen into angiostatin, as it can stop tumor angiogenesis [74-75]. Among the different 

types of MMPs, MMP-2 has high significant as it has a direct relation to cancer pathogenesis. 

Other MMPs such as MMP-8, -9, -12, and -14 act as anti-targets of cancer means their 

inactivation by exogenous compounds causes cancer [29]. All the MMPs have come under the 

consideration of gelatinase enzyme possess a Zn2+ ion as metallic atom MMP degrade the 

extracellular matrix which is composed of two types of sugar says glycosaminoglycan and 

proteoglycan as well as three types of proteins fibronectin, collagenase, and elastase by 

5N5J X-RAY 

Diffraction  

158 Homo 

sapiens  

3-(5-(1,2-Dithiolan-3-

yl)Pentanamido)Propane-1-

Sulfonate 

    -- [69] 

5N5K X-RAY 

Diffraction  

156 Homo 

sapiens 

5-(1,2-Dithiolan-3-yl)-N-(3-

Hydroxypropyl)Pentanamide 

    -- [69] 

6RD0 X-RAY 

Diffraction  

159 Homo 

sapiens  

AP280 Ki= 

1.7700 nM 

[70] 

6ENM  X-RAY 

Diffraction  

159 Homo 

sapiens  

LP168 IC50=4.8 

nM  

[71] 

6EOX X-RAY 

Diffraction  

159 Homo 

sapiens  

LP165 IC50= 140-

170 nM 

[71] 

6EKN X-RAY 

Diffraction  

159 Homo 

sapiens  

BE7 IC50=510 

nM 

[71] 

6ELA X-RAY 

Diffraction  

159 Homo 

sapiens  

BE4 IC50=26 

nM 

[71] 

6RLY X-RAY 

Diffraction  

159 Homo 

sapiens  

AP316 Ki= 17500 

nM 

[70] 

7OVY X-RAY 

Diffraction  

159 Homo 

sapiens  

JG34        -- [69] 

8B2N X-RAY 

Diffraction  

158 Homo 

sapiens,  

Tannerella 

forsythia 

--        -- [72] 
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degradation of the extracellular matrix of vascular endothelial cells of blood vessel [30]. MMP-

12 has been proven to be one of the most efficient angiostatin-producing MMPs [76]. The 

expression of MMP-12 has also been associated with different types of cancer like 

hepatocellular carcinoma (HCC), colorectal carcinoma, pancreatic cancer, non-small cell lung 

cancer (NSCLC), renal cell carcinoma, skin cancer and vulva carcinoma [77]. There has been 

numerous experiments that have been conducted on animal models mainly mice to point out 

how the expression of MMP-12 is linked with cancer. 

MMP-12 in hepatocellular carcinoma (HCC)  

Hepatocellular carcinoma (HCC) has one of the highest cancer-related deaths in the world and 

is the 6th most commonly diagnosed cancer. In vitro experiments have been conducted to find 

out the role of MMP-12 in HCC. Man et al., [78] reported an in-vitro experiment that had been 

conducted on rat liver transplantation model on the whole and small- for- size (50%) graft, to 

find out the molecular mechanism of tumour invasiveness. Using cDNA microarray analysis 

and quantitative RT-PCR study, gene signatures of acute phase graft damage (days 1 and 3) 

and late-phase tumour recurrence (days 14 and 21) were evaluated. The result indicated the 

overexpression of numerous inflammatory markers like CXCL10, IL-6 were present in the 

small-size graft. The RTPCR studies also confirmed that the CXCL10 was expressed not only 

in the early phases but also in the later phase. It was found that increased expression of these 

markers in tumor tissue of the small-for-size grafts in the late phase will not only increase 

macrophage infiltration, which has a direct impact on the tumor microenvironment but will 

also induce liver cancer cells to express invasion-related characteristics. Rivas et al., [77] 

studied the expression of human macrophage metalloelastase (HME) mRNA expression and 

angiotensin generation in HCC. The tissue of 40 patients with HCC who went under partial 

hepatectomy having tumorous and non-tumorous tissue was obtained. It was found that 25 out 

of 40 samples detected the presence of HME mRNA using the Northern blot hybridization, 

whereas western blot was used to find out the angiostatin expression and they were 

significantly linked with HME mRNA. The tumor tissue of the patient which did not show any 

signs of HME mRNA and angiostatin had a very low survival rate. Thus, MMP-12 may act as 

a predictive indicator and help in the survival of people suffering from HCC and may be 

targeted for designing inhibitors in the future.  
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MMP-12 in non–small cell lung cancer (NSCLC)   

Non-small cell lung cancer (NSCLC) is one of the most common types of cancer. There have 

been numerous cases where a number MMPs like the MMP-1, MMP-9, and MMP-12 have 

been related to NSCLC. Hofmann et al., [79] reported the expression of MMP-12 in NSCLC 

in human tissue, as they have performed numerous techniques like the DNA microarray 

techniques to find out the expression of MMPs in surgically treated NSCLC patients and then 

validated using RT-PCR and immunohistology. The test results revealed that, compared to non-

tumor cells, the expression of MMP-12 was very high in tumor cells, followed by the 

expression of other MMPs. Ellla et al., [80] performed a test for the indication of MMP-12 in 

human lung cancer using methods like tissue array and published non–small cell lung cancer 

gene expression database. The report indicated that the presence of a high level of MMP-12 

mRNA in NSCLC was the reason for the poor patient survival rate. 

MMP-12 in gastric cancer 

MMP-12 is known to enhance tumour invasion and metastasis in different types of cancer, so 

different types of in-vitro experiments have been conducted. In the case of squamous cell 

carcinoma in humans, it was detected that the expression of the MMP-12 both in-vivo and in-

vitro and the amount of MMP-12 expression level as well as the tumor progression was very 

high, but in the case of gastric cancer, the role of MMP-12 is still unknown [81]. Other methods 

like gene therapy, where there is the transfer of the MMP-12 gene has been observed for the 

treatment of different types of cancer in animal models may be used for the treatment of gastric 

cancer [75-77]. Zheng et al., [82] reported the investigation for the association of MMP-12 in 

gastric cancer. Two types of tissue were used normal and gastric cancer tissue and the 

expression of MMP-12 was obtained by histological staining. It was found that the MMP-12 

was one of the mediators associated with the progression of gastric cancer. It may also act as a 

diagnostic marker for patients suffering from gastric cancer.  

MMP-12 in colorectal carcinoma (CRC) 

Colorectal carcinoma (CRC) or colorectal cancer is the third and the fourth most common 

cancer in both males and females. With more than 1.9 million cases and 9,30,000 cancer-related 
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deaths recorded globally in 2020, it is one of the most prevalent human malignant neoplasms 

[84]. As of now, the most standard therapy for colorectal cancer is surgery, or in combination 

with chemotherapy is the only means for treatment, but this eventually led to recurrence and 

metastasis. Thus, it is very crucial to develop a new therapeutic target for CRC by exploring 

the molecular mechanism [84]. Nguyen et al., [85] detected a functional single nucleotide 

polymorphism (SNP) and they are -82A→G (rs2276109) and -77A→G (rs2252070) for MMP-

12 and MMP-13. They conducted a study on DNA extraction and genotype determination using 

the TaqMan system on 385 CRC patients as well as 619 control subjects. It was found out 

patients with MMP-12 (rs2276109) and MMP-13 (rs2252070) genotypes had a higher risk of 

having CRC. 

 MMP-12 in other diseases 

In many cases, it was observed that MMP-12 was expressed in mRNA and protein levels which 

depend on the state of cellular differentiation due to the absence of the monocytes. The diseases 

like (COPD), emphysema, asthma, skin diseases, arthritis, vascular diseases (atherosclerosis, 

aneurysms) and neurological diseases (spinal cord injury (SCI), multiple sclerosis (MS), 

Theiler murine encephalomyelitis, intracerebral hemorrhage (ICH), ischemic stroke) and many 

other diseases have shown the presence of MMP-12 during the clinical and experimental 

studies [86]. 

MMP-12 in chronic obstructive pulmonary diseases (COPD)  

In the case of chronic obstructive pulmonary disease (COPD), MMP-12 has been observed to 

play an important role in in-vitro studies that were conducted on alveolar macrophages 

represented in Figure 4. These studies indicated the positive sign of MMP-12 macrophage in 

both COPD and control samples [83]. The mechanism by which COPD releases MMP-12 is 

still unknown, but based on animal experiments, it may be caused due to lack of transforming 

growth factor 1 (TGF-1), an increase in interleukin-13 (IL-13), or a decrease in interferon-c 

(IFN-c) that has caused MMP-12 to be produced [87]. Demedts et al., [87] performed studies 

where induced sputum samples were collected from patients suffering from COPD (n = 28), 

healthy smokers (n = 14), never-smokers (n = 20), and former smokers (n = 14). The 

identification of the induced sputum was done using enzyme-linked immuno sorbent assay 

(ELISA), whereas fluorescence quenched substrate that is cleaved by casein zymography has 

been used for the evaluation of the enzymatic activity in induced sputum. It was found that the 
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level of MMP-12 was very high in patients suffering from COPD as compared to healthy 

smokers, non-smokers and former smokers. Therefore, this indicates that MMP-12 is released 

only during COPD but not in the case of smoking.   

 

Figure 4: Mechanism by which COPD is induced. 

MMP-12 in spinal cord injury (SCI) 

In the case of spinal cord injury, the determination of the MMP-12 was done in the rat model. 

It was observed that from the 3 days of post SCI there was an increase in MMP-12 mRNA. In 

the 5th day, it was observed that the release of MMP-12 after injury was mainly from the cells 

of the mononuclear phagocyte lineage. In the other experiment which was conducted using 

mice with deleted MMP-12 gene and wild-type mice, it was found that the mice without MMP-

12 genes had significantly recovered faster than the other type of mice. However, till now the 

molecular mechanism of MMP-12 that contributes to the cause of SCI is still unknown [88].  

 MMP-12 in aortic dissection (AD) and coronary artery diseases (CAD)  

Serious heart conditions like aortic dissection (AD) and diseases like coronary artery disease 

(COD) are caused by elastin degradation. About 2 to 5% of deaths worldwide account for AD 

and CAD. Song et al., [89] performed tests to find out the expression of MMP-12 in AD and 

CAD. The serum samples of 15 patients who had Aortic dissection at the time of aortic 
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replacement were taken. The samples from 10 healthy people who acted as the control group 

were also taken. Methods like reverse transcriptase polymerized chain reaction (RT-PCR), 

Western blotting, immuno-histochemistry, fluorescence resonance energy transfer (FRET) 

activity assay and enzyme-linked immuno sorbent assay (ELISA) were used to find out the 

expression of MMP-12. The level of MMP-12 in AD and CAD was much higher as compared 

to healthy patients. 

 MMP-12 in cardiovascular diseases (CVD)  

There are some experiments that have been conducted to show the effects of MMP-12 on 

cardiovascular diseases (CVD). The conditions like atherosclerosis have been the 

steppingstones for the development of CVD. The experiment that was conducted using human 

MMP-12 in transgenic rabbits has shown elevated levels of atheroma when they were given a 

diet of fatty steak [90-91]. However, more experiments have been conducted; Johnson et al., 

[92] used apolipoprotein-E (Aop-E) and MMP-12 knock-out mice for the comparative study 

of atherosclerosis plague. It was observed that there was a decrease in the level of 

atherosclerosis plague in MMP-12 knock-out mice as compared to only Aop-E knock-out mice. 

This indicates the level of MMP-12 is directly related to atherosclerosis, which also indicates 

that the higher the release of MMP-12, the more will be the risk for CVD. 
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Tumor metastasis accounts for a major amount of the morbidity and death associated with 

malignant illness. Metastasis formation is a complicated process that requires the execution of 

a series of discrete steps in a timely and successful manner to create a tumor in a distant place. 

Several of these biological mechanisms such as primary tumor vascular invasion malignant 

cell extravasation into the target organ, and suitable angiogenesis assumed to occur at the new 

site of tumor development require the presence of matrix metalloproteinase. The MMP family 

consists of 26 members and has the ability to destroy extracellular matrix proteins. All MMPs 

have a common NH2-terminal a zinc-containing pro-enzyme domain [93]. Retrospective 

analysis suggests that the inclusion of strong zinc-binding groups, such as hydroxamate 

functionalities, potentiates MMP inhibition, but regrettably in an indiscriminate manner, 

impacting most members of the MMP family as well as other unrelated zinc-proteinases. The 

addition of a less avid zinc-binding group, such as the phosphoryl group found in phosphinic 

peptide transition state analogs, has resulted in a second generation of more selective MMP 

inhibitors, such as MMP-12 (macrophage-metalloelastase) selective inhibitors [94]. Recent 

discoveries indicating MMP-12 overexpression in numerous human illnesses, such as 

emphysema, support the push for the creation of highly selective MMP-12 inhibitors. A 

harmful role for MMP-12 overexpression was recently attributed to a large clinical 

investigation searching for a relationship between both asthma and chronic obstructive lung 

disease and single-nucleotide polymorphisms in the gene encoding MMP-12 [94]. In some 

cases, MMP-12 overexpression may lead to tumor invasion and metastasis in different types 

of cancer like hepatocellular cancer, gynecological cancer, prostate cancer, colorectal cancer, 

and endometrial cancer. In addition, MMP-12 has also been reported to regulate tumor 

angiogenesis and may be required to activate the angiogenic switch that occurs during tumor 

neovascularization [95].  

2.1 An overview of the reported MMP-12 inhibitors  

Over the years several studies have indicated that the expression of MMP-12 may lead to 

various types of pathological disorders such as COPD, emphysema, inflammatory diseases, 

and different types of cancer like lung cancer, liver cancer, prostate cancer, breast cancer and 

skin cancer. Due to the involvement of MMP-12 in different diseases and conditions, there has 

always been a desire to develop selective MMP-12 inhibitors that can act on different 

pathological conditions [96]. Therefore, apart from the potential MMP-12 inhibitors as well as 

the binding mode of interactions analysis have been studied in detail to gain an idea of the 

designing of potent selective MMP-12 inhibitors. Several companies have been trying to 
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develop MMP-12 inhibitors but have failed mainly due to toxicity and adverse problems during 

their development. AstraZeneca is one of these companies that claimed their compounds to be 

specific MMP-12 inhibitors. Apart from that, other companies also claimed to have compounds 

with MMP-12 inhibitory activity like Ranbaxy produced MMP-9/MMP-12 dual inhibitors, 

Serono disclosed MMP-2/MMP-9/MMP-12 triad inhibitors, Medivir disclosed MMP-12 

inhibitors, Novartis on the other hand produced MMP-9/MMP-12/MMP-13 triad inhibitors and 

Pfizer disclosed MMP-12/MMP-13 dual inhibitors namely CP-271485 and PF-0035623 [97].   

Li at el., [98] reported a selective MMP-12 inhibitor known as MMP408, used for the treatment 

of COPD. Out of the dibenzofuran-based derivative (MMP408), compound 1 and 2 (Figure. 

5) was selected based on higher MMP-12 inhibitory activity of (MMP-12 IC50 = 2 and 0.9 nM) 

when compared between  these two compounds in the series. Compound 2 was had better 

exposure and bioavailability than the other compounds. Compound has been tested in the 

mouse model for lung inflammation, it was found that compound 2 showed better in-vivo 

results and was advanced for further pre-clinical evaluation. The compound 2 also had lower 

potency in rodents as compared to other human MMPs but had very good metabolic stability 

when the studies were carried out in rats, dogs, monkeys and humans.    

Li et al., [99] reported a continuation of the above research, where MMP-12 inhibitors having 

a dibenzofuran and dibenzothiophene moiety was used for the treatment of airway 

inflammation and remodelling. The compound 3 in (Figure. 5) was obtained from potent 

MMP-12 and MMP-13 inhibitors through lead optimization. The compound 3 is the extension 

of compound 2. It was selected based on its good physicochemical properties and had the 

highest MMP-12 inhibitory activity (MMP-12 IC50 = 1.4 nM). The pharmacological studies 

were performed which implicated that the compound had good oral efficacy in MMP-12 

induced ear swelling.  

Wu et al., [100] reported an extension of the above two research, selective MMP-12 inhibitors 

having a dibenzofuran and dibenzothiophene scaffold as a potential treatment of asthma.  A 

series of synthesis and structural activity relationships (SAR) had been done to find out the 

compounds having a potent MMP-12 inhibitory property. Compound 3 also known as 

(MMP118) in (Figure. 5), was selected based on the physical properties and had good MMP-

12 inhibitory activity (MMP-12 IC50 =1.4 nM). The crystal structure of compound 2 had good 

solubility and had shown negative results for Ames and hERG tests.  The in vitro profiling and 
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pharmacokinetic experiments revealed good oral effectiveness in MMP12-induced ear-

swelling inflammation and pulmonary inflammation in animal models. 

Various syntheses have been performed using different types of analog to design potent 

selective MMP-12 inhibitors. Ando et al., [101] designed and synthesized potent MMP-12 

inhibitors. They have explored the effect of pyrrole ring in an ageladine A analogous having 

MMP-12 inhibitory activity. Compound 4 (Figure. 5) was found to be the potent and had an 

inhibitory activity (MMP-12 IC50= 1,240 nM). The SAR studies were performed, and this 

indicated the introduction of the halogen group at the 2nd and 4th positions of the pyrrole ring 

of the ageladine A analog highly increased the MMP-12 inhibitory activity.   

Ando and Tarshima [102] continued their study on ageladine A analog and synthesised 37 

ageladine A derivatives by employing the natural synthetic rules of ageladine A. Out of the 37 

compounds, only one was selected based on its inhibitory activity, which is a dibromoimidazole 

analog represented as compound 5 (Figure. 5) (MMP-12 IC50= 860 nM). The SAR studies 

indicated that the presence of the halogen group at the 3rd and 4th positions was very important 

for potency, whereas the proton at the 1st and the halogen at the 2th position were important for 

MMP-12 inhibitory activity.  

Mannino et al., [103] reported a 3-aza-6,8-dioxa-bicyclo[3,2,1]octane scaffold (BTA) to which 

they used a structure-based approach to design compounds having good MMP-12 inhibitory 

activity by screening from the virtual library. The molecule with the highest hit was synthesized 

and the binding site of the compound was identified by using NMR. The X-ray structure was 

also done to find out the ligand-enzyme interaction. The compound 6 (Figure. 5) had the 

highest inhibitory activity (MMP-12 IC50 = 149 μM). It was observed that the N-hydroxyurea 

group in the 3rd position and the p-phenylbenzylcarboxy amide in the 7th position showed an 

improved affinity and selectivity towards MMP-12 and other MMPs.  
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Figure 5: Some selective MMP-12 inhibitors. 

Homes et al. [53] reported a β-hydroxy carboxylic acid derivatives as selective MMP-12 

inhibitors were identified based on high throughput screening. Cross-screening was performed 

on a range of compounds, based on SAR studies compound 7 (Figure. 6) was selected as it had 

the highest MMP-12 inhibitory activity (MMP-12 IC50 = 0.062 nM). The X-ray crystallography 

was also performed to check the occupancy of the S1ʹpocket, compound 7 had better 

occupancy as compared to other compounds in the series.    

Devel et al., [57] synthesized MMP-12 inhibitors without phosphinic zinc binding groups that 

can enter deep in the S1ʹ cavity of the MMP-12 enzyme. Based on the MMP-12 inhibitory 

selectivity profile, two molecules were chosen. compound 8 and 9 (Figure. 6). The MMP-12 

inhibitory activity of compound 8 was around 200 times better than MMP-8, whereas for 

compound 9 it had around 200 times better than MMP-3.  

Ma et al., [104] reported  tetrahydroisoquinoline based sulfonamide hydroxamates as potent 

matrix metalloproteinase inhibitors. The selective MMP-12 was selected based on the activity, 

as it had higher activity as compared to other MMPs. Compound 10 (Figure. 6) had potent 

MMP-12 inhibitory activity (IC50 = 0.170 µM).  
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Jeng et al., [44] reported sulphonamide-based hydroxamic acid inhibitors having an MMP-12 

inhibitory activity used for the treatment of chronic inflammation. Out of the three compounds 

that have been given, compound 11 (Figure. 6) was selected as it had the best MMP-12 

inhibitory activity (MMP-12 IC50 = 0.9 µM). Due to the presence of an optimal chain length 

and R-enantiomer, there was an increase in the MMP-12 inhibitory activity.  

 

 

Figure 6: Some selective MMP-12 inhibitors. 

Quement et al., [18] reported selective MMP-12 inhibitor AS111793 (MMP-12 IC50=20 nm) 

represented as compound 12 (Figure.7). The compound was used for the treatment of lung 

inflammation caused by cigarette smoking (CS) in C57BL/6 mice which were exposed to CS. 

It was found that compound 12 was able to reduce lung inflammation in CS exposed mice that 

had an MMP-12 inhibitory activity of (MMP-12 IC50 = 20 nM). In the Bronchoalveolar lavage 
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(BAL) fluid of the CS exposed mice compound 12 was able to suppress many inflammatory 

markers like TNF-1, MIP-1γ, IL-6 and TIMP-1, CX3CL1, KC/CXCL1 and I-TAC/CXCL11 

in lung parenchyma. As in the case of selectivity it had a selectivity of 1:30 over MMP-1, 

MMP-2 and 1:40 times over MMP-9.  

Dublanchet et al., [105] performed a structure-based designing method to a non-zinc chelating 

MMP-12 inhibitor. They have mainly used high throughput screening and molecular docking 

methods to design a compound having good MMP-12 inhibitory activity. The compound 

having the best MMP-12 inhibitory activity has been represented as compound 13 (Figure. 7) 

having a (MMP-12 IC50= 0.014 µM). The binding mode of compound 13 was confirmed by 

an X-ray crystal structure of MMP-12 having a catalytic domain complex. The information 

clearly shows that the biaryl moiety fits into the S1` pocket of the enzyme, where the majority 

of the binding interactions are hydrophobic. 

Baggio et al., [106] reported compounds using techniques like NMR and structure-based 

guided optimization for the treatment of COPD. It is represented as compounds 14 and 15 in 

(Figure. 7). The compound 14 and 15 was further tested against various MMPs and found to 

be more potent than MMP408 represented as compound 2 [66] and better selective than pan-

MMP inhibitor 6M6001 represented as compound 16 (Figure. 8). A preliminary 

pharmacokinetic analysis was performed by using Compound 14 in animals by intraperitoneal 

injections and the drug showed favourable plasma levels and half-life, it even resembled the 

FDA-approved proteasome inhibitor carfilzomib structurally.  
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Figure 7: Some selective MMP-12 inhibitors. 

Nuti et al., [107] synthesized a new class of MMP-12 inhibitors with arylsulfonamide 

carboxylates with improved hydrophilicity as a result of conjugation with a b-N-acetyl-d-

glucosamine moiety for the development of new therapies in the treatment of lung and 

cardiovascular disease. The fluorimetric assay was used to assess their inhibitory activity on 

human MMPs, and a crystallographic analysis was carried out to find out their binding patterns. 

Compound 17 (Figure. 8) was selected based on the clogP value. The initial finding suggested 

that the sugar moiety, which was present in the P2, linked through a flexible linker not only 

improves the hydrophilicity butt also improves the biological activity. Compounds 18 and 19 

(Figure. 8) had an MMP-12 inhibitory activity of 18 nM and 12 nM respectively, and 

compound 18 was two-fold more selective than compound 17.  

Dragoni et al., [55] synthesised a biotin chain terminated (BCT) MMP-12 inhibitor having a 

high affinity for matrix metalloproteinase. Simultaneous formation of a highly stable ternary 

system Avidin-BTI-MMP has been assessed and the affinity of the developed BTI toward five 

different MMPs has been tested. Compound 20 (Figure. 8) having the highest MMP-12 

inhibitory activity was selected, and the compound has an inhibitory value of (MMP-12 IC50 = 

1.4 µM).  
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Figure 8: Some selective MMP-12 inhibitors. 

Mori et al., [60] designed MMP inhibitors having an arylsulfonamide scaffold by structure-

based optimization method. The compounds that were synthesized were studied using X-ray 

crystallography and fluorimetric assay and it showed high affinity for MMP-12. The compound 

21 given in (Figure. 9) was selected, as it was characterized by a carboxylic acid zinc binding 

group which had low affinity for zinc and had strong inhibitory activity towards MMP-12. The 

compound 21 even had a good safety and toxicity profile and had (Ki) value of (Ki = 7). It was 

observed that compound 22 (Figure. 9) had a low (Ki) value of (Ki = 1) mainly due to the 

presence of the D-proline and the ethylene linker.   

Aerts et al., [108] synthesized hydroxypyrone-based matrix metalloproteinase (MMP) 

inhibitors and assayed their inhibitory property with other MMPs. Compound 23 (Figure. 9)  

had the selective MMP-12 inhibitory property assessed for in-vitro and in-vivo lipid-induced 

lethality (LPS) and inflammation-induced blood-cerebrospinal fluid barrier (BCSFB) 

disruption. It was found that compound 23 significantly reduced the LPS lethality and BCSFC 

permeability, which indicates it had anti-inflammatory activity.           

Badland et al., [109] reported compounds with thiophene moiety having MMP-12 inhibitory 

activity. The toxicophore has been replaced by using different approaches like the replacement 

of the thiophene moiety. It was found that compound 24 (Figure. 9) where the thiophene core 
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was replaced with α florothiophene had good MMP-12 inhibitory activity. Further experiments 

were also conducted for the designing of new α florothiophene, it was found that compound 25 

(Figure. 10) had even better MMP-12 inhibitory activity than compound 24. 

 

Figure 9: Some selective MMP-12 inhibitors. 

Nuti et al., [110] designed and synthesised arylsulfonyl based MMP-12 inhibitors that have 

been linked to tissue remodelling and degradation in some inflammatory processes, such as 

COPD, emphysema, rheumatoid arthritis (RA), and atherosclerosis. Compound 26 (Figure. 

10) was selected based on the in vitro evaluation and had MMP-12 inhibitory activity (MMP-

12 IC50 = 0.2 nM). Compound 26 has around 17500-fold more selective than MMP-1 and 165-

fold over MMP-14.  

Nuti et al., [71] designed compounds having the thioaryl derivative from their earlier studies 

4-methoxybiphenylsulfonyl hydroxamate and carboxylate-based inhibitors were modified to 

increase the selectivity for MMP-12, where they changed the zinc-binding group and the 

oxidation state of the sulphur. The compound 27 (Figure. 10) had an N-1-hydroxypiperidine-

2,6-dione (HPD) group as ZBG. It was tested on human MMPs by using a fluorometric assay 

was selected based on activity and selectivity for MMP-12 (IC50 = 33 nM), as it was 1200 times 
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more selective than MMP-14, 176 times more selective than MMP-9, and 20 times more 

selective than MMP-2. The compound 27 was furthermore tested for cardiovascular or 

pulmonary pathologies in cell-based and in vivo models.  

 

Figure 10: Some selective MMP-12 inhibitors. 

Gona et al., [111] worked on MMP-12 target imaging so that it may be able to predict the 

abdominal aortic aneurysm (AAA) progression rupture risk and have developed three 

hydroxamate-based selective MMP-12 inhibitors. They are represented as compounds 28, 29 

and 30 in (Figure. 11). From compound 29 which was used as the deriving compound 31 

(Figure. 10), a radiotracer 99mTC-31 was derived and was tested.  The radiotracer 99mTC-31 

showed faster blood clearance in mice and was radio-stable. It was also tested in murine AAA 

and ex vivo competition was used to demonstrate the tracer's precise binding to MMP-12.     
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Figure 11: Some selective MMP-12 inhibitors. 

Mangiatordi et al., [112] designed and synthesized some tetrahydro-β-carbolin derivatives. It 

was observed that all the molecules showed good selective and sub-nanomolar gelatine 

inhibitors for the treatment of multiple sclerosis and cancer. Among these compounds, 32 

(Figure. 11) (MMP-12 IC50=0.25) and 33 (Figure. 12) (MMP-12 IC50=0.25) showed more 

potent and selectivity towards MMP-12 over other MMPs. 

Butsch et al., [113] designed and synthesized in vitro and in vivo evaluation of highly potent 

MMP-12 inhibitors. Positron Emission Tomography (PET) has been used for the diagnosis of 

diseases related to MMPs. Additionally, radiolabeled tracers such fluorine-18-labeled MMP 

inhibitors (MMPI) must be used for their specialized imaging in order to discriminate between 

the various roles and activities of individual MMPs in certain pathophysiological processes. As 

a result, fluorinated dibenzofuransulfonamide-based MMPIs were created, which exhibit 

superior MMP-12 inhibition and were highly selective MMP-12 over other MMPs. MMP-12 

is a crucial enzyme in disorders including atherosclerosis and chronic obstructive pulmonary 

disease (COPD). Compound 34, 35, and 36 (Figure. 12) were selected based on high Human 



42 
 

Serum Albumin-binding and high metabolic stability upon incubation with mice and were 

selected for radiochemical resynthesis.   

 

                            Figure 12: Some of the selective MMP-12 inhibitors. 

2.2 Overvewing the QSAR studies performed on MMP-12 inhibitors  

In recent years, computer-aided drug designing (CADD) techniques have been used which 

include ligand-based and structure-based approaches that have been used for the development 

of drugs. Using these strategies potent selective MMP-12 inhibitors can be designed. Some of 

the QSAR studies that have been conducted on compounds having an MMP-12 inhibitory 

activity as in the article by Shamsara et al., [114] performed a Hologram based QSAR 

(HQSAR) on a set of 35 molecules having an MMP-12 inhibitory activity. These molecules 

was divided into training (n =26) and the test (n = 9) sets and the statistical performance of the 

model for the training set was represented by Q2, R2, and SEE, 0.697, 0.986, and 0.528 

respectively. The model was externally validated using the test set having R2
pred of 0.873. The 

colour code analysis was also represented to show the structural features of the compound. In 

the end, 5 new molecules were designed using the developed model. From the molecular 

docking studies, it was observed that the three compounds in which the docking studies were 

performed had a common chelation between the carboxylic and zinc binding group 
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heterocyclic ring did not interact with the binding pocket of MMP-12. The docked compound 

also had similar hydrogen bonding with the amino acid residues Leu181 and Ala 182 as well 

as π-π stacking with Tyr 240 and His 218 which has been given in Figure 13.  

    

Figure 13: Similar amino acid residues observed on compounds having MMP-12 inhibitory 

activity. 

Hadizadeh et al., [115] have performed 3D QSAR method mainly CoMFA and CoMSIA on 

compounds having an MMP-12 inhibitory activity. A total of 46 compound which were divided 

into training (n = 38) and test (n = 8) sets, the compounds were then aligned using four different 

methods. Using different alignment-based method the compound with the best statistical 

performance was selected. The contour maps for both CoMFA and CoMSIA was also 

represented which indicated the type of fields that have positive or negative impact on the 

structures. As these methods may help in the designing a potent MMP-12 inhibitor.           

Singh et al., [116] performed a 3D QSAR pharmacophore based virtual screening and 

molecular docking study to identify potent MMP-12 inhibitors.  There are 108 compounds in 

the data set which were divided into training (n = 16) and test (n = 92) sets.  The best HypoGen 

pharmacophore model Hypo 1 that had two hydrogen bond acceptors, one hydrophobic 

aliphatic and one hydrophobic aromatic feature. The pharmacophore based virtual screening 

was also performed on the best model Hypo 1 which includes Specs, NCI and ChemDiv, to 

identify the new compounds that are presumably able to act as MMP-12 inhibitors. Molecular 

docking was performed on the hits of virtual screening with 20 compounds in the training set 
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it was found that the best compound had a docking score of -12.34. In the end, 4 novel 

compounds were selected for the designing of the potent MMP-12 inhibitors.    

Zhang et al., [117] have performed different methods like Swarm Intelligence Optimization 

Algorithm-Based Machine Learning methods to increase the predictive accuracy of the 

LibSVM toolkit to identify the potential MMP-12 inhibitors. Six models were selected, and Y-

randomization test was performed, it showed excellent and reliable results. Virtual screening 

was performed which helped to find out the predicted probability score of 100 molecules with 

a score greater than 7.9. In the end, Molecular Docking toxicological properties and MD 

simulation were also performed which helped in the generation of six non-toxic molecules.  

Li et al., [118] have performed machine learning approaches on a set of MMP-12 inhibitors. A 

total of 142 inhibitors and 141 non-inhibitors were used which were divided into training (n = 

184) and test set (n = 99)   to which machine learning methods like supporting vector machine, 

k-nearest neighbour, C4.5 decision tree and random forest were employed. The model was 

evaluated based on the statistical performance and they had sensitivity, specificity, accuracy 

and Mathew’s correlation coefficient in the range of 96.15-98.08%, 87.23-100.00%, 91.92-

98.99% and 0.8401-0.9800 which indicated the model had a good statistical performance. The 

model also helped to differentiate the MMP-12 inhibitors from non-inhibitors and may 

eventually help in the designing of potent MMP-12 inhibitors.    

Zhang et al., [119] have performed molecular modelling studies to explore the mechanism of 

some of the important crystal bound structures of the MMP-12 inhibitors. A total of 30 

crystal structures having MMP-12 inhibitory activity were used from the protein data bank 

(PDB) and molecular docking was performed using the Glide software. The studies indicated 

the difference in the structure and other factors like the target protein, active pocket size, 

resolution, R-free and B factor that may be useful for choosing a crystal structure.  
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Figure 14: Structure based drug design for MMP-12 inhibitors.   
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Chapter 3: Rationale Behind the work 
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Rationale study Behind Selection of MMP-12 inhibitors 

Over the years of research on MMP-12 showed the involvement of MMP-12 in different 

physiological and pathological conditions. MMP-12 in-vivo expression has previously been 

described in hepatocellular carcinoma, colorectal cancer, gastric cancer, renal cell carcinomas, 

pancreatic cancer, and esophageal carcinoma. However, the role of MMP-12 in cancer, whether 

beneficial or detrimental to tumor invasion and metastasis, appears to be tissue-type specific 

[120-121]. In fact, despite information associated with tumour, MMP-12 has a poor prognosis 

in various malignancies and there is rising evidence of MMP-12 "protective role" in tumor 

growth. Notably, MMP-12 overexpression is related to lower tumor growth rates in mice, 

resulting in a favorable outcome. Some researchers showed that the function of MMP12 is 

determined by cell type: when expressed by host macrophages it has a protective effect, 

however, when expressed by tumor cells, it does not [122]. Some MMPs, in addition to 

supporting tumor development and angiogenesis, can also prevent tumor vascularization. 

MMP-12 can degrade plasminogen to angiostatin, which effectively inhibits endothelial cell 

proliferation and angiogenesis, limiting tumor growth. In fact, MMP-12 gene transfer has 

recently been used in gene therapy in melanoma and colon carcinoma animal models [123]. 

Nonetheless, other substrates of MMP-12 include N-cadherin, plasminogen, tissue factor 

pathway inhibitor, α1-antitrypsin, myelin basic protein (MBP), and pro- tumor necrosis factor 

α (TNFα) are known to play an important role in cancer and various other diseases [124]. In 

the case of esophageal squamous cell carcinoma immunohistochemistry of protein of MMP-

12 was done. It was observed that the high expression of MMP12 in tumor tissues, but not in 

normal squamous epithelium. MMP-12 has been a valuable prognostic indicator for predicting 

the survival rate of cancer patients who have undergone surgical resection [125]. Beside all the 

significant roles of MMP-12 in cancer and tumors, they are involved in various diseases like 

COPD, skin diseases, arthritis, vascular diseases and neurological diseases [86]. In the case of 

COPD, the mechanism by which MMP-12 is induced in still unclear. Animal model data 

indicate that a decrease in transforming growth factor β1 (TGF-β1) or an increase in 

interleukin-13 (IL-13)19 or IFN-c (interferon-c) causes an increase in macrophage production 

MMP-12 [87]. 
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Figure 15: Role of MMP-12 in cancer and other diseases. 

 Beside the significant roles of MMP-12 in cancer and tumors, they are involved in various 

diseases like COPD skin diseases, arthritis, vascular diseases and neurological diseases [86]. 

In the case of COPD, the mechanism by which MMP-12 is induced in still unclear. Animal 

model data indicate that a decrease in transforming growth factor β1 (TGF-β1) or an increase 

in interleukin-13 (IL-13)19 or IFN-c (interferon-c) causes an increase in macrophage 

production MMP-12 [87]. After considering all the contributions of MMP-12 in cancer and 

different pathophysiological conditions, the designing of the potent selective MMP-12 

inhibitors is a major concern. Some studies have been conducted on MMP-12 and its inhibitors 

it was observed a zinc-binding group, hydrophobic moiety, and hydrogen bond donor and 

acceptor group are three important pharmacophoric properties. Among these three properties, 

the hydrogen bond donor and the hydrophobic group were essential for the MMP-12 inhibitory 

activity [126].   
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Preparation of data set  

To conduct the research, 87 dibenzofuran and dibenzothiophene-derived compounds having a 

wide range of MMP 12 inhibitory activity were selected from a variety of datasets. (Appendix 

Table A1) [98-100]. ChemDraw Ultra 5.0 was initially used to draw the 2D molecular 

structures of these compounds in the dataset and then ChemDraw Ultra 3D software was used 

to convert to their corresponding 3D structures [127]. These molecules' inhibitory activity 

against MMP-12 (IC50 in nM) was transformed into the negative logarithmic scale using the 

formula (pIC50= logIC50*1) [128]. The geometry of the compounds was optimised as a final 

step in the molecule/dataset preparation procedure utilising the Discovery Studio 3.0 (DS) 

software's Prepare Ligands for QSAR protocol.[129].  

Calculation of descriptors and dataset pre-processing  

The statistical model generation process uses molecular descriptors, which are quantifiable 

structural characteristics, to correlate biological activity [127-129]. Here, the descriptor 

calculation in regression and classification-based QSAR has been performed using the PaDEL 

and DRAGON descriptor software. [130-131]. A dataset pre-treatment operation was also 

carried out to remove the redundant features and reduce the dimension of the dataset 

descriptors. The highly correlated and constant variables were eliminated using a correlation 

threshold of 0.9 and a covariance cut-off of 0.001, respectively [132-133] which left an array 

of 87 x 840 descriptors for further processing. 

Selection of training and test datasets  

The dataset division procedure is a crucial phase in the creation of QSAR models for assessing 

the effectiveness and predictability of the final models [132-133]. By using a Y-based ranking 

approach for regression-based, and Kennard Stone division for classification-based with the 

help of DTC lab software [134-135]. The dataset molecules were divided into the training 

(NTrain = 65) and the test (NTest = 22) sets in accordance with the uniform distribution and 

the maintenance of structural diversity of the dataset compounds [133] where the training set 

contains the most active and the least active compound [132-133].  

Regression-based 2D-QSAR studies 

A. Multiple linear regression (MLR) analysis 

One of the most widely utilised methods for developing QSAR/QSPR models is the multiple 

linear regression (MLR) analysis [134]. The benefit of MLR analysis is that it has a simple 

mathematical form with an understandable mathematical explanation [134-136]. For the 
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datasets' compounds, stepwise multiple linear regression (S-MLR) analysis was conducted 

using the training set, and its results were internally validated using leave-one-out (LOO) cross-

validation molecules and externally validated from the test set [135-137]. The model was 

developed using the statistical parameters, such as squared correlation coefficient (R2), adjusted 

R2 (R2
A), leave-one-out (LOO) cross-validated R2 (Q2), variance ratio (F), specified degrees of 

freedom (DF), standard error of estimate (SEE), and predicted residual sum of squares (PRESS) 

were assessed in addition to the rm
2 matrices [133, 137]. Additionally, the Golbraikh and 

Tropsha parameters [138], Y-randomization and R2
pred were used for validation [133]. 

B. Hologram QSAR (HQSAR) study 

The hologram-based QSAR (HQSAR) study transforms the chemical representations of the 

molecules into holograms and connects them with the biological properties of the molecules 

via the construction of partial least square (PLS) models [139-140]. Here, the HQSAR study 

was conducted utilising 2D molecular holograms that describe some of the key properties, 

including atoms (A), bonds (B), connections (C), hydrogen atoms (H), chirality (Ch), and 

hydrogen bond donor and acceptor (DA) [141-142]. HQSAR study was performed using the 

SYBYL-X 2.0 software [143]. After constructing the HQSAR model on the training set, based 

on the leave-one-out cross-validation (Q2) results, the best model was selected [144] where the 

final model's predictive power was assessed using the molecules from the test set. 

Field-based 3D QSAR studies  

Alignment of dataset molecules 

The most important stage in the alignment-dependent 3D-QSAR investigation is the 

superimposition of the molecule groups with similar scaffolds. The model is validated based 

on the alignment of the molecules [133, 145]. Using the SYBYL-X 2.0 software, the dataset 

molecules in this study's dataset were molecularly aligned [143]. Initially, the molecules were 

minimised and then Gasteiger-Mersilli method was used to charge the molecules.[146]. 

Following the minimization procedure, the dataset's compounds were aligned using the Distill-

Rigid alignment approach using the most potent MMP-12 inhibitor of the series [133, 146-

147]. 

Comparative Molecular Field Analysis (CoMFA) study 

In the comparative molecular field analysis (CoMFA) technique, the ability to predict the 

biological activity of the molecules in a 3D lattice is represented by the interaction between the 

steric and electrostatic forces [148]. After the alignment, the aligned molecules were placed 
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inside the 3D lattice of 2Å grid points followed by the introduction of probes to determine the 

steric and electrostatic field of every molecule with the help of Lennard-Jones and Coulombic 

potential [149]. These field interaction energies are employed in the CoMFA study as the 

independent variables to compare the biological potency of the compounds in the dataset. [148-

149]. Additionally, the PLS approach was used to establish a linear association between the 

CoMFA fields and the biological activity of MMP-12 inhibitors [146-150]. Cross-validation 

and leave-one-out techniques were used to assess the model's quality. The use of 5-fold and 

20-fold bootstrap internal cross-validated R2 (R2
5-CV and R2

20-BS) respectively were used to 

check the robustness of the model [151-152]. In the end, the R2
pred value was evaluated using 

the test set compounds to predictive capability of the PLS model [152]. 

Comparative Molecular Similarity Indices Analysis (CoMSIA) study 

Comparative molecular similarity indices analysis (CoMSIA) technique is similar to the 

method of CoMFA [153]. In the CoMFA technique, only two fields were calculated whereas 

CoMSIA can deal with five different field calculations such as steric, electrostatic, 

hydrophobic, hydrogen bond donor, and hydrogen bond acceptor [154]. A similar PLS-based 

method was used for establishing a relationship between the CoMSIA fields and the MMP-12 

inhibitory property [154]. Where the same validation method that was used in the CoMFA 

technique was for the CoMSIA model 5-fold and 20-fold bootstrap internal cross-validated 5-

fold and 20-fold used respectively in the training set and the R2
pred was calculated for the test 

set validation. [152-153]. 

Topomer-CoMFA study 

A 3D-QSAR approach called a "Topomer-CoMFA study" combines two techniques for 

alignment-free approaches, CoMFA and Topomer methodologies [155-157]. At first, the 

molecules were divided into two groups such as R1
 and R2 [156-157]. Additionally, using sp3-

hybridized carbon probes in the SYBYL-X 2.0 software, the interaction energies for the steric 

and electrostatic fields were calculated [143]. In the end, the model was developed using the 

PLS technique and the quality and robustness of the developed model were verified using 

similar approaches that were used for CoMFA and CoMSIA [157].  

 

 

Classification Based QSAR study 
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Linear discriminant analysis (LDA) method 

The utilization of Linear Discriminatory Analysis (LDA) method in QSAR study is to separate 

the actives and inactives with the help of the structural features by using a class or group-based 

modeling method [158]. It mainly acts by finding the linear combination of features and 

separating them into two or more classes [158]. At first, the descriptors generated from Dragon 

software were then imported into the STATISTICA 7.1 software for the construction of the 

model [131, 159-160]. The LDA analysis was done using a tolerance of 0.001, F of 4.0 for 

inclusion and F of 3.9 for exclusion. The model was selected based on the lowest Wilk’s λ 

value, and the number of descriptors should be less than six [161]. The other validation 

parameters include p-level, sensitivity, specificity, accuracy, precision, MCC and F1. Whereas 

for comprehensible results two new additional parameters were calculated: the ROC graph 

euclidian distance (ROCED) and the ROC graph fitness function (ROCFIT). 

                                                     Sensitivity = 
TP

TP+FN
                                                      (1) 

                                                     Specificity = 
TN

TN+FP
                                                      (2) 

                                                     Accuracy = 
TP+TN

TP+TN+FP+FN
                                         (3) 

                                                      Precision = 
TP

TP+FP
                                                         (4) 

                                                      MCC = 
(TP∗TN−FP∗FN) 

√(TP+FP)(TP+FN)(TN+FP)(TN+FN)
         (5) 

                                                        F1 =
2 x precision x sensitivity

precision + sensitivity
                                (6) 

                                                     𝑑𝑖 = √(1 − 𝑠𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦)2 + (1 − specificity)2           (7)    

                                                    ROCED = {(d1 − d2) + 1} (d1 + d2)(d2 + 1)          (8) 

                                                      fit (λ) =
(1−λ) x (n−p−1)

(n+p)2 + λ
                                                 (9) 

                                                      𝑅𝑂𝐶𝐹𝐼𝑇 =
ROCED

FIT𝛌
                                              (10)                                        

Bayesian classification study 
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The Bayesian classification model was developed on compounds with dibenzofuran and 

dibenzothiophene structures having MMP-12 inhibitory activity, using Discovery studio (DS) 

[162-163]. The model was developed by using various molecular properties like Extended 

Connectivity of the Fingerprint of diameter 6 (ECFP_6), molecular weight (MW), number of 

hydrogen bond donors (nHBD), number of hydrogen bond acceptors (nHBA), number of 

rotatable bonds (nRB), number of aromatic rings (nAR), number of rings (nR) AlogP, 

molecular fractional polar surface area (MFPSA), etc. [164-165]. The characteristics of the 

model were evaluated by the quality of true positive (TP), true negative (TN), false positive 

(FP), and false negative (FN), which provided the statistical validation of the model namely 

sensitivity, specificity, accuracy, precision, Matthew's correlation coefficient (MCC) and F-

measure (F1) [166]. The model validation was also done by using 5-fold cross-validation of the 

training set and ROC, along with the external validation with the statistical validation metrics 

provided below and was done using the test set [167] 

Recursive partitioning (RP) study 

Recursive portioning (RP) study is also a classification-based QSAR method that classifies 

compounds by constructing a decision tree, which explores the relationship between the 

biological activity and molecular fingerprints [168]. The model was built using different types 

of molecular properties like Functional Class Molecular Fragment descriptors at diameter 6 

(FCFP_6), MW, nHBD, nHBA, nRB, nR, MFPSA, AlogP, etc., using Discovery Studio (DS) 

[162-169]. The same statistical validation that was used in the Bayesian classification study 

was also used in the RP model for validation. 

SARpy analysis  

The SARPY (Structure-activity relationship in Python) analysis method was used to determine 

the structure of the molecules of the dataset. This tool uses an active ruleset and it validates the 

substructures of compounds in the training set using the SMILES string [170]. Here, SARpy 

analysis was also applied to MMP-12 inhibitors having dibenzofuran and dibenzothiophene 

moieties. Initially, the training set was used for identifying the active structure using atom 

numbers between 2 and 18 that produced structural alerts responsible for producing the high 

MMP-12 inhibitory activity. This was subsequently validated on the test set population [171]. 

Using the training set, it produced the substructures of the chemicals and then the robustness 

of the ruleset was validated by using the sensitivity, specificity, accuracy, precision, MCC and 

F1 [172].  
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Molecular Docking Study 

For the molecular docking study at the active site of the MMP-12 enzyme (PDB ID: 1RMZ), 

the binding orientation of these molecules at the active site of the two most active compounds, 

69 and 70, were observed. The Maestro v12.1 software from the Schrodinger suite performed 

the molecular docking analysis of these compounds.[173]. 

Ligand preparation 

Here, in this study, the Ligprep module from the Schrodinger Maestro v12.1 [173] was used 

for the energy minimization of the molecules by the optimized potential for liquid simulations 

(OPLS_2005) force field.  

Protein preparation 

Initially, the 3D crystallographic structure MMP-12 (PDB ID: 1RMZ) [174] was used. The 

Protein preparation module of the Schrodinger Maestro v12.1 software was used in the next 

stage to refine and optimise the 3D protein structure, including the insertion of hydrogens, 

removal of water molecules, bond order assignment, and inclusion of side chain missing atoms. 

[173]. 

Generation of receptor grid 

The receptor grid generation module from the Schrodinger Maestro v12.1 [173] software was 

used to create a rigid grid around the active site of the MMP-12 enzyme. The default 10Å grid 

box was used to generate the receptor grid keeping the inbound ligand at the centroid. 

Ligand docking 

To procure the binding poses, these inhibitors were predicted in an ‘extra precision (XP)’ 

method with OPLS2005 forcefield, flexible ligand sampling with the help of grid-based Ligand 

Docking and Sampling (GLIDE) module by using the Ligand Docking protocol of Schrodinger 

Maestro v12.1 [173]. Additionally, in this molecular docking process, the interaction scores of 

the ligands/molecules per residue of the active site were calculated within a 12Å radius from 

the grid center for further analysis. 

 

 

Molecular Dynamic (MD) Simulation study 

The GROMACS (Version 2022.1) software package [175-176] was employed for the docked 

complexes of molecules 69 and 70 bound to MMP-12 in a 100 nanoseconds (ns) all-atom MD 

simulation analysis (PDB ID: 1RMZ). The CHARMM36 force field [177] with CHARMM-
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modified TIP3P water model (TIP3P_CHARMM) [178] was taken into account for the 

complexes' MD simulation study. The ligand topology was constructed by the CHARMM 

general force field (CGenFF) program in the CGenFF webserver [179]. The MD simulation of 

the complexes was done under a neutral (pH = 7.0) condition and the whole complexes were 

neutralized by sodium (Na+) and chloride (Cl-) ions. 5000-step energy minimization was 

imposed in the Steepest descent method to resolve the bad contacts and clashes followed by a 

two-step equilibration process. A 100 picosecond (ps) NVT and 100 ps NPT equilibrations were 

executed for each stage by the modified Berendsen thermostat [180-181] and Parrinello-

Rahman barostat. Also, for the MD simulation, a 300 K temperature was maintained for the 

system with LINCS, and particle-mesh Ewald (PME) algorithms [182-183] were used for 

covalent bond length constrain and long-range electrostatic interaction calculation, respectively 

allowing a 2 femtosecond (fs) integration time step size. The CHARMM36m all-atom force 

field was applied throughout the MD simulation. The radiuses of gyration (Rg), root mean 

square deviation (RMSD), root mean square fluctuation (RMSF), and hydrogen bond (H-bond) 

occupancy were derived from the simulation study for further analysis. 
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Chapter 5: Results and Discussion 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

2D QSAR studies 

Multiple linear regression (MLR) analysis 

The final MLR model consists of 8 descriptors developed using the S-MLR-based method, 

evaluated based on the R2, Q2, and R2
pred values. The MLR equation (equation 11) is given 
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below. The descriptors used in the development of equation 11 and the predicted activity are 

shown in (Appendix Table A2). Additionally, the statistical performance of the MLR model 

(equation 11) is shown in Table 3. 

pIC50 = - 22.85613 (± 3.84397) + 0.89485 (± 0.09998) nHBint5 - 0.71295 (± 0.10719) nN + 

0.01962 (± 0.00408) ATSC6s - 0.01812 (± 0.00251) AATS0m + 4.84815 (± 0.56459) piPC6 + 

0.10212 (± 0.02372) VE3_Dzi - 1.37207 (± 0.37546) ATSC1e - 0.05678 (± 0.02293) VE3_Dzp       

(11) 

where nHBint5 represents the count of E-State descriptors of strength for potential hydrogen 

bonds of path length 5, nN indicates the number of nitrogen atoms present in the molecules, 

ATSC6s signifies centered Broto-Moreau autocorrelation-lag 6/weighted by I-state, AATS0m is 

the average centered Broto-Moreau autocorrelation - lag 0/weighted by mass, PiPC6 is the 

conventional bond order ID number of order 6, VE3_Dzi  represents the logarithmic coefficient 

sum of the last eigenvector from Barysz matrix/weighted by first ionization potential, ATSC1e 

signifies the centered Broto-Moreau autocorrelation-lag 1/weighted by Sanderson 

electronegativities, and VE3_Dzp defines the logarithmic coefficient sum of the last 

eigenvector from Barysz matrix/weighted by polarizabilities. 

Table 3. Statistical performance calculated for the MLR model (equation 11)  

Parameters equation 11 

NTraining 65 

R2 0.840 

R2
A 0.817 

SEE 0.449 

F 36.809 (DF: 8, 56) 

Q² 0.789 

PRESS 11.303 

Average rm
2 (LOO) 0.704 

Delta rm^2 (LOO) 0.139 
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cRP
2 0.775 

NTest 22 

r² 0.626 

r0² 0.604 

RMSEP 0.671 

R2
pred 0.603 

Q²f2 0.601 

Average rm
2 (test) 0.504 

Delta rm
2 (test) 0.081 

 

The above equation 11 explains 81.7 % and predicts 78.9 % of the MMP-12 inhibitory activity. 

Also, the R2
pred of the test set compounds was found to be 0.603. The observed versus predicted 

activity for equation 11 is given in Figure 16A. The model has also passed the p-level (p<0.05) 

and the Golbraikh and Tropsha model acceptability criteria (Appendix Table A3) [1]. Also, 

after the MLR model was developed, The MLR model's application domain was tested. The 

Euclidean distance-based normalized mean distance values for these compounds are given in 

Figure 16B. Additionally, the correlation matrix for the training set and the Y-randomized 

models for equation 11 are shown in Figures 16C and 16D, respectively. 
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Figure 16. (A) The observed vs predicted activity for the MLR model (equation 11); (B) The 

normalized mean distance values for the dataset compounds for the training and the test sets; 

(C) The training set correlation matrix for the MLR model (equation 11); (D) The R2 (blue 

bars) and Q2 (magenta bars) values of the MLR model (equation 11) and the Y-randomized 

models 

Interpretation of descriptors in MLR analysis 

According to MLR equation 11, the molecular descriptors nHBint5, ATSC6s, piPC6, and VE3 

Dzi positively contributed to the MMP-12 inhibitory activity of these dataset compounds, 

whereas the characteristics nN, AATS0m, ATSC1e, and VE3 Dzp negatively contributed. 

Among these features, the electrotopological state atom type descriptor nHBint5 indicates the 

count of E-State descriptors of strength for potential hydrogen bonds of path length 5. 

Following analysis of the dataset compounds, it was observed that the more potent MMP-12 

inhibitors had the higher values of nHBint5 (nHBint5 3), but the less potent MMP-12 inhibitors 



61 
 

(Compounds 1–7, 10-15, 30-31, and 34–35) have the lower values of nHBint5. The atom count 

descriptor nN signifies the number of nitrogen atoms present in the molecule and showed the 

negative contribution to the MMP-12 inhibitory activity. It is observed that among these 

molecules containing only the single sulfonamido nitrogen atom (Compounds 1-2, and 68-72), 

mostly (Compounds 68-72), are the highly potent MMP-12 inhibitors of the series. The 

autocorrelation descriptor ATSC6s (Centered Broto-Moreau autocorrelation-lag 6/weighted by 

I-state) indicated its positive correlation with MMP-12 inhibitory activity. Interestingly, the 

autocorrelation descriptor AATSC0m (Average centered Broto-Moreau autocorrelation - lag 

0/weighted by mass) showed the negative contribution to the MMP-12 inhibition where 

compounds 9, 14-15, and 30-33 containing the AATSC0m value >150 are mostly least active 

inhibitors of MMP-12 (Compounds 14-15, and 30-31). The feature suggested the negative 

influence of the high molecular weight can be detrimental to MMP-12 inhibition of these 

compounds. Interestingly, compounds 14 and 15 both contain the bromine (Br) atom whereas 

compound 13 of this series without any Br atom in it was a more potent MMP-12 inhibitor. 

The Path Count descriptor PiPC6 (Conventional bond order ID number of order 6) and the 

Barysz Matrix descriptor VE3_Dzi (logarithmic coefficient sum of the last eigenvector from 

Barysz matrix/weighted by first ionization potential) both correlated positively with the 

biological activity. Interestingly, these molecules (Compounds 54, 64, 68-71, 73-74, and 76) 

having the VE3_Dzi value between -4.0 to -5.0 all are highly active inhibitors of MMP-12 while 

having mostly sub-nanomolar range inhibitory activity against MMP-12. Similarly, the 

negative correlation of the autocorrelation descriptor ATSC1e (Centered Broto-Moreau 

autocorrelation-lag 1/weighted by Sanderson electronegativities) as well as Barysz Matrix 

descriptor VE3_Dzp (Logarithmic coefficient sum of the last eigenvector from Barysz 

matrix/weighted by polarizabilities) may indicate the possible negative contributions of 

electronegativity and polarizability of these MMP-12 inhibitors toward their biological 

activity. 

Hologram QSAR (HQSAR) study  

HQSAR study was performed using different fragment distinctions such as atom (A), bonds 

(B), connection (C), chirality (Ch), donor and acceptor (DA), and hydrogen (H). These  

features were used in different combinations for the generation of 50 models (Appendix Table 

A4). The best model was selected initially based on the Q² value. The model with Q² > 0.500 

was considered for further optimization using the atom count. The HQSAR model 1-f was 

created by utilizing the atom (A) fragments, an atom count of 6 to 9, and a hologram length of 
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353 had been selected as the best HQSAR model (Table 4). Besides showing the Q2 and R2 

values of 0.698 and 0.898, respectively, the HQSAR model 1-f delivered the externally 

predicted R2 (R2
pred) of 0.723. The observed versus predicted activity for the final HQSAR 

model is given in Figure 17A. 

Table 4. Summary of the HQSAR models developed based on atom fragments  

Model Atom Count R2 R2
CV SE Length Component 

1-a 1 to 4 0.643 0.43 0.660 61 6 

1-b 2 to 5 0.712 0.483 0.587 353 5 

1-c 3 to 6 0.867 0.630 0.403 307 6 

1-d 4 to 7 0.883 0.686 0.377 151 6 

1-e 5 to 8 0.883 0.683 0.378 401 6 

1-f 6 to 9 0.898 0.698 0.353 353 6 

1-g 7 to 10 0.890 0.688 0.367 257 6 

best model is shown in bold face 
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Figure 17. The observed versus predicted activity plots for the (A) HQSAR model; (B) 

CoMFA model; (C) CoMSIA model; (D) Topomer-CoMFA model 

Interpretation of HQSAR study 

In addition to the statistical results, the HQSAR model successfully detected significant 

structural fragments of all these MMP-12 inhibitors using various colour coding, with the poor 

fragments being indicated by the colours red ( -0.1855325) and red-orange (-0.1855325 to -

0.1113195). The moderately bad fragments were coloured orange (-0.1113195 to -0.074213) 

whereas the moderate fragments are shown in white (-0.074213 to 0.12524067). Additionally, 

good fragments are shown in green (≥ 0.31310167) and green-blue (0.187861 to 0.31310167) 

colours along with moderately good fragments in yellow (0.12524067 to 0.187861). The H-

QSAR model identified fragments for the most active (Compounds 69 and 70), moderately 

active (Compound 7), and least active (Compound 35) molecules are shown in Figure 18. 
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Figure 18. HQSAR contours with colour-coded fragments for (A) Compound 69; (B) 

Compound 70; (C) Compound 7; (D) Compound 35 

From the contours provided by the HQSAR model (Figure 18), it is observed that the 

dibenzofuran moiety of the compound 69 (Figure 18A) and the isopropyl sulfonamido 

carboxylic acid function of the compound 70 were identified to have moderate to highly 

positive influence on their MMP-12 inhibitory activity (Figure 18A and 18B, respectively). 

Notably, one of the hydrogen and carbon atoms from the 5-chloro furan ring of compound 70 

was also identified as a moderately good contributor to the compound's MMP-12 inhibitory 

activity (Figure 18B). Also, no good or bad contributors were noticed in the case of moderately 

active compound 7 (Figure 18C) whereas the four carbon and two hydrogen atoms from the 

fused phenyl ring, present between the thiophene and the sulfonamide moieties of compound 

35 were indicated as negative contributors for the inhibitory activity and are shown in red and 

red-orange colours (Figure 18D). Also, the terminal methyl carbon atom present at the end of 

the dibenzothiophene ring of compound 35 and the carboxylic oxygen atom are suggested to 

have a detrimental effect on the biological activity (Figure 18D). This might have indicated 

the favourability of furan-substituted dibenzofuran moiety over acetamide-substituted 

dibenzothiophene ring for the MMP-12 inhibitory potency while binding to the S1’ pocket of 

the enzyme. 
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Field-based 3D-QSAR studies 

CoMFA Study 

The CoMFA model was created utilising the CoMFA steric, CoMFA electrostatic, and 

molecular weight (MW)  which yielded the Q2 value of 0.529 with 4 components while 

considering compound 37 with the high residual error as the outlier. The CoMFA model has 

delivered an R2 value of 0.822 with the standard error (SE) of 0.454. The other validation 

parameters for the CoMFA model are provided in Table 5. Also, the observed versus predicted 

activity for the final CoMFA model is shown in Figure 17B. 

Table 5. Statistical validation parameters for the CoMFA and CoMSIA models 

Parameters CoMFA CoMSIA 

Features S, E, MW S, E, H, D, A 

Q2 0.529 0.552 

Component 4 6 

R2 0.822 0.942 

SEE 0.454 0.263 

R2
5-cv 0.527 0.577 

R2
20-BS 0.870 0.959 

F 68.170 (4, 59) 155.715 (6, 57) 

Q2
scr 0.322 0.330 

CSDEP 0.869 0.896 

dq2/dryy
 2 0.573 0.633 

R2
pred 0.507 0.610 

 

Field Field distribution (%) 

Steric 49.7 11.1 



66 
 

Electrostatic 46.8 25.9 

Molecular weight 3.5 -- 

Hydrogen bond acceptor -- 11.3 

Hydrogen bond donor -- 24.2 

Hydrophobic -- 27.5 

 

The steric and electrostatic field influence for the most and least active compounds was 

discernible from the CoMFA 3D-field-based contours for these compounds. The Distil-Rigid 

alignment of the dataset compounds is represented in Figure 19A.  

 

Figure 19. (A) Distil-Rigid alignment of the dataset compounds; CoMFA contours for (B) 

Compound 69; (C) Compound 70; and (D) Compound 35 

From the steric and electrostatic field maps, a steric favorable (green) region was observed near 

the furan ring of the higher active compounds proximal to the methyl function of compound 

69 and the chlorine atom of compound 70 (Figure 19B and 19C) respectively. Also, an 
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electrostatic favorable (blue) region near the substituted furan ring was observed suggesting 

the favourability of electrostatic substituents at the end of the MMP-12 S1’ pocket that can 

increase the interactions between the molecule and the receptor, further increasing the 

inhibitory activity. An electrostatic unfavorable (red) region was observed close to the 

heterocyclic oxygen atom of the compounds 69 and 70, suggesting the unfavorability of 

electrostatic functions inside the hydrophobic S1’ pocket of MMP-12 enzyme (Figure 19B and 

19C, respectively). On the other hand, the orientation of the least active compound 35 led to a 

drift of the substitution on the dibenzothiophene ring from the electrostatic and steric 

favourable region (Figure 19D) toward the space surrounded by steric unfavorable (yellow) 

region. This may indicate that the steric movement of the linear/branched substitution at the 

end of the fused heterocyclic P1’ moiety of these molecules may interfere with a rigid binding 

of the P1’ substituent at the S1’ pocket of the enzyme. 

CoMSIA study  

The CoMSIA model showed the Q² value of 0.519 for 6 components and the R2 value of 0.942. 

The 5-fold and 20-fold bootstrap internal cross-validated R2 (R2
5-CV and R2

20-BS), for the training 

set compounds are 0.577 and 0.959, respectively while considering compound 37 as the outlier. 

The external validation for the CoMSIA model showed the R2
pred of 0.610 for the test set of 

compounds as the outliers with high residual values (Compounds 6, 30, and 36) were removed. 

The calculated statistical parameters for the CoMSIA model are provided in Table 5. The 

observed versus predicted activity for the final CoMSIA model is given in Figure 17C. 

The CoMSIA contour plots for the most effective and the least effective compounds (Figure 

20) showed several similar results to that of the CoMFA study (Figure 19). A similar steric 

favorable region (green) is observed near the methyl and the chlorine substitutions of the 

compounds 69 and 70 (Figures 20A and 20B) respectively along with a steric unfavorable 

(yellow) region near the acetamido group of the compound 35 (Figure 20E). 
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Figure 20. (A) CoMSIA steric, electrostatic, and hydrophobic contours of Compound 69; (B) 

CoMSIA steric, electrostatic and hydrophobic contours of Compound 70; (C) CoMSIA 

hydrogen bond acceptor and donor contours of Compound 69; (D) CoMSIA hydrogen bond 

acceptor and donor contours of Compound 70; (E) CoMSIA steric, electrostatic and 

hydrophobic contours of Compound 35; (F) CoMSIA hydrogen bond acceptor and donor 

contours of Compound 35 

Similar electrostatic unfavorable (red) and favorable (blue) regions are also observed in the 

CoMFA study where an electrostatic unfavorable region is noticed near the dibenzofuran 

heterocyclic oxygen atom of compounds 69 and 70 (Figures 20A and 20B) respectively. Also, 

for the CoMSIA model, though no hydrophobic unfavorable (cyan) region was noticed but the 

hydrophobic favorable fields (magenta) were observed near the furan rings of these compounds 

(Figure 20C and 20D) respectively. Interestingly, the acetamido function of the least active 

compound 35 was located away from the hydrophobic favorable region which might be one of 

the prime reasons for the unstable binding of the compound at the hydrophobic S1’ pocket of 
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MMP-12, therefore, diminishing the inhibitory activity of the compound (Figure 20E). 

Besides, regarding the CoMSIA donor and acceptor fields, hydrogen bond donor unfavorable 

(brown) regions were found away from the molecule whereas hydrogen bond donor favorable 

(white) fields were detected near the heterocyclic oxygen atom of the substituted thiophene 

ring of the most active compound 69 and 70 (Figure 20C and 20D) respectively. This suggests 

the possibility of forming hydrogen bond interactions by the heterocyclic oxygen atom from 

the terminal furan ring of the most active compounds at the MMP-12 active site. Regarding the 

hydrogen bond acceptor favorable (aquamarine) region, the unfavorable acceptor region is 

found at a distance from the dibenzofuran ring of compounds 69 and 70 (Figure 20C and 20D) 

respectively while the conformation of the least active compound 35 allowed the acetamido 

dibenzothiophene moiety to become proximal to the acceptor favorable region near the 

acetamide function (Figure 20F). For the acceptor unfavorable (black) region, the hydrogen 

bond acceptor unfavorable field was seen near the amide group of the substituted acetamido 

moiety of compound 35 (Figure 20F), suggesting the probable hydrogen bond donor function 

of the amide group for the molecule while binding at MMP-12 active site. 

Topomer-CoMFA study  

The Topomer-CoMFA study is an alignment-independent CoMFA study that utilizes the 

Topomer conformation generation of compounds before the CoMFA study. The Topomer-

CoMFA model showed the Q2 of 0.519 with 3 components 

 the R2 of 0.711 and the standard error (SE) of 0.570 for the PLS analysis. The Topomer-

CoMFA model also delivered the R2
pred of 0.642 for the test set. The observed versus predicted 

activity for the Topomer-CoMFA model is shown in Figure 17D. 
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Figure 21. (A) The R1 and R2 groups selected for the Topomer-CoMFA study; the Topomer-

CoMFA contours for the R1 group of (B) compound 69; (C) Compound 70; (D) Compound 

35 

During the development of the Topomer-CoMFA model, the compounds were divided into two 

coloured groups such as the blue fragment (R1) and the red fragment (R2) (Figure 21A). 

Although no favorable and/or unfavorable fields are noticed near the R2 fragment of the 

compound, the steric and electrostatic favorable and unfavorable regions for the R1 fragment 

are shown in (Figure 21B-21D). For the most active compound 69 and 70, a steric favorable 

(green) region like CoMFA and CoMSIA studies are observed at the terminal methyl group of 

the furan ring and chloro furan rings whereas the steric unfavorable (yellow) region is noticed 

near the dibenzofuran ring (Figure 21A and 21B) respectively). Interestingly, for the R1 group 

of the least active compound 35, the acetamido function of the molecule is in proximity to the 

steric unfavorable region (Figure 21D). Regarding the electrostatic field contours provided by 

the Topomer-CoMFA study, it is noticed that an electrostatic favorable (blue) region near the 

heterocyclic oxygen atom of the dibenzofuran ring of the most active compounds (Figure 21B 

and 21C) whereas the electrostatic unfavorable (red) region is noticed near the acetamido 

function of the least active compound 35 (Figure 21D). Classification based QSAR study 

Linear discriminate analysis (LDA) method  

The LDA model was developed using the dragon software and 6 descriptors were used 

Mor28m, H6m, IC2, nCt, F05[C-N], F05[C-C] with the help of these descriptors, the equation 

was constructed, that had the positive or negative impact on the MMP-12 inhibitory activity. 
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DF = - 671.544 -17.577 Mor28m + 277.514 IC2 -106.490 H6m + 43.631 nCt – 5.934 F05[C-

N] + 5.029 F05[C-C]                                                                                                                                              (12) 

The equation 12 had a Wilks lambda value of 0.393 and exhibited sensitivity, specificity, 

accuracy, precision and MCC and F1 of 93.1%, 88.8%, 90.7%, 87%, 0.82 and 0.89 respectively. 

For the test set, it had sensitivity, specificity, accuracy, precision, MCC and F1 of 83.3%, 100%, 

90.9%, 100%, 0.83 and 0.91 respectively. The ROC score was 0.906 for the training and 0.917 

for the test set. The ROC curve for the LDA model was also constructed which is represented 

in (Figure 22A). The model exhibited a ROCED and ROCFIT of 0.471 and 0.531 for more 

comprehensible results. 

 

 

Figure 22: The ROC plot for true positive rate and the false positive rate for training and test 

represented by green and red for (A) LDA (B) Bayesian classification       

Interpretation of LDA model  

The above equation 12 was constructed using the LDA analysis method that consisted of 6 

descriptors that had either the positive or negative impact on the biological activity. The 

descriptors IC2, nCt and  F05[C-C] had positive impacts, while the other descriptors Mor28m, 

H6m and  F05[C-N] had negative impacts on the MMP-12 inhibitory activity. The first 

descriptor Mor28m (signal 28 / weighted by mass) had the negative contribution toward the 

MMP-12 inhibitory activity, these were observed in compounds 3, 4, 6, 7, 30, 31, 32, and 33 

which had signal 28/weighted by mass of more than 0.4. The other descriptor IC2 [Information 

Content index (neighbourhood symmetry of 2-order] has the positive contribution which means 
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that the higher the value of the descriptor, the greater will be the MMP-12 inhibitory activity. 

The H6m (H autocorrelation of lag 6 / weighted by mass) belongs to the GATEWAY class of 

descriptor which has the negative contribution. This indicates that the higher the degree of 

interaction between the atoms, the lesser will be MMP-12 inhibitory activity. The descriptor 

nCt [number of total tertiary C (sp3)] has the positive contribution towards MMP-12 inhibitory 

activity. These properties were mainly observed in compounds 19, 46, 78, 80, 83, 84, 85 and 

87 which have a greater number of tertiary carbon atom; hence, more the tertiary carbon atom 

the higher the inhibitory activity and vice versa. The fingerprint descriptor F05[C-N] 

(Frequency of C-N at topological distance 5) has a negative contribution, which means the 

greater the number of C-N bonds at topological distance 5 lesser the MMP-12 inhibitory 

activity. The other fingerprint descriptor F05[C-C] (frequency of C-C at topological distance 

5), observed in compounds 27,66, 69, 72, 79, 85 and 86, more the number of C-C bonds at a 

topological distance of 5 due to which higher will be the MMP-12 inhibitory activity. Statistical 

performance of the classification-based model is given in Table 6 and the ROC plot of the 

training and the test sets of the LDA model are represented in Figure. 22A.       

Table 6: Statistical performance of the classification-based model 

Bayesian Classification study 

The Bayesian classification model was developed using eight molecular properties and the 

constructed model had a LOO-cross-validation ROC score (ROCloo = 0.838), 5-fold cross-

validation ROC score for the training set (ROC5cv = 0.825), and external validation ROC score 

Model Set ROC ROCcv TP TN FP FN Se Sp  Acc Pr MCC F1 

Bayesian  Training  0.838   -- 23 35 1 6 0.79 0.97 0.89 0.95 0.79 0.86 

 
Test  0.85   -- 9 8 2 3 0.75 0.8 0.77 0.81 0.54 0.77 

Recursive  Training  0.838  0.697 19 34 2 10 0.65 0.94 0.81 0.9 0.64 0.76 

 
Test 0.933   -- 10 10 0 1 0.83 1 0.91 1 0.83 0.91 

SARpy Training   --   -- 24 26 10 5 0.83 0.72 0.77 0.7 0.55 0.76 

 
Test  --   -- 6 10 0 6 0.56 0.5 1 0.73 0.56 0.63 

LDA Training  0.906 
 

27 32 4 2 0.93 0.88 0.91 0.87 0.82 0.89 

 
Test 0.917 

 
10 10 0 2 0.83 1 0.91 1 0.83 0.91 
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for the test set (ROCECV = 0.850), respectively. The characteristics of the model both internally 

and externally were judged by using sensitivity, specificity, precision, accuracy, MCC and F1 

values which are 0.793, 0.972, 0.958, 0.892, 0.790 and 0.860 respectively for the training set, 

whereas for the test set 0.750, 0.800, 0.818, 0.773, 0.540 and 0.770 respectively. The ROC 

curve for the training set and test set are shown in Figure 22B. 

 

                                 Figure 23: Bayesian classification good fingerprints. 

 

The Bayesian classification model was developed based on the good and bad fingerprints. The 

model recognized 20 good and bad fragments, each of these fragments has their own 

contribution towards the MMP-12 inhibitory activity. The good fingerprints from (G1 to G20) 

are given in Figure 23. The fused ring structure mainly dibenzofuran scaffold was observed in 

G1 to G5, G9 and G10, as compounds with these substructures showed better MMP-12 
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inhibitory activity. The oxadiazoles ring structure in the G11 to G14, G16 to G18 and G20 

fragments is mainly observed in compounds 76-87 in Figure 24. It was observed that molecules 

having these substructures have high MMP-12 inhibitory activity with an average pIC50 of 

8.488. The fragments observed in G6, G8 and G15, that is the isopropyl substructure are present 

in most of the molecules in the data set and these have a positive contribution towards the 

MMP-12 inhibitory activity. However, fragments G7 and G19 indicated the substitution furan 

ring substructure at positions 7 and 8, and showed good MMP-12 inhibitory activity. Finally, 

the presence of a dibenzofuran scaffold, isopropyl group, oxadiazoles and furan substitution 

increased the MMP-12 inhibitory activity. Structures of some MMP-12 inhibitors containing 

good Bayesian fingerprints are represented in Figure 24. 

 

 

Figure 24: Structure of some of the MMP-12 inhibitors containing good Bayesian fragments. 

In Bayesian classification model, the structures that have been exhibited in the Figure 25 

represented 20 bad fingerprints that had negative contribution towards the MMP-12 inhibitory 

activity. It was observed most of the fingerprints from B1 to B20 had a sulphonamide group 

that had either directly or indirectly attached to the scaffold. 

 

 



75 
 

 

Figure 25:  Bayesian classification Bad fingerprint . 

 In fragments B1, B2, B3, B7 to B11 and B15 it was observed that due to the presence of the 

sulphur dioxide group, which is indirectly attached to the fused ring structure along with the 

secondary amine group showed low MMP-12 inhibitory activity and is represented in Figure 

26. On the other hand, a dibenzothiophene scaffold was observed in fingerprints B6, B12, B14 

and B17 the presence of the sulphur atom lowered the MMP-12 inhibitory activity. The 

fingerprints B3 B4 and B18 indicated the presence of a six-membered ring structure directly 

attached to the fused ring structure and isopropyl sulfonamido carboxylic acid function showed 

less MMP-12 inhibitory activity. Finally, fingerprints B2, B19 and B20, which have a 

dibenzothiophene structure directly attached to the isopropyl sulfonamido carboxylic acid 
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function given in Figure 26 had two sulphur atoms, one in the fused ring structure and other 

in the isopropyl sulfonamido carboxylic acid function, due to which compound with these 

substructures had low MMP-12 inhibitory activity. It was noted that the presence of the sulphur 

atom directly or indirectly attached to the fused ring structure had lowered MMP-12 inhibitory 

activity. The structure of some MMP-12 inhibitors containing bad bayesian fingerprints is 

given in Figure 26.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



77 
 

 

Figure 26: Structure of some of the MMP-12 inhibitors containing bad Bayesian fragments. 

Recursive partitioning study    

In the recursive partitioning method, a decision tree was constructed that classified compounds 

based on the actives and inactive using molecular properties like Functional Class of Molecular 

Fragment Descriptor of Diameter 6 (FCFP_6) MW, nHBD, nHBA, nRB, nR, MFPSA and 

AlogP. Two decision trees were developed; it was selected based on the predictive 

performance. Tree 1, having 4 leaves with the highest ROC score of 0.839 and ROC cross-

validation of 0.697, was selected on the basis of better statistical performance over Tree 2, with 

2 leaves, had a ROC score of 0.761 and an ROC cross-validation of 0.697. The external 

validation was also done using the test set, and the ROC score of trees 1 and 2 were 0.933 and 

0.808 respectively. 

Tree 1 given in Figure 27A was selected based on the higher predictive performance, the 

training set molecules have sensitivity, specificity, accuracy, precision, MCC and F1 of 65.5%, 

94.4%, 81.5%, 90.4 %, 63.7% and 75.9 respectively. At the same time, the test set had 

sensitivity, specificity, accuracy, precision, MCC and F1 of 83.3%, 100%, 90.9%, 100%, 83.3% 

and 90.7 respectively. Tree 1 had three substructures, mainly 6-amino benzofuran (FP-1), 

dibenzofuran (FP-2) and ester (FP-3). The use of mainly dibenzofuran structure has been used 

for the decision tree, and they have been discriminated into substructures as these play crucial 
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roles in MMP-12 inhibitory activity. The statistical performance of the recursive portioning 

(RP) model is shown in Table 6B and the radar graph is represented in Figure 27B and 27C. 

 

Figure 27:  Decision tree schematic representation for recursive portioning.                                  

Table 7: Statistical performance of the Recursive Portioning (RP) model 

 

SARpy analysis  

The fragment-based analysis provided the curtail structures in the form of SMILES, the MMP-

12 dataset contributed to the generation of four active rulesets for the training sets given in 

Figure 28 and was externally validated by using the test sets. The four active rule set that was 

obtained using the training set are c1ccc2c(c1)oc1c2cc(cc1)NC(=O)OC (methyl 

Tree 

no  

Leaves  Set ROC ROCcv TP TN FP FN    Se    Sp   Acc   Pr MCC F1 

1 4 Training 0.838 0.697 19 34 2 10 0.655 0.944 0.815 0.904 0.637 0.759 
  

Test 0.933  

   --- 

10 10 0 1 0.833 1 0.909 1 0.833 0.907 

2 2 Training 0.761 0.697 24 25 11 5 0.827 0.694 0.753 0.685 0.52 0.748 
  

Test 0.808   ----- 11 7 3 1 0.916 0.7 0.818 0.785 0.638 0.845 
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dibenzo[b,d]furan-2-ylcarbamate) (LR = ∞) that were observed in compounds (16 to 24), 

S(=O)(=O)c1ccc2c(c1)oc1c2cc(cc1)NC (7-hydrosulfonyl-N-methyldibenzo[b,d]furan-2-

amine) (LR = 7.45) that were observed in compounds (8,9 and 25 to 29), 

1ccc2c(c1)oc1c2cc(cc1)c1nc(on1)CC (3-(dibenzo[b,d]furan-2yl)-5ethyl-1,2,4-oxadiazole) 

(LR = 6.21) that were observed in compounds (76 to 87), S(=O)(=O)c1ccc2c(c1)oc1c2cc(cc1) 

(3-hydrosulfonyldibenzo[b,d]furan) (LR = 2.80) that were observed in compounds ( 62  to 75) 

which have been represented in Figure 28.   

For the training set, the SARpy analysis provided sensitivity, specificity, accuracy, precision, 

MCC and F1 of 82.7%, 72.2%, 76.9%, 70.5%, 0.55 and 0.76 respectively. The test set had a 

sensitivity, specificity, accuracy, precision and MCC and F1 of 50%, 100%, 72.7%, 100%, 

0.56 and 0.63. 

 

Figure 28: SARpy four active rulesets. 

 

After applying the four structural alerts that were present in the active ruleset, the structural 

features OC(=O)C(C(C)C)NS(=O)(=O)c1ccc2c(c1)oc1c2cc(cc1)NC(=O)OCC(C) that [8-

(propoxycarbonyl)amino)dibenzo[b,d]furan-3-yl)sulfonyl]valine was similar to the structural  
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alert having an LR value of infinity. In this compound, both carbamate as well as amine-type 

substructures were present which has a positive impact on MMP-12 inhibitory activity. These 

types of structures were also observed in compound numbers 16 to 24. The other structure 

OC(=O)C(C(C)C)NS(=O)(=O)c1ccc2c(c1)oc1c2cc(cc1)c1nc(on1)C1CCC1 is [8-(5-

cyclobutyl-1,2,4-oxadiazole-3-yl)dibenzo[b,d]furan-3-yl)sulfonyl]valine was also similar to 

the structural features having a LR value of 6.21. Due to the presence of 1,2,4-oxadiazole at 

the 8th position this has a positive contribution towards the MMP-12 inhibitory activity. These 

types of structures are usually seen in compounds 76 to 87. The other alert having LR value of 

7.45 and 2.98 has similar types of structural features that are the presence of the sulfonyl group 

at the 3rd position.  The only difference is the presence of the amine group at the 8th position. 

The structural alert having LR value of 7.45 was observed in the structure 

OC(=O)C(C(C)C)NS(=O)(=O)c1ccc2c(c1)oc1c2cc(cc1)NC(=O)c1ccsc1 is [8-(thiophene-3-

carbonyl)dibezo[b,d]furan-3-yl)sulfonyl] valine and were found in compounds 8,9 and 25 to 

29. In the end, structural alert having LR value of 2.98 seen in the structure    

OC(=O)C(C(C)C)NS(=O)(=O)c1ccc2c(c1)oc1c2cc(cc1)c1cocc1 is [8-(furan-3-

yl)dibenzo[b,d]furan-3-yl)sulfonyl]valine and these types of structural alert were also seen in 

compounds (62 to 75).    

Out of the 65 compounds in the training set, only 18 compounds did not match the 4 active 

ruleset due to the structural difference and had dibenzothiophene moieties in their structure. At 

the same time, the rest of the compounds in the training set matched with the active ruleset. 

For the test set, 7 out of 22 compounds did not match with the active structural alert, whereas 

the rest of the 15 structures matched with the active ruleset.  

3.4. Molecular docking and molecular dynamic (MD) simulation studies 

The molecular docking study of the most active compounds of these MMP-12 inhibitors has 

represented the chelation between the carboxylic acid zinc binding group (ZBG) of these 

compounds while the substituted dibenzofuran moiety strongly bound at the S1′ pocket of the 

enzyme Figure. 29. The docking scores and the important amino acid residues have been 

tabulated in Table 8. 
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Figure 29. The docking interactions of (A) compound 69; and (B) compound 70 at the active 

site of MMP-12 (PDB ID: 1RMZ) 

Table 8. Summar of molecular docking study of compounds 69 and 70 

Cpd. Docking 

score 

Glide XP 

GScore 

Glide 

gscore 

Glide 

energy 

Key Interacting 

Residues 

Residues with 

H-Bonding 

Residues with 

π-π interaction 

69 -13.0687 -13.0688 -13.0688 -55.9501 Leu181, Ala182, Thr215, 

His218, Tyr240 

Leu181, Ala182, 

Thr215 

His218, Tyr240 

70 -13.2918 -13.2919 -13.2919 -62.9682 Leu181, Ala182, Thr215, 

His218, Tyr240 

Leu181, Ala182, 

Thr215 

His218, Tyr240 

 

From the molecular docking study, it was observed that both compounds 69 and 79 showed 

identical interactions at the active site of MMP-12 (PDB ID: 1RMZ). Both these compounds 

formed hydrogen bonding interactions with amino acid residues Leu181, Ala182, and Thr215 

furthermore π-π stacking interactions with His218 and Tyr240 amino acid residues (Appendix  

Figure A1). 

The MD simulation study of the docked complexes has also exhibited promising results. The 

RMSD calculation for the protein (black), and the complexed MMP-12 inhibitors (red) have 

shown a low RMS deviation Figure. 30. 
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Figure. 30. (A) The RMSD plots for the C-α chain (black), and compound 69; (B) The 

RMSD plots for the C-α chain (black), and compound 70; (C) The RMSF plots for the C-α 

(black) chain and C-α-compound 69 complex (red); (D) The RMSF plots for the C-α (black) 

chain and C-α-compound 70 complex (red); (E) The Rg plots of the main chain for C-α-

compound 69 complex; (F) The Rg plots of the main chain for C-α-compound 70 complex. 

For the MD simulation study, it is noticed that although the C-α chain of the protein represented 

almost identical RMSD while complexing with both compounds 69 and 70, compound 70 

(Figure. 30B) showed comparative more stable binding compared to compound 69 (Figure. 

30A) at MMP-12 active site. For compound 69, the average RMSD value was 0.588 nm 

whereas the average RMSD of compound 70 was found to be 0.421 throughout the 100 ns MD 

run. For both compounds, the low RMSD values proposed stable interaction at the MMP-12 

catalytic site.  

On the other hand, in regard to the RMS fluctuation of the amino acid residues, comparatively 

less fluctuation in the residue movement was observed in the case of compound 69 (Figure. 

30C) in comparison to compound 70 (Figure. 30D). From the analysis of the RMS fluctuation 

values of the protein residues, it was observed for compound 69 that apart from the structural 
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and catalytic Zn2+ ions (RMSF values of 3.01 nm and 1.62 nm, respectively) all the residues 

displayed a lower fluctuation (RMSF ranging between 0.092 nM and 0.367 nM). Interestingly, 

in the case of compound 70, only structural Zn2+ ion was found to exhibit high RMS fluctuation 

(2.491 nm). However, for both compounds 69 and 70, the average RMS fluctuation values 

were assessed to be 0.189 nm and 0.157 nm, respectively, suggesting effective binding with 

less fluctuation. 

The radius of gyration (Rg) for the main chain also exhibited a gyration between 1.45 nm and 

1.55 nm (Figures 30E and 30F). Therefore, these observations indicate stable binding of these 

molecules at the MMP-12 (PDB ID: 1RMZ) active site. Analysis of the Rg values for both 

complexes of MMP-12 and compounds 69 and 70 revealed an average Rg value of 1.491 nM 

and 1.484 nM, respectively. Therefore, the lower Rg values indicated the compact 

characteristics of both these complexes. The statistical values of the RMSD, RMS fluctuation, 

and Rg for both complexes are listed in Table 9. Moreover, the box plot of the RMSD, RMS 

fluctuation, and Rg for both complexes are provided in Figure 31. 

Table 9. The statistical values of the RMSD, RMS fluctuation, and Rg for both complexes 

Complex Parameters Mean Median SD 
 

RMSD 0.588 0.321 0.355 

1RMZ-69 Rg 1.491 1.492 0.012 
 

RMSF 0.189 0.152 0.256 
 

RMSD 0.421 0.263 0.287 

1RMZ-70 Rg 1.484 1.484 0.012 
 

RMSF 0.157 0.118 0.199 
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Fig. 31. (A) Boxplot for the RMSD of MMP-12 (PDB ID: 1RMZ) and compound 69 

complex; (B) Boxplot for the RMSD of MMP-12 (PDB ID: 1RMZ) and compound 70 

complex; (C) Boxplot for the RMS Fluctuation of MMP-12 (PDB ID: 1RMZ) and compound 

69 complex; (D) Boxplot for the RMS Fluctuation of MMP-12 (PDB ID: 1RMZ) and 

compound 70 complex; (E) Boxplot for the Rg of MMP-12 (PDB ID: 1RMZ) and compound 

69 complex; (F) Boxplot for the Rg of MMP-12 (PDB ID: 1RMZ) and compound 70 

complex. 

The hydrogen bond (H-bond) contact analysis of the affected complexes has exhibited mostly 

one hydrogen bond interactions between compound 69 whereas a greater number and 

frequency of H-bonds were established (2-3 H-bonds) by the compound 70 at the active site of 

MMP-12 (Figures 32A and 32B). Interestingly, no H-bond contacts were established for 

compound 69 noticed around the 48-60 ns timeframe (Figure. 32A). Contradictorily, 

compound 70 showed almost steady H-bond interaction at the active site (Figure. 32B). 
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Fig. 32. (A) Number of hydrogen bond formations for the MMP-12-compound 69 complex; 

(B) Number of hydrogen bond formations for the MMP-12-compound 70 complex; (C) total 

percentage of hydrogen bond occupancy for the MMP-12-compound 69 complex; (D) total 

percentage of hydrogen bond occupancy for the MMP-12-compound 70 complex 

 

The total hydrogen bond occupancy of the simulated compounds has shown a greater and more 

diverse number of hydrogen bond associations made by compound 70 compared to compound 

69. From the hydrogen bond (H-bond) occupancy of these compounds, it was observed that 

numerous amino acid residues such as Gly178, Gly179, Leu181, Ala182, Leu214, Pro232, 

Leu233, Val235, Pro238, Thr239, and Tyr240 created H-bond interaction with compound 69 

(Figure. 32C) at the active site where the compound 70 was established interaction with 

Gly178, Gly179, Leu181, Ala182, His218, His228, Met236, Pro238, Thr239, and Tyr240 

along with Lys241, Val243, and Phe238 (Figure. 32D). 
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It is interesting to note that, regardless of the same in vitro MMP-12 inhibitory activity and 

high structural similarity, compound 70 showed a majority of synergy at the MMP-12 active 

site. On the other hand, compound 69, though incapable of forming a higher number of H-

bonds, was capable of interacting with several Ω-loop amino acid residues near the S1′ pocket 

of the enzyme which are essential not only for MMP-12 inhibitory potency as well as isoform 

selectivity of the molecules. Thus, despite having different frequencies and diversity of H-bond 

interactions for the compounds 69 and 70 at the MMP-12 catalytic site, these molecules were 

able to provide a similar in vitro enzyme inhibitory activity for MMP-12. This observation 

suggests that targeting both the S1′ loop and Ω-loop residues at the S1′ pocket of MMP-12 

possibly delivers highly potent MMP-12 selective inhibitors with stable binding at the active 

site. 
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The current study revealed that out of all the MMPs, MMP-12 is the only MMP that is involved 

in inflammatory diseases due to the presence of the macrophage. Due to this MMP-12 is 

involved in major diseases like asthma, COPD, arthritis, and several types of solid cancers. 

This unique feature has made MMP-12 as one of the major targets for drug designing. Various 

studies have been reported about the role of MMP-12 in different pathological conditions and 

how selective MMP-12 inhibitors can be used to tackle these 

conditions.Though many MMP12 inhibitors are undergoing various stages of clinical trials, F

oresee Pharmaceuticals' FP025 recently carried out phase II clinical trials that assessed its eff

ectiveness in treating subjects with clinically stable, mild allergic asthma and blood eosinophi

lia for the allergen (HDM)-induced late asthmatic response (LAR) [184]. AZD1236, a dual 

MMP-9/MMP-12 inhibitor, completed phase II clinical studies examined for the management 

of COPD but was pulled from the same phase when AstraZeneca already assessed the safety 

of individuals with cystic fibrosis [184]. However not a single MMP-12 inhibitor has passed 

the clinical trials due to low solubility and poor pharmacokinetic profiles. To overcome this 

challenge several methods like QSAR study can be used for designing new molecules in the 

future. There is also a large amount of crystallographic data available in the protein data bank 

(PDB), as this will help in determining the curtail structural features and also help to acquire 

knowledge about the binding pattern and crucial amino acid residue in the active site of the 

MMP-12 inhibitors. Moreover, the ligand-based, and the structure-based method may also help 

in designing compounds having MMP-12 inhibitory activity. Ligand and structure-based 

methods are more advantageous than synthesis methods due to being more cost-effective and 

less time-consuming. The use of different regression-based and classification-based methods 

like MLR, HQSAR, 3D-QSAR, LDA, Bayesian recursive and SARpy methods were 

performed on compounds having MMP-12 inhibitory activity in combination with molecular 

docking and MD simulation studies. The regression-based studies showed that the hydrophobic 

P1' substituent is sufficient to occupy the hydrophobic S1' pocket of MMP-12, where the steric 

and/or hydrogen bond donor feature comprising P1' substituent can boost binding stability by 

interacting with the amino acid residues at the terminal end of the S1' pocket. Also, The MLR 

model favors compounds with fewer nitrogen atoms and suggests that this is advantageous for 

MMP-12 inhibition due to the large influence of these molecules' ionising potential. The 

HQSAR study also identified the dibenzofuran P1’ substituent of these compounds as the better 

fit for the S1’ pocket. Whereas the classification-based QSAR methods like LDA, Bayesian 

classification, recursive partitioning, and SARpy analysis were important for the extraction of 

the different features that helped in the characterization of the substructures, depending on 
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whether it had a positive or negative impact towards the MMP-12 inhibitory activity. From the 

above methods, it was observed that the substitution at the 8th  positions with a five-membered 

ring structure having an oxygen, nitrogen, or combination of both like 1,2,4-oxadiazole has 

increased the MMP-12 inhibitory activity. In the case of the substitution at the seventh position 

either with the amine group or the amine attached to the oxygen decreased the MMP-12 

inhibitory activity. The classification-based methods also helped in the comparative study of 

the two main derivatives, and it was observed that the dibenzofuran moiety had better MMP-

12 inhibitory activity compared to the dibenzothiophene. The statistical validation of the 

classification-based method (i.e., sensitivity, specificity, precision, accuracy, MCC and F1) 

was important for checking the performance of the model, whereas in some cases the ROC 

score and graph were also important. The results of this study have therefore clarified the 

structural characteristics of these dibenzofuran and/or dibenzothiophene derivatives as well as 

their binding pattern, which will undoubtedly help in the future development of potent and 

selective inhibitors as therapeutics against MMP-12-related diseases. In addition, the MD 

simulation analysis revealed that, in addition to the other typical interactions, the interaction of 

molecules with the Pro238 residue in the Ω-loop plays a critical role in the potency and MMP-

12 selectivity of these carboxylic acid derivatives.  
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Appendix Table A1. Common structures, SMILES notation, of MMP-12 inhibitors having 

dibenzofuran and dibenzothiophene scaffold. 

*test set for regression based # classification based 

Cpd. 

No. 
SMILES 

MMP-12 

IC50 

(nM) 

pIC50 

1 OC(=O)[C@H](C(C)C)NS(=O)(=O)c1ccc2c(c1)c1c(o2)cccc1 38 7.42 

2* OC(=O)[C@H](C(C)C)NS(=O)(=O)c1ccc2c(c1)c1c(o2)cc(cc1)NS(=O)(=O)C 170 6.77 

3 OC(=O)[C@H](C(C)C)NS(=O)(=O)c1ccc2c(c1)c1c(o2)cccc1 600 6.222 

4# OC(=O)[C@H](C(C)C)NS(=O)(=O)c1ccc2c(c1)c1c(o2)cc(cc1)NS(=O)(=O)C 11 7.959 

5 OC(=O)[C@@H](C(C)C)NS(=O)(=O)c1ccc2c(c1)c1c(o2)cc(cc1)NS(=O)(=O)C(C)C 50 7.301 

6* OC(=O)[C@H](C(C)C)NS(=O)(=O)c1ccc2c(c1)c1c(s2)cc(cc1)NS(=O)(=O)C 2,100 5.678 

7 OC(=O)[C@H](C(C)C)NS(=O)(=O)c1ccc2c(c1)c1c(o2)cc(cc1)NS(=O)(=O)c1c(noc1C)C 2,500 5.602 

8 OC(=O)[C@H](C(C)C)NS(=O)(=O)c1ccc2c(c1)c1c(o2)cc(cc1)NS(=O)(=O)c1ccccc1 100 7 

9 OC(=O)[C@H](C(C)C)NS(=O)(=O)c1ccc2c(c1)oc1c2cc(cc1)NS(=O)(=O)C 10.03 7.999 

10 OC(=O)[C@H](C(C)C)NS(=O)(=O)c1ccc2c(c1)oc1c2cc(cc1)NS(=O)(=O)CC(F)(F)F 70 7.155 

11* OC(=O)[C@@H](C(C)C)NS(=O)(=O)c1ccc2c(c1)sc1c2cc(cc1)NC(=O)OC 1.8 8.745 

12 OC(=O)[C@H](C(C)C)NS(=O)(=O)c1ccc2c(c1)c1c(o2)cc(cc1)NC(=O)OC 7.2 8.143 

13 OC(=O)[C@H](C(C)C)NS(=O)(=O)c1ccc2c(c1)c1c(o2)cc(cc1)NC(=O)OCCC 14 7.854 

14 OC(=O)[C@@H](C(C)C)NS(=O)(=O)c1ccc2c(c1)c1c(o2)cc(cc1)NC(=O)OC(C)C 39 7.409 

15 OC(=O)[C@H](C(C)C)NS(=O)(=O)c1ccc2c(c1)c1c(o2)cc(cc1)NC(=O)Oc1ccccc1 45 7.347 

16 OC(=O)[C@H](C(C)C)NS(=O)(=O)c1ccc2c(c1)c1c(o2)cc(c(c1)Br)NC(=O)OC 1,050 5.979 

17 OC(=O)[C@H](C(C)C)NS(=O)(=O)c1ccc2c(c1)c1c(o2)cc(c(c1)Br)NC(=O)OC 3,900 5.409 

18 OC(=O)[C@H](C(C)C)NS(=O)(=O)c1ccc2c(c1)oc1c2cc(cc1)NC(=O)OC 2 8.699 

19 OC(=O)[C@H](C(C)C)NS(=O)(=O)c1ccc2c(c1)oc1c2cc(cc1)NC(=O)OCC 5 8.301 

20 OC(=O)[C@H](C(C)C)NS(=O)(=O)c1ccc2c(c1)oc1c2cc(cc1)NC(=O)OCCC 5.6 8.252 
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21* OC(=O)[C@@H](C(C)C)NS(=O)(=O)c1ccc2c(c1)sc1c2ccc(c1)NC(=O)OC 29 7.538 

22 OC(=O)[C@H](C(C)C)NS(=O)(=O)c1ccc2c(c1)oc1c2cc(cc1)NC(=O)OCC(C)C 4.7 8.328 

23 OC(=O)[C@H](C(C)C)NS(=O)(=O)c1ccc2c(c1)oc1c2cc(cc1)NC(=O)OCCF 2.1 8.678 

24 OC(=O)[C@H](C(C)C)NS(=O)(=O)c1ccc2c(c1)oc1c2cc(cc1)NC(=O)Oc1ccccc1 10.2 7.991 

25* OC(=O)[C@H](C(C)C)NS(=O)(=O)c1ccc2c(c1)sc1c2ccc(c1)NC(=O)OCC 6.3 8.201 

26* OC(=O)[C@H](C(C)C)NS(=O)(=O)c1ccc2c(c1)sc1c2ccc(c1)NC(=O)OCC(C)C 20.2 7.695 

27 OC(=O)[C@H](C(C)C)NS(=O)(=O)c1ccc2c(c1)oc1c2cc(cc1)NC(=O)Oc1ccccc1Cl 6.6 8.18 

28 OC(=O)[C@H](C(C)C)NS(=O)(=O)c1ccc2c(c1)oc1c2cc(cc1)NC(=O)Oc1ccc(cc1)F 8.1 8.092 

29* OC(=O)[C@H](C(C)C)NS(=O)(=O)c1ccc2c(c1)sc1c2ccc(c1)NC(=O)Oc1ccc(cc1)C 36.3 7.44 

30* OC(=O)[C@H](C(C)C)NS(=O)(=O)c1ccc2c(c1)sc1c2ccc(c1)NC(=O)NCC 260 6.585 

31# OC(=O)[C@H](C(C)C)NS(=O)(=O)c1ccc2c(c1)oc1c2cc(cc1)NC(=O)Oc1ccc(cc1)C 14 7.854 

32 OC(=O)[C@H](C(C)C)NS(=O)(=O)c1ccc2c(c1)oc1c2ccc(c1)NC(=O)NCCc1cccs1 18 7.745 

33 OC(=O)[C@H](C(C)C)NS(=O)(=O)c1ccc2c(c1)oc1c2cc(cc1)NC(=O)N 7.6 8.119 

34 OC(=O)[C@H](C(C)C)NS(=O)(=O)c1ccc2c(c1)oc1c2cc(cc1)NC(=O)NC1CCCC1 5 8.301 

35 OC(=O)[C@H](C(C)C)NS(=O)(=O)c1ccc2c(c1)oc1c2cc(cc1)NC(=O)c1ccsc1 0.9 9.046 

36*# OC(=O)[C@H](C(C)C)NS(=O)(=O)c1ccc2c(c1)oc1c2cc(cc1)n1cncn1 13 7.886 

37 OC(=O)[C@H](C(C)C)NS(=O)(=O)c1ccc2c(c1)oc1c2ccc(c1)NC(=O)OCCF 10 8 

38# OC(=O)[C@H](C(C)C)NS(=O)(=O)c1ccc2c(c1)oc1c2ccc(c1)NC(=O)Oc1ccc(cc1)F 16 7.796 

39* OC(=O)[C@H](C(C)C)NS(=O)(=O)c1ccc2c(c1)oc1c2cc(cc1)n1ccc(n1)C(F)(F)F 0.7 9.155 

40 OC(=O)[C@@H](C(C)C)NS(=O)(=O)c1ccc2c(c1)c1c(s2)cc(cc1)NS(=O)(=O)C 4,400 5.357 

41 OC(=O)[C@@H](C(C)C)NS(=O)(=O)c1ccc2c(c1)sc1c2cc(cc1)NS(=O)(=O)C 60 7.222 

42 OC(=O)[C@H](C(C)C)NS(=O)(=O)c1ccc2c(c1)sc1c2cc(cc1)NS(=O)(=O)C 50 7.301 

43* OC(=O)[C@H](C(C)C)NS(=O)(=O)c1ccc2c(c1)oc1c2cc(cc1)N1CCNCC1 23 7.638 

44*# OC(=O)[C@H](C(C)C)NS(=O)(=O)c1ccc2c(c1)oc1c2cc(cc1)N1CCN(CC1)C 18 7.745 

45 OC(=O)[C@@H](C(C)C)NS(=O)(=O)c1ccc2c(c1)c1c(s2)cc(cc1)NC(=O)OC 2,900 5.538 
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46# OC(=O)[C@H](C(C)C)NS(=O)(=O)c1ccc2c(c1)c1c(s2)cc(cc1)NC(=O)OC 7,300 5.137 

47 OC(=O)[C@H](C(C)C)NS(=O)(=O)c1ccc2c(c1)sc1c2cc(cc1)NC(=O)OC 0.4 9.398 

48 OC(=O)[C@H](C(C)C)NS(=O)(=O)c1ccc2c(c1)sc1c2ccc(c1)NC(=O)OC 9 8.046 

49* OC(=O)[C@H](C(C)C)NS(=O)(=O)c1ccc2c(c1)oc1c2cc(cc1)c1sccc1 0.2 9.699 

50*# OC(=O)[C@H](C(C)C)NS(=O)(=O)c1ccc2c(c1)oc1c2cc(cc1)c1sc(cc1)C 0.2 9.699 

51 OC(=O)[C@@H](C(C)C)NS(=O)(=O)c1ccc2c(c1)oc1c2ccc(c1)NC(=O)OC 11.1 7.955 

52 OC(=O)[C@H](C(C)C)NS(=O)(=O)c1ccc2c(c1)oc1c2ccc(c1)NC(=O)OC 14 7.854 

53 OC(=O)[C@H](C(C)C)NS(=O)(=O)c1ccc2c(c1)sc1c2ccc(c1)N 42 7.377 

54# OC(=O)[C@@H](C(C)C)NS(=O)(=O)c1ccc2c(c1)sc1c2ccc(c1)NC(=O)OCC 100.1 7 

55 OC(=O)[C@H](C(C)C)NS(=O)(=O)c1ccc2c(c1)sc1c2ccc(c1)NC(=O)OC(C)C 23.1 7.636 

56 OC(=O)[C@H](C(C)C)NS(=O)(=O)c1ccc2c(c1)sc1c2ccc(c1)NC(=O)OCCS(=O)(=O)C 7.6 8.119 

57 OC(=O)[C@H](C(C)C)NS(=O)(=O)c1ccc2c(c1)sc1c2ccc(c1)NC(=O)OCCC#C 6.1 8.215 

58 OC(=O)[C@H](C(C)C)NS(=O)(=O)c1ccc2c(c1)sc1c2ccc(c1)NC(=O)Oc1ccccc1 25 7.602 

59 OC(=O)[C@H](C(C)C)NS(=O)(=O)c1ccc2c(c1)sc1c2ccc(c1)NC(=O)Oc1ccc(cc1)F 28 7.553 

60* OC(=O)[C@H](C(C)C)NS(=O)(=O)c1ccc2c(c1)oc1c2cc(cc1)c1sc(cn1)C 1.2 8.921 

61 OC(=O)[C@H](C(C)C)NS(=O)(=O)c1ccc2c(c1)sc1c2ccc(c1)NC(=O)NCCc1cccs1 187 6.728 

62# OC(=O)[C@@H](C(C)C)NS(=O)(=O)c1ccc2c(c1)sc1c2ccc(c1)NC(=O)Nc1ccccc1 1,470 5.833 

63 OC(=O)[C@H](C(C)C)NS(=O)(=O)c1ccc2c(c1)sc1c2ccc(c1)NC(=O)Nc1ccccc1 89 7.051 

64# OC(=O)[C@H](C(C)C)NS(=O)(=O)c1ccc2c(c1)sc1c2ccc(c1)NC(=O)NCc1ccccc1 34.1 7.467 

65# C(=O)([C@H](C(C)C)NS(=O)(=O)c1ccc2c(oc3c2cc(cc3)N2C(=O)OCC2)c1)O 1.4 8.854 

66*# OC(=O)[C@H](C(C)C)NS(=O)(=O)c1ccc2c(c1)oc1c2cc(cc1)c1nc(on1)C 8.6 8.066 

67* OC(=O)[C@H](C(C)C)NS(=O)(=O)c1ccc2c(c1)oc1c2cc(cc1)c1nc(on1)CC(C)C 5.4 8.268 

68* OC(=O)[C@H](C(C)C)NS(=O)(=O)c1ccc2c(c1)oc1c2cc(cc1)c1nc(on1)COC 1.9 8.721 

69 OC(=O)[C@H](C(C)C)NS(=O)(=O)c1ccc2c(c1)oc1c2ccc(c1)N1CCOC1=O 9.2 8.036 

70 OC(=O)[C@H](C(C)C)NS(=O)(=O)c1ccc2c(c1)sc1c2ccc(c1)N1CCOC1=O 44 7.357 
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71*# OC(=O)[C@H](C(C)C)NS(=O)(=O)c1ccc2c(c1)oc1c2cc(cc1)c1nc(on1)C(F)(F)F 2.2 8.658 

72# OC(=O)[C@H](C(C)C)NS(=O)(=O)c1ccc2c(c1)oc1c2ccc(c1)N 17 7.77 

73 OC(=O)[C@H](C(C)C)NS(=O)(=O)c1ccc2c(c1)oc1c2cc(cc1)n1cccn1 15 7.824 

74* OC(=O)[C@H](C(C)C)NS(=O)(=O)c1ccc2c(c1)oc1c2cc(cc1)c1nc(on1)C1CC1 1.6 8.796 

75# OC(=O)[C@H](C(C)C)NS(=O)(=O)c1ccc2c(c1)oc1c2cc(cc1)N1CCOCC1 2.2 8.658 

76# OC(=O)[C@H](C(C)C)NS(=O)(=O)c1ccc2c(c1)oc1c2cc(cc1)c1cocc1 0.4 9.398 

77 OC(=O)[C@H](C(C)C)NS(=O)(=O)c1ccc2c(c1)oc1c2cc(cc1)c1oc(cc1)C 0.1 10 

78 OC(=O)[C@H](C(C)C)NS(=O)(=O)c1ccc2c(c1)oc1c2cc(cc1)c1oc(cc1)Cl 0.1 10 

79 OC(=O)[C@H](C(C)C)NS(=O)(=O)c1ccc2c(c1)oc1c2cc(cc1)c1[nH]ccc1 0.4 9.398 

80# OC(=O)[C@H](C(C)C)NS(=O)(=O)c1ccc2c(c1)oc1c2cc(cc1)c1sccn1 1 9 

81 OC(=O)[C@H](C(C)C)NS(=O)(=O)c1ccc2c(c1)oc1c2cc(cc1)c1nc(on1)CC 2.9 8.538 

82# OC(=O)[C@H](C(C)C)NS(=O)(=O)c1ccc2c(c1)oc1c2cc(cc1)c1nc(on1)C(C)C 4.5 8.347 

83# OC(=O)[C@H](C(C)C)NS(=O)(=O)c1ccc2c(c1)oc1c2cc(cc1)c1nc(on1)C(C)(C)C 17 7.77 

84 OC(=O)[C@H](C(C)C)NS(=O)(=O)c1ccc2c(c1)oc1c2cc(cc1)c1nc(on1)C1CCC1 2.3 8.638 

85 OC(=O)[C@H](C(C)C)NS(=O)(=O)c1ccc2c(c1)oc1c2cc(cc1)c1nc(on1)C1CCCCC1 7.2 8.143 

86*# OC(=O)[C@H](C(C)C)NS(=O)(=O)c1ccc2c(c1)oc1c2cc(cc1)c1nc(on1)c1ccccc1 4 8.398 

87 OC(=O)[C@H](C(C)C)NS(=O)(=O)c1ccc2c(c1)oc1c2cc(cc1)c1nc(on1)[C@@H]1CCOC1 0.3 9.523 

 

 

 

 

 

 

Appendix  Table A2. The MLR model (equation 1) with predicted activity 

Cpd 

No 
nHBint5 nN ATSC6s AATS0m piPC6 VE3_Dzi ATSC1e VE3_Dzp pIC50 

Predicted 

activity 

1 2 1 -34.7084 121.3084 6.705983 -3.27707 0.066234 -2.09094 7.42 7.546 

3 2 2 -27.2945 139.9374 6.86856 -6.17708 0.23821 -8.67094 7.959 7.546 
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4 2 2 -27.2945 139.9374 6.86856 -6.17708 0.23821 -8.67094 6.77 7.271 

5 2 2 -29.0571 129.9913 6.877876 -9.97896 0.335531 -13.8639 7.301 7.271 

7 2 2 -41.0494 135.3622 6.967085 -12.0937 0.32213 -13.615 7 7.235 

8 4 2 -73.6822 139.9374 6.847275 -5.91099 0.23821 -5.21025 7.999 6.984 

9 4 2 -77.4414 155.4422 6.861515 -14.4256 -0.06649 -6.1235 7.155 7.123 

10 2 2 -34.7505 121.9051 6.852044 -7.04929 -0.24468 -2.7714 8.143 7.878 

12 2 2 -22.0109 113.9263 6.858368 -11.0063 -0.14339 -1.35894 7.409 7.193 

13 2 2 -40.0934 119.584 6.912618 -9.58296 -0.15891 -1.71325 7.347 7.610 

14 2 2 -32.6801 252.1834 6.915785 -5.9771 -0.30566 -3.47651 5.979 7.288 

15 2 2 -32.6801 252.1834 6.915785 -5.9771 -0.30566 -3.47651 5.409 7.412 

16 4 2 -73.0503 121.9051 6.830402 -6.67461 -0.24468 -4.62083 8.699 7.404 

17 4 2 -66.4765 117.6855 6.833638 -10.534 -0.19133 -2.77225 8.301 5.832 

18 4 2 -82.4343 113.9263 6.834714 -8.74863 -0.14339 -1.87562 8.252 5.832 

19 4 2 -97.47 110.5559 6.835789 -6.92914 -0.10007 -1.60599 8.328 8.687 

20 5 2 -78.6231 124.6071 6.834714 -9.77344 -0.3208 -1.34067 8.678 8.335 

22 5 2 -79.4075 142.007 6.909067 -12.4548 -0.23247 -2.5989 8.18 8.161 

23 4 2 -86.89 126.0112 6.914296 -9.69281 -0.27549 -1.9934 8.092 8.044 

24 4 2 -83.78 115.9831 6.914296 -9.05149 -0.11663 -2.36193 7.854 9.046 

27 4 2 -66.9527 138.0388 6.892832 -11.7585 -0.10062 -7.54696 9.046 8.258 

28 4 2 -62.7307 124.6071 6.837433 -9.71363 -0.3208 -1.24479 8 8.752 

31 2 2 -83.5621 155.6899 6.86856 -6.73213 0.358043 -5.10623 5.678 8.332 

33 4 2 -60.1384 155.6899 6.847275 -5.87684 0.358043 -5.33265 7.301 8.443 

34 2 2 -81.0234 137.6577 6.852044 -7.82856 -0.12369 -3.73369 5.538 8.636 

35 2 2 -81.0234 137.6577 6.852044 -7.82856 -0.12369 -3.73369 5.137 7.795 

37 4 2 -62.9221 137.6577 6.830402 -6.6008 -0.12369 -3.55964 9.398 8.266 

38 3 2 -69.4061 137.6577 6.833133 -7.49377 -0.12369 -3.95329 7.538 8.477 

40 3 2 -57.17 121.9051 6.833133 -6.5097 -0.24468 -3.18314 7.955 7.817 

41 3 2 -57.17 121.9051 6.833133 -6.5097 -0.24468 -3.18314 7.854 5.458 

42 3 2 -50.008 138.203 6.766084 -3.96832 -0.04348 -1.87597 7.377 5.458 

45 3 2 -58.8364 127.9604 6.839577 -10.9818 -0.04238 -1.49319 7.636 7.704 

46 3 2 -93.4067 123.8641 6.838506 -6.64637 -0.00758 -1.04313 7.695 7.704 

47 3 2 -9.29029 147.8896 6.853398 -5.0445 0.151643 -1.31842 8.119 6.226 

48 3 2 -54.7002 132.9639 6.847043 -6.26638 -0.07078 -0.9875 8.215 6.226 

51 3 2 -82.8025 139.7947 6.916808 -9.4506 -0.15869 -1.458 7.553 8.381 

52 3 3 -58.2778 128.9201 6.83636 -11.6132 -0.09521 -3.27158 6.585 8.381 

53 3 3 -61.12 140.6617 6.869502 -5.04292 -0.06991 -2.01776 6.728 7.304 
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54 3 3 -50.35 127.7971 6.869502 -4.84684 -0.15952 -2.70141 7.745 7.304 

55 3 3 -68.5837 129.9969 6.894828 -11.6663 -0.07735 -2.67988 5.833 8.052 

56 3 3 -68.5837 129.9969 6.894828 -11.6663 -0.07735 -2.67988 7.051 8.052 

57 3 3 -66.6604 125.9353 6.887202 -6.86258 -0.04582 -2.31235 7.467 7.481 

58 3 2 -62.0413 122.3523 6.886085 -5.3557 -0.15943 -11.8936 8.854 6.695 

59 3 2 -52.2631 122.3523 6.883495 -5.27883 -0.15943 -5.65116 8.036 6.695 

61 3 2 -56.314 120.2524 6.766084 -3.5743 -0.14372 -3.64714 7.77 7.110 

62 3 4 -55.1871 124.5059 7.079053 -3.66243 0.076734 -4.90969 7.886 6.871 

63 3 3 -50.5937 120.8512 7.079053 -3.73075 0.173089 -4.70253 7.824 8.119 

64 3 3 -54.9583 137.7829 7.164841 -4.77618 -0.12392 -4.64549 9.155 7.629 

65 3 3 -44.0101 108.204 6.865174 -6.81588 -0.0048 -9.69608 7.638 7.083 

69 3 1 -50.6574 116.7646 7.104324 -4.76892 0.038815 -4.63435 10 7.256 

70 3 1 -49.9626 147.1747 7.104324 -4.68858 -0.0697 -4.50114 10 7.114 

72 3 1 -53.3434 131.8994 7.104324 -5.32245 0.122619 -2.8024 9.699 6.484 

73 3 2 -48.8851 117.3458 7.079053 -4.30733 -0.01406 -3.27971 9.398 6.942 

75 3 2 -54.0616 135.5557 7.104324 -5.03856 0.055679 -3.08116 8.921 7.568 

76 3 3 -57.8453 123.6087 7.104324 -4.38902 0.268015 -4.73668 8.066 6.483 

77 3 3 -54.3975 119.2908 7.124906 -5.18846 0.318221 -5.89969 8.538 6.483 

78 3 3 -51.896 115.444 7.145073 -5.84161 0.363531 -7.03301 8.347 6.983 

79 3 3 -49.6377 111.9951 7.164841 -6.24613 0.404619 -7.87937 7.77 8.700 

80 3 3 -56.7693 111.9951 7.141072 -8.74121 0.404619 -13.5419 8.268 8.533 

81 3 3 -58.1944 121.8697 7.133022 -6.28263 0.164524 -8.48279 8.721 8.159 

82 3 3 -64.8939 145.6448 7.164841 -5.48071 -0.11052 -6.68132 8.658 7.961 

83 3 3 -53.0894 119.762 7.160919 -5.85377 0.32973 -7.05569 8.796 7.758 

84 3 3 -52.9828 115.9586 7.167881 -7.27311 0.372716 -9.64774 8.638 8.476 

85 3 3 -56.168 109.4561 7.17403 -12.411 0.447814 -12.4782 8.143 8.797 

87 3 3 -54.4743 118.4149 7.172497 -8.32598 0.234901 -13.3272 9.523 8.010 

 

Appendix Table A3. Golbraikh and Tropsha model acceptability criteria of the S-MLR 

model (equation 1) 

Parameters Threshold Equation 1 

Q2 Q2 > 0.5 0.789 

r2 r2 > 0.6 0.626 

|r02 – r’02| | r02 – r’02| < 0.3 0.050 

k 0.85 < k < 1.13 0.993 
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(r2 - r02)/ r2 (r2 - r02)/ r2 < 0.1 0.035 

k’ 0.85 < k’ < 1.15 1.000 

(r2 – r’02)/ r2 (r2 – r’02)/ r2 < 0.1 0.116 

 

 

Appendix Table A4. Summary of 50 HQSAR models 

Model Fragment distinction R2 R2
CV R2 SE Length Component 

1 A 0.883 0.686 0.883 0.377 151 6 

2 B 0.31 0.259 0.31 0.88 97 1 

3 C 0.634 0.48 0.634 0.646 353 2 

4 H 0.403 0.172 0.403 0.854 97 6 

5 Ch 0.403 0.172 0.403 0.854 97 6 

6 DA 0/685 0.408 0/685 0.62 257 6 

7 A/B 0.903 0.681 0.903 0.344 401 6 

8 A/C 0.895 0.671 0.895 0.358 401 6 

9 A/H 0.799 0.579 0.799 0.496 257 6 

10 A/Ch 0.877 0.676 0.877 0.387 151 6 

11 A/DA 0.859 0.567 0.859 0.415 401 6 

12 B/C 0.645 0.519 0.645 0.646 257 2 

13 B/H 0.31 0.259 0.31 0.88 97 1 

14 B/Ch 0.31 0.259 0.31 0.88 97 1 

15 B/DA 0.678 0.425 0.678 0.627 59 6 

16 C/H 0.634 0.48 0.634 0.646 353 2 

17 C/Ch 0.634 0.48 0.634 0.646 353 2 

18 C/DA 0.838 0.538 0.838 0.444 307 6 

19 H/Ch 0.403 0.172 0.403 0.854 97 6 

20 H/DA 0.685 0.408 0.685 0.62 257 6 

21 Ch/DA 0.685 0.408 0.685 0.62 257 6 

22 A/B/C 0.898 0.656 0.898 0.353 257 6 

23 A/B/H 0.778 0.52 0.778 0.521 353 6 

24 A/B/Ch 0.9 0.677 0.9 0.35 353 6 

25 A/B/DA 0.851 0.599 0.851 0.426 257 6 

26 B/C/H 0.645 0.519 0.645 0.636 257 2 

27 B/C/Ch 0.645 0.519 0.645 0.636 257 2 

28 B/C/DA 0.835 0.556 0.835 0.449 71 6 

29 C/H/Ch 0.634 0.48 0.634 0.646 353 2 

30 C/Ch/DA 0.838 0.538 0.838 0.444 307 6 
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31 A/B/C/H 0.755 0.482 0.755 0.542 199 5 

32 A/B/C/Ch 0.873 0.629 0.873 0.39 257 5 

33 A/B/C/DA 0.858 0.571 0.858 0.416 257 6 

34 A/B/H/Ch 0.773 0.508 0.773 0.526 353 6 

35 A/B/H/DA 0.762 0.467 0.762 0.539 353 6 

36 A/B/Ch/DA 0.868 0.567 0.868 0.401 199 6 

37 A/C/H/Ch 0.756 0.468 0.756 0.546 353 6 

38 A/C/H/DA 0.756 0.524 0.756 0.543 53 6 

39 A/C/Ch/DA 0.882 0.558 0.882 0.379 401 6 

40 A/H/Ch/DA 0.764 0.405 0.764 0.537 257 6 

41 B/C/H/Ch 0.645 0.519 0.645 0.636 257 2 

42 B/C/H/DA 0.835 0.556 0.835 0.449 71 6 

43 B/H/Ch/DA 0.678 0.425 0.678 0.627 59 6 

44 C/H/Ch/DA 0.838 0.538 0.838 0.444 307 6 

45 A/B/C/H/Ch 0.789 0.447 0.789 0.507 199 6 

46 A/B/C/Ch/DA 0.873 0.529 0.873 0.394 401 6 

47 A/B/C/H/DA 0.782 0.428 0.782 0.516 257 6 

48 A/B/H/Ch/DA 0.767 0.402 0.767 0.533 401 6 

49 B/C/H/Ch/DA 0.835 0.556 0.835 0.449 71 6 

50 A/B/C/H/Ch/DA 0.76 0.398 0.76 0.535 257 6 

 

 

Appendix Table A5. Descriptors used in LDA model for the training and the test sets. 

Cpd No          IC2      Mor28m      H6m          nCt     F05[C-N] F05[C-C]       Binary 

1 4.207 0.35 0.055 1 2 15 0 

2 4.207 0.384 0.042 1 2 15 0 

3 4.681 0.74 0.145 1 4 17 0 

4* 4.681 0.74 0.303 1 4 17 0 

5 4.499 0.522 0.528 1 4 21 0 

6 4.814 0.803 0.216 1 5 23 0 

7 4.395 0.695 0.254 1 5 23 0 

8 4.681 0.534 0.131 1 3 17 0 

9 4.782 0.187 0.439 1 3 19 0 

10 4.721 0.352 0.203 1 4 18 1 

11 4.762 0.252 0.209 1 5 19 0 

12 4.535 0.233 0.483 1 4 20 0 

13 4.587 0.281 0.274 1 6 21 0 

14 4.801 0.279 0.53 1 4 18 0 

15 4.801 0.303 0.498 1 4 18 0 

16 4.721 0.159 0.191 1 3 19 1 

17 4.661 -0.013 0.214 1 3 20 1 
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18 4.762 -0.04 0.269 1 4 20 1 

19 4.539 0.085 0.255 2 5 20 1 

20 4.873 0.033 0.217 1 3 20 1 

21 4.587 0.193 0.28 1 5 22 0 

22 4.759 0.241 0.29 1 5 22 1 

23 4.723 0.015 0.179 1 5 22 1 

24 4.773 0.21 0.317 1 5 22 0 

25 4.682 -0.013 0.178 1 5 17 1 

26 4.79 -0.046 0.105 1 7 21 1 

27 4.832 0.096 0.223 1 3 24 1 

28 4.835 0.215 0.267 1 3 19 1 

29 4.687 -0.033 0.404 1 5 21 0 

30 4.681 0.894 0.476 1 4 17 0 

31* 4.681 0.632 0.464 1 4 17 0 

32 4.681 0.786 0.179 1 3 17 0 

33 4.681 0.787 0.173 1 3 17 0 

34 4.721 0.438 0.36 1 4 18 0 

35 4.721 0.4 0.349 1 4 18 0 

36* 4.721 0.432 0.153 1 3 19 1 

37 4.721 0.346 0.136 1 3 19 1 

38* 4.681 0.398 0.388 1 3 18 0 

39 4.681 0.351 0.323 1 3 18 1 

40 4.681 0.154 0.311 1 3 18 0 

41 4.681 0.117 0.251 1 3 18 0 

42 4.426 0.37 0.113 1 3 15 0 

43 4.623 0.477 0.304 1 3 19 0 

44* 4.623 0.419 0.308 1 3 19 1 

45 4.499 0.498 0.249 1 3 20 0 

46* 4.504 0.501 0.288 2 5 19 0 

47 4.965 0.492 0.376 1 3 20 1 

48 4.921 0.423 0.327 1 4 20 1 

49 4.552 0.346 0.317 1 5 21 0 

50* 4.739 0.463 0.339 1 5 21 0 

51 4.687 0.436 0.354 1 5 21 0 

52* 4.671 0.421 0.342 1 5 19 0 

53 5.015 0.578 0.408 1 8 20 0 

54* 5.015 0.268 0.383 1 8 20 0 

55 4.446 0.32 0.324 1 7 21 0 

56 4.446 0.426 0.341 1 7 21 0 

57 4.702 0.544 0.479 1 8 21 0 

58 4.783 -0.141 0.228 1 3 21 1 

59 4.743 0.259 0.264 1 3 19 1 

60 4.743 0.523 0.318 1 3 19 0 

61 4.426 0.099 0.123 1 3 15 0 

62* 4.724 0.145 0.248 1 7 19 0 

63 4.686 0.075 0.234 1 5 21 0 
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64* 4.733 -0.037 0.387 1 5 23 1 

65* 4.563 0.292 0.32 1 5 23 0 

66* 4.62 0.345 0.356 1 5 24 0 

67 4.662 0.343 0.255 1 3 23 1 

68 4.644 0.068 0.236 1 1 23 1 

69 4.648 0.007 0.248 1 1 25 1 

70 4.595 -0.054 0.145 1 1 23 1 

71* 4.595 0.089 0.167 1 1 23 1 

72* 4.648 0.119 0.207 1 1 25 1 

73 4.645 -0.027 0.139 1 3 23 1 

74 4.724 0.183 0.224 1 3 21 1 

75* 4.768 0.244 0.289 1 3 23 1 

76* 4.721 -0.153 0.193 1 5 21 1 

77 4.661 -0.125 0.316 1 5 22 1 

78 4.535 -0.115 0.349 2 5 23 1 

79 4.36 -0.227 0.266 1 5 24 0 

80* 4.539 -0.095 0.349 2 7 24 1 

81* 4.864 -0.206 0.252 1 6 22 1 

82* 4.721 -0.252 0.42 1 5 21 1 

83* 4.803 0.023 0.319 2 5 23 1 

84 4.798 -0.167 0.333 2 6 24 1 

85 4.68 -0.162 0.457 2 8 25 1 

86* 4.538 -0.018 0.372 1 8 25 1 

87 4.973 0.089 0.341 2 6 24 1 

 

Appendix Table A6. Summary of Classification Functions (LDA model 

Variable G_1:0 p=.50000 G_2:1 p=.50000 

Mor28m -17.577 -23.922 

IC2 277.514 290.858 

H6m -160.490 -173.678 

nCt 43.631 48.095 

F05[C-N] -5.934 -6.741 

F05[C-C] 5.029 5.485 

Constant -671.544 -739.562 

 Appendix Table A7. Summary of the discriminant function analysis for the LDA model 

Discriminant Function Analysis Summary (LDA_vWSP_final) 

Step 6, N of vars in model: 6; Grouping: Binary (2 grps) 

Wilks' Lambda: .39300 approx. F (6,58)=14.931 p< .0000 
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Appendix Table A8. Summary of the discriminant function analysis for the LDA model 

Chi-Square Tests with Successive Roots Removed (LDA_vWSP_final) 

Roots 

 

Remove 

Eigen- 

value 

Canonicl 

R 

Wilks' 

Lambda 

Chi-Sqr. df p-level 

0 1.544554 0.779105 0.392996 56.03733 6 0.000000 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

N: 65 Wilks'  Lambda Partial  

Lambda 

F-remove 

(1,58) 

p-level Toler. 1-Toler. (R-

Sqr.) 

Mor28m 0.473163 0.830573 11.83132 0.001085 0.837157 0.162843 

IC2 0.552258 0.711617 23.50456 0.000010 0.732679 0.267322 

H6m 0.459008 0.856185 9.74235 0.002806 0.667161 0.332840 

nCt 0.435953 0.901465 6.33975 0.014589 0.751396 0.248604 

F05[C-N] 0.440844 0.891464 7.06155 0.010158 0.663524 0.336476 

F05[C-C] 0.427689 0.918882 5.12017 0.027410 0.722185 0.277815 
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Appendix  Table A9. Raw coefficients for canonical variables of LDA model 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Appendix Table A10. Posterior probabilities and squared Mahalanobis distances for the 

LDA model. 

Cpd 

No 

Observed 

Classification. 

Posterior probabilities 
Squared Mahalanobis 

distance 

G_1:0 (Inactives) G_2:1 (Actives) 

1 0 0.705341 0.294659 

2 0 0.068756 0.931244 

3 0 0.002723 0.997277 

4 0 0.593644 0.406356 

5 0 0.998641 0.001359 

6 0 0.002788 0.997212 

7 0 0.998763 0.001237 

8 0 0.866979 0.133021 

9 0 0.944905 0.055095 

Raw Coefficients (LDA_vWSP_final) 

 

for Canonical Variables 

Variables Root 1 

Mor28m -2.5780 

IC2 5.4210 

H6m -5.3581 

nCt 1.8136 

F05[C-N] -0.3280 

F05[C-C] 0.1854 

Constant -27.5015 

Eigenval 1.5446 

Cum.Prop 1.0000 
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10 1 0.994137 0.005863 

11 0 0.994389 0.005611 

12 0 0.615962 0.384038 

13 0 0.618875 0.381125 

14 0 0.433703 0.566297 

15 0 0.993249 0.006751 

16 1 0.952757 0.047243 

17 1 0.963269 0.036731 

18 1 0.952437 0.047563 

19 1 0.103214 0.896786 

20 1 0.069643 0.930357 

21 0 0.065089 0.934911 

22 1 0.006040 0.993960 

23 1 0.779185 0.220815 

24 0 0.959769 0.040231 

25 1 0.354884 0.645116 

26 1 0.046741 0.953259 

27 1 0.348630 0.651370 

28 1 0.406906 0.593094 

29 0 0.039128 0.960872 

30 0 0.089035 0.910965 

31 0 0.642069 0.357931 

32 0 0.999800 0.000200 

33 0 0.957096 0.042904 

34 0 0.954006 0.045994 

35 0 0.956936 0.043064 

36 1 0.937898 0.062102 

37 1 0.154364 0.845636 

38 0 0.856603 0.143397 
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39 1 0.999415 0.000585 

40 0 0.343658 0.656342 

41 0 0.690449 0.309551 

42 0 0.980358 0.019642 

43 0 0.934242 0.065758 

44 1 0.963022 0.036978 

45 0 0.210597 0.789403 

46 0 0.266806 0.733194 

47 1 0.974499 0.025501 

48 1 0.947893 0.052107 

49 0 0.953304 0.046696 

50 0 0.999445 0.000555 

51 0 0.999423 0.000577 

52 0 0.004879 0.995121 

53 0 0.297701 0.702299 

54 0 0.821874 0.178126 

55 0 0.910725 0.089275 

56 0 0.277074 0.722926 

57 0 0.233442 0.766558 

58 1 0.010362 0.989638 

59 1 0.003159 0.996841 

60 0 0.007847 0.992153 

61 0 0.073956 0.926044 

62 0 0.219337 0.780663 

63 0 0.997993 0.002007 

64 1 0.017809 0.982191 

65 0 0.628830 0.371170 

66 0 0.000448 0.999552 

67 1 0.035249 0.964751 
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68 1 0.000245 0.999755 

69 1 0.994810 0.005190 

70 1 0.282749 0.717251 

71 1 0.949924 0.050076 

72 1 0.912013 0.087987 

73 1 0.791450 0.208550 

74 1 0.898493 0.101507 

75 1 0.977553 0.022447 

 

Appendix Figure A1. (A) 2D molecular docking interactions between MMP-12 (PDB ID: 

1RMZ) and compound 69; (B) 2D molecular docking interactions between MMP-12 (PDB 

ID: 1RMZ) and compound 70. 
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