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Abstract. 
Cystic fibrosis is one of the most common inherited diseases and is caused by a mutation in a membrane protein, the cystic fibrosis transmembrane conductance regulator (CFTR). This protein serves as a chloride channel and regulates the viscosity of mucus lining the ducts of a number of organs. Although much has been learned about the consequences of mutations on the energy landscape and the resulting disrupted folding pathway of CFTR, a level of understanding needed to correct the misfolding has not been achieved. The most common mutations of CFTR are located in one of two nucleotide binding domains, namely, the nucleotide binding domain 1 (NBD1). We model NBD1 using a nested graph model. The vertices in the lowest layer each represent an atom in the structure of an amino acid residue, while the vertices in the mid layer each represent the residue. The vertices in the top layer each represent a subdomain of the nucleotide binding domain. We use this model to quantify the effects of a single point mutation on the protein domain. We compare the wildtype structure with eight of the most common mutations. The graph-theoretic model provides insight into how a single point mutation can have such profound structural consequences.


1. Introduction
Cystic fibrosis is the most common genetic disorder in the Caucasian population. Cystic fibrosis (CF) is caused by a single point mutation in the cystic fibrosis membrane conductance regulator (CFTR) protein [1–4]. CFTR is a chloride channel located in the apical membrane of epithelial cells and plays a fundamental role in transepithelial salt and water movement [5]. A mutation of this protein affects a number of organs in the body such as lungs, pancreas, reproductive organs, and colon. The viscosity of the mucus that lines the ducts of these organs is altered by the increased salt levels resulting in sticky mucus plugs that disrupt the normal function of these organs. A mutation in the CFTR protein occurs in approximately one in every twenty individuals in the Caucasian population and there are more than one thousand nine hundred different reported mutations of CFTR resulting in different levels of severity of clinical consequences [6]. Although there are a large number of reported mutations of CFTR, the deletion of phenylalanine at position 508 (ΔF508) occurs in more than 90% of the CF population [7]. The ΔF508 mutation prevents the correct folding of the protein and consequential degradation [7, 8]. Thus, this mutation results in one of the more severe phenotypes. Once considered a fatal disease, knowledge about the mechanisms and clinical consequences of the mutations of this membrane protein has raised the expected life span to nearly forty years. Despite the extended life expectancy, the quality of life for people with cystic fibrosis is still very affected and the variation in life expectancy is very pronounced.
CFTR is a member of the ATP-Binding Cassette (ABC) transporters. There are forty-nine human ABC transporters, including the multidrug resistance protein (MDR) which thwarts many efforts to utilize chemotherapy to treat various cancers [9]. Similar to most ABC transporters, CFTR contains two membrane spanning domains and two nucleotide binding domains (NBD1 and NBD2). CFTR also contains a regulatory domain (R) which none of the other ABC transporters have [9]. It is well known that the role of CFTR is multifaceted, serving as both a transporter and an ion channel and regulating the activity of other channels such as the epithelial sodium channel, ENaC [10]. Control of CFTR channel activity is modulated by the phosphorylation of the R domain by protein kinase A. Although a great deal has been learned about the control of CFTR channel gating by phosphorylation and ATP binding/hydrolysis, details about the specific interactions remain unknown and may require the knowledge of the complete 3D structure of the entire protein [11–14]. Due to the size of the protein, this has proven to be difficult. 
It is interesting to note that when ΔF508 is successfully folded in vitro, there is very little change in the energy landscape and the folded protein is relatively stable [15]. Thus a great deal of the focus on the treatment of cystic fibrosis is directed towards finding a means by which the protein can escape the degradation tag [1, 16, 17]. This approach alone has proven to be difficult and most likely insufficient because the key question remains: Why is the deletion of this particular amino acid, F508, so catastrophic? In [6] it was demonstrated that self-chaperoning activity is diminished as a consequence of the missing phenylalanine residue. Furthermore, it has been shown that cross-linking between NBD1 which contains F508 and a cytoplasmic loop between two of the membrane spanning helices is critical to the gating mechanism and this is disrupted by the deletion of ΔF508 [3]. Consequently, novel methods that employ a combination of knowledge about the energy landscape and structural information coupled with functional attributes are needed. 
A mutation that results in the absence of a single residue in a protein structure has a profound local effect, but how this local perturbation manifests to a global one as in the case of ΔF508 remains unclear. Protein structures in general are replete with mutations that result in a single amino acid substitution or deletion, many of which cause no disruption in the synthesis and functionality of the protein. It is still not clearly understood how and why each of these mutations of CFTR, ΔF508 in particular, causes such a profound effect. To address the key question, how the deletion of phenylalanine at position 508 results in the complete loss of function of CFTR, we build a graph-theoretic model of NBD1, the domain containing ΔF508. With the vertex-weighted hierarchical graph representation of the protein domain NBD1, we present a method to model the effect of a single point mutation of a protein. Using the hierarchical, vertex-weighted graph, we define novel combinatorial descriptors based on these vertex-weights. We employ these graph-theoretic measures to quantify the consequences of nine mutations of CFTR’s NBD1, including ΔF508. Each mutation results in a distinct set of graph-theoretic measures that are both local and global and capture the underlying structural “network” consequences of the mutation. Our model reveals a process by which a local change can produce a significant global change. Once we identify the combinatorial measure at the global level that distinguishes a particular mutation, we can reverse our steps to the lower level to see which structural changes in the intermediate level were responsible for these global changes.
Earlier efforts to model proteins as networks with graphs were introduced in [18, 19]. In an earlier work by Haynes et al., we introduced the use of the domination number of a graph to quantify a biomolecule [20]. We used the domination number and variations of the domination number to classify small tree graphs (4–6 vertices) as either RNA-like or not RNA-like. We found the domination number of a graph to be a better means to quantify the structural properties of secondary RNA structure than the second smallest eigenvalue utilized by the RNA database RAG [21]. In [22], we use the domination number, coupled with other graph invariants, to quantify the amino acid residue structures in order to build a predictive model for protein-ligand binding affinity. Although both of these were successful, the authors noted the shortcomings of graphical invariants as molecular descriptors. Namely, in all graphical invariants, the weights of the vertices are assumed to be one. In fact, the reason that these measures are called invariants is because they are invariant under isomorphism. However, two vertex-weighted graphs whose (nonweighted) structures are isomorphic may have different values when these measures incorporate the vertex-weights. The measures that we define, although derived from well-established graphical invariants [23, 24], are no longer invariant under isomorphism since the weights of the vertices are incorporated into the definition of the measure. Consequently we have termed these values combinatorial descriptors. Our method of building nested vertex-weighted graphs is described below. 


2. Materials and Methods
2.1. Overview of Graph-Theoretic Model
We model NBD1 with a series of nested graphs. First, each of the twenty most common amino acids is the modeled as a graph. Given an amino acid, the backbone and central carbon atom are represented by a single vertex and each of the atoms in the corresponding amino acid residue structure is represented by a vertex. Vertices in the residue are weighted by the nearest integer value of the mass of the corresponding atom. Edges are determined by molecular bonds and hydrogen atoms are ignored. Using each of these hydrogen suppressed models of the twenty most common amino acids, we obtain twenty corresponding vectors of descriptors based on the graph-theoretic measures: weighted domination, weighted diameter, circumference and weighted periphery. We also use a measure of polarity found in [25] and a measure of hydrophobicity found in [26]. These measures were used and can be found in [22]. 
We next partition the sequence of CFTR that corresponds to the NBD1 domain into eight subsequences. In particular, we obtain the following subsequences denoted by 
	
		
			

				𝑆
			

			

				𝑖
			

		
	
 : 
	
		
			

				𝑆
			

			

				1
			

		
	
, 
	
		
			

				𝑆
			

			

				2
			

		
	
, 
	
		
			

				𝑆
			

			

				3
			

		
	
, 
	
		
			

				𝑆
			

			

				4
			

		
	
, 
	
		
			

				𝑆
			

			

				5
			

		
	
, 
	
		
			

				𝑆
			

			

				6
			

		
	
, 
	
		
			

				𝑆
			

			

				7
			

		
	
, and  
	
		
			

				𝑆
			

			

				8
			

		
	
. In determining these subsequences, we are guided by the secondary structures of the protein. Each subsequence contains one and only one type of secondary structure, either a beta strand, an alpha helix, or a loop. The loop regions may contain turns, a 3/10-helix or an alpha helix with no more than 6 residues. The corresponding subsequences of each subdomain are provided in Table 1.
Table 1: Subsequences of the sequence for NBD1 of CFTR.
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  and edges are determined by a proximity measure of eight angstroms. The distance endpoints are determined by the center of mass of each residue in the 3D structure provided in 2BBO [27] in the Protein Data Bank [28]. For example, the subdomain graph 
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 which contains F508 is given in Figure 2. At the highest level, we represent the NBD1 as a single graph with eight vertices, one for each subdomain graph 
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 is represented by a vertex and edges are determined by proximity in the 3D structure provided in [27]. The edges of the NBD1 CFTR Graph, or simply the domain graph 
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, are based on a proximity measure where the distance endpoints are determined by a threshold distance between any two residues of each subdomain. In conclusion, the nested graph has three layers. At the lowest level we have a collection of twenty small vertex-weighted graphs, one for each of the twenty most common amino acids. At the middle level, we have a collection of eight vertex-weighted graphs, 
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 in which each vertex represents an amino acid and the weights of the vertices are the combinatorial descriptors of the amino acid graphs at the lower level. At the highest level, we have a vertex-weighted graph 
	
		
			

				𝐺
			

		
	
 that represents the nucleotide binding domain NBD1. The vertices, each, represent one of the subdomain graphs 
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 and the weights assigned to these vertices are derived from the vertex-weighted graph descriptors of each 
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. Using these measures we obtain a final set of graph-theoretic-based measures for the domain graph 
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 of NBD1.  This modeling scheme is illustrated in Figure 1.


	
		
	
		
			
			
			
			
			
			
			
			
			
			
			
			
			
			
			
			
			
			
			
			
		
	
	
		
	
		
	
		
	
		
	
		
	
		
	
		
	
		
	
		
	
		
	
		
	
		
	
	
		
	
		
	
		
	
	
	
		
			
				
			
			
				
			
			
				
			
		
	
	
		
			
				
			
			
				
			
			
				
			
		
	
	
		
			
				
			
			
				
			
			
				
			
		
	


	
		
		
		
		
		
		
		
		
		
	
	
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
	
	
		
			
				
				
				
				
				
				
				
				
				
			
		
		
			
				
			
		
		
			
				
			
		
		
			
				
			
		
		
			
				
			
		
		
			
				
			
			
				
			
		
		
			
				
			
			
				
			
		
		
			
				
			
			
				
			
		
		
			
				
			
			
				
			
		
		
			
				
			
			
				
			
		
		
			
				
			
			
				
			
		
		
			
				
			
			
				
			
		
	
	
		
			
				
			
			
				
			
			
				
			
			
				
				
			
			
				
			
			
				
			
			
				
			
			
				
			
			
				
			
			
				
			
			
				
			
			
				
			
			
				
			
		
	
	
		
			
				
			
			
				
			
			
				
				
			
			
				
			
			
				
			
			
				
			
			
				
			
			
				
			
			
				
			
			
				
			
			
				
			
			
				
			
		
		
			
				
			
			
				
			
			
				
				
			
			
				
			
			
				
			
			
				
			
			
				
			
			
				
			
			
				
			
			
				
			
			
				
			
			
				
			
		
	

Figure 1: The nested graph model.




	
		
			
			
			
			
			
			
			
			
			
			
			
			
			
			
			
			
			
			
			
			
			
			
			
			
		
	
	
	
		
	
	
		
	
		
	
		
	
		
	
		
	
		
	
		
	
		
	
		
	
		
	
		
	
		
	
		
	
		
	
		
	
		
	
		
	
		
	
	
	
	
		
	
		
	
		
	
		
	
		
	
		
	
		
	
		
	
		
	
		
	
		
	
		
	
	
		
	
		
	
		
	
		
	
		
	
		
	


	
		
		
		
		
	
	
		
		
		
		
	
	
		
		
		
		
	
	
		
		
		
		
	
	
		
		
		
		
	
	
		
		
		
		
	
	
		
		
		
		
	
	
		
		
		
		
	
	
		
		
		
		
	
	
		
		
		
		
	
	
		
		
		
		
	
	
		
		
		
		
	
	
		
		
		
		
	
	
		
		
		
		
	
	
		
		
		
		
	
	
		
		
		
		
	
	
		
		
		
		
	
	
		
		
		
		
	
	
		
		
		
		
	
	
		
		
		
		
	
	
		
		
		
		
	
	
		
		
		
		
	
	
		
		
		
		
	

Figure 2: Subdomain graph 
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 with 508F and without 508F.


Having obtained a set of measures for the wildtype NBD1 domain, we select eight disease causing mutations found in the Cystic Fibrosis Mutation Databank [6] that occur in NBD1. Given that we have selected eight mutations to model, we now obtain a set of graph-theoretic measures for each mutation in the following way. To measure the global structural effect of a single point mutation, we first make the corresponding change at the residue level. This change affects one of the subdomains 
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. We obtain a new subdomain graph 
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 of the effected subdomain by utilizing I-TASSER, an online protein folding server [29]. For example, in Figure 2, we show 
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 containing F508 and the graph with the predicted structural changes as a consequence of deleting F508. 
For each mutation, we obtain a new graph for the subdomain where the mutation occurred. Note that an amino acid switch mutation produces a graph that contains a different residue together with different set of combinatorial descriptors. Since both the structure of 
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. In this way we incorporate the graph-theoretic changes of a single point mutation with the predicted structural change by using the vertex-weights at each level. The edge set of the domain graph 
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 remains unchanged, but the weights of the vertices are adjusted according to the structural (both vertex and edge) changes of the underlying subdomain graphs. Since our measures are based on vertex-weights, we obtain a new set of values associated with each mutation. These, together with the wildtype, provide a set of measures for nine distinct graphs. Using MATLAB [30], we calculate the differences of these nine distinct domain graph measures. We describe this process in more detail in the sections below. 
2.2. Level One: The Amino Acid Graphs
We represent each of the hydrogen suppressed residue structures as a rooted, vertex-weighted graph. The central carbon atom of the amino acid serves as the root and the atomic masses measured to the nearest integer value serve as the vertex-weights. We quantify the weighted graphical structure using combinatorial measures from graph theory. In a combinatorial optimization setting, graph measures are typically defined by determining the maximum (minimum) values under a specified constraint. For example, a set of vertices is said to dominate a graph if all remaining vertices are adjacent to at least one vertex in the dominating set. Trivially, the entire vertex set is a dominating set; thus the optimal set is one of minimum cardinality. We adjust the definitions of three combinatorial measures to include the weights of the vertices and use these measures as biomolecular descriptors. We provide the definitions of these vertex-weighted combinatorial measures as follows. (i)Weighted domination number: a vertex set 
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 is a dominating set of vertices. A minimum dominating set in a vertex-weighted graph is dominating set whose vertex sum is a minimum. The weighted domination number is this minimum sum.(ii)Weighted diameter: the distance between two vertices 
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. The weighted diameter of a graph is the maximum weight among all minimum weighted distances in the graph.(iii)Weighted periphery: a vertex whose distance from the center of a graph is maximum is known as a peripheral vertex. In this work, the graphs we use to model the residue chains were considered to be rooted at the central carbon atom of the backbone and we measured from the root as opposed to the center. Thus the periphery is the maximum weight among all vertices whose distance from the root is maximum.
We did not use the vertex-weights for the circumference, the fourth measure. (i)Circumference: a cycle in a graph is a path whose begin (start) vertex equals the end vertex. Note that the standard graph-theoretic definition of a path requires that no vertex be repeated in the traversal of the path; hence in a cycle we make the exception for the begin/end vertex. The circumference of a graph is the length (or number of vertices) in the largest cycle of the graph. If a graph does not have a cycle, then we say that it has circumference number zero. 
2.3. Level Two: The Subdomain Graphs 
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 of NBD1
We represent each of these eight subsequences as a graph by reading in the 3D coordinates of the subsequence from the Protein Data Bank of the structure found in [27]. Each vertex represents a residue and the edges between residues are determined by a maximum threshold of 8 angstroms where the endpoints of the edges are the corresponding centers of mass of each residue. Table 1 contains the respective subsequences for each subdomain. In order to model a single point mutation, we replace a given amino acid with a different amino acid, or we delete a single amino acid. This new sequence of the subdomain determined by the mutation is then submitted to I-TASSER to obtain a predicted 3D structure of the mutated subdomain. Therefore, a single point mutation affects one and only one of the eight subdomain graphs. The predicted structure is used to create the new subdomain graph 
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 corresponding to the mutation. A large number of measures were calculated for each 
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 based on the size and structure of these subdomain graphs. For this study we had selected a number of measures and used these as weights for the vertices of the domain graph 
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. We use these to define combinatorial measures for the 
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2.4. Level Three: The NBD1 Domain Graph 
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The domain graph has eight vertices, one for each subdomain as defined in the above section. Edges are based on proximity of the 3D structure. Rather than using the centers of mass as we did for both levels one and two, here we use the backbone as reference points, and if any two alpha carbons are within threshold proximity, we apply an edge. Combinatorial descriptors for the domain graph are defined to measure the effects, both local and global, of the mutation. We rely on much of the work in Chemical Graph Theory for the selection of our measures. For example, many of the classical topological indices utilize the number of distinct paths of length 3 or overlapping paths of length 3 [31, 32]. We also select graphical invariants whose measures can reflect structural changes, even in a very small graph. The first combinatorial descriptor we define later measures the edge density. All of the definitions that we used for the combinatorial descriptors for this work are given as follows. 
2.4.1. Total Circumference Degree Ratio Minimum Degree
Each of the vertices in the subdomain graphs are labeled with the circumference measure of the corresponding residue. The total circumference is the sum of these vertex-weights. The ratio of this subdomain total circumference to the subdomain degree in 
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Note. We do not consider any vertex to be in its own neighborhood. If a mutation occurs in a subdomain graph causing a change to that vertex-weight, it will not affect this measure of that subdomain. Rather the measure will be reflected in a change among its proximity neighbors. We define similar weighted degree measures below.
2.4.2. Total Hydrophobic Maximum Degree
Each vertex in the subdomain graphs 
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2.4.3. Total Hydrophobic Minimum Degree
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2.4.4. Total Polarizability Maximum Degree
Each vertex in the subdomain graphs 
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2.4.5. Total Polarizability Minimum Degree
Each vertex in the subdomain graphs 
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2.4.6. Total of the Edge/Vertex Ratio
Each vertex in 
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 is weighted with the ratio of edges to vertices in the underlying subdomain graph. The sum of the vertices in 
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				Σ
				𝑒
				/
				𝑣
			

		
	
.
2.4.7. Minimum Triangular Edge/Vertex-Weight
There are fourteen triangles in 
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. The weight of a triangle is the sum of the vertex-weights defining the triangle. We use the edge/vertex ratio for the vertex-weights as before mentioned and find the minimum weighted triangle in 
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2.4.8. Minimum Clique-Weighted 
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We weight the vertices with the clique number of the underlying subdomain graph. The clique number of a graph is the order (number of vertices) of the largest complete subgraph. We then assign weights to the edges of the domain graph where the edge weight is the sum of the two end vertices. We now define the weight of a path of length two (or 
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 have clique numbers 4, 4, and 5, respectively, and so the two edges have weights 8 and 9 and the path has weight 17. Note that this approach gives more “weight” to the central vertex, which is intentional. We denote this by 
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2.4.9. Minimum Double Domination Center
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. The subgraph induced by the set of all vertices with minimum eccentricity in the graph is called the center of the graph. The vertices of the subdomain graph are labeled with the residue domination number and then the weighted domination number of the subdomain graph is calculated and becomes the weight of the vertex in the domain graph. We define the average weight of the center of the domain graph using this double-domination measure and we denote it by 
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2.4.10. Periphery Diameter Maximum Influence
Each vertex in the subdomain graph is weighted by the corresponding periphery value of the underlying residue. The weighted diameter of the subdomain graph is calculated and then this value is assigned to the corresponding vertex in the domain graph 
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. We determine the maximum weighted degree divided by the number of edges incident to each vertex to measure this periphery-diameter maximum influence, denoted by 
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2.5. Modeling the Mutations
To model a single point mutation, such as the substitution mutation G542A, we find that 542 is in 
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. We change the residue in the specified position 542 from the amino acid G to A in 
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. Or, as in the case of Figure 2, we submit the sequence of 
	
		
			

				𝑆
			

			

				2
			

		
	
 without 508F to I-TASSER to obtain the 3D coordinates of the resulting predicted structure of 
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. We are therefore using the knowledge of the biophysical properties incorporated by the I-TASSER algorithm rather than simply relabeling the graph. Now that we have the predicted structural change, we incorporate the graph-theoretic change. Using the amino acid descriptors described earlier, we relabel the vertex with the new associated vector and recalculate the combinatorial measures of that subdomain using the combinatorial descriptors defined before to produce a new vector to be associated with that subdomain. Consequently, in the domain graph, the subdomain (vertex) receives a new set of values and we then recompute the measures of the NBD1 domain graph 
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. The values for each of the nine graphs are given in Table 2. 
Table 2: Combinatorial descriptors.
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	WT	16.7	−22.5	14.754	7.57	6.857	6.447	21.602	17	36	14.855
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I507	12.2	−22.0	14.568	7.38	6.857	6.030	21.390	17	36	14.521
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F508	13.9	−22.0	14.464	7.28	6.307	6.030	21.390	17	36	14.455
	G542A	16.7	−22.0	14.800	7.62	6.857	6.447	21.245	11	36	15.355
	S549N	16.7	−22.0	14.826	7.64	6.857	6.447	21.387	17	36	14.730
	S549I	16.7	−22.0	14.878	7.69	6.857	6.447	21.459	11	36	15.355
	S549R	16.7	−22.0	14.983	7.80	6.857	6.447	21.459	17	36	14.730
	G551D	14.0	−24.7	14.754	7.68	6.857	6.447	22.102	17	12	14.855
	R560T	20.5	−18.2	14.754	7.39	6.857	6.447	22.102	17	36	14.855
	



3. Results and Discussion
To analyze the results from the changes in the combinatorial measures due to a single point mutation, we employed MATLAB. We first calculate the p-distance for the data using the Euclidean distance measure. Using these results, we determined the default linkage and the corresponding dendrogram that is shown in Figure 3. The first resulting dendrogram reveals that G551D has graphical consequences more distinct than the other mutations due to its relative distance from all of the other mutations.


	
		
			
			
			
			
			
			
			
			
			
				
			
				
			
			
				
			
				
			
				
			
				
		
	


	
		
	
	
		
		
	
	
		
	
	
		
		
	
	
		
		
	
	
		
		
	
	
		
		
	
	
		
		
		
		
		
	
	
		
		
		
		
		
	
	
		
		
		
		
		
	
	
		
		
		
		
		
	
	
		
		
		
		
		
	
	
		
		
		
		
		
	
	
		
			
				
			
			
				
				
				
				
			
		
		
			
				
			
			
				
				
				
				
			
		
	

Figure 3: Dendrogram using all of the combinatorial measures.


It is well known that the consequences of G551D mutation on CFTR are distinct from ΔF508 [6]. Whereas CFTR is altogether absent from the membrane surface in patients with ΔF508, this is not the case for patients with the G551D mutation. The protein CFTR is present at the surface; however, the G551D-CFTR gating mechanism is faulty and thus the clinical consequences are similar. To correct the G551D defect, one needs to find a small molecule that can increase the efficiency of the gating mechanism which proved to be more easily addressed. At this time, G551D is the only mutation for which there exists a treatment that addresses the molecular consequences of the mutation rather than the clinical outcomes. Vertex Pharmaceuticals recently received FDA approval for a drug (ivacaftor) marketed as Kalydco, which uses a small molecule stabilizer of the mutant protein [33]. There are no other treatments available for the remaining mutations, although a combinatorial library of small molecules potential correctors exists for CFTR. 
Also of interest in the resulting dendrogram is the association of S549I with G542A, rather than with S549R and S549N. To further investigate S549I, we use different combinations of descriptors and the consequences of these variations. In Figure 4, we show the result of removing the minimum double domination center measure from the model. In doing so, we now find that S549I is closely associated with G551D. 


	
		
			
			
			
			
			
			
				
			
			
			
			
			
			
			
			
			
		
	


	
		
		
	
	
		
		
		
		
		
	
	
		
		
		
		
		
	
	
		
		
		
		
		
	
	
		
		
		
		
		
	
	
		
		
		
		
		
	
	
		
		
		
		
		
	
	
		
	
	
		
	
	
		
	
	
		
	
	
		
	
	
		
	
	
		
	
	
		
			
				
			
			
				
				
				
				
			
		
		
			
				
			
			
				
				
				
				
			
		
	

Figure 4:  Dendrogram without the combinatorial measures based on double domination.


This points to an advantage of quantifying the mutations by combinatorial measures since we can now return to the measures to see which graph-theoretic properties are driving these distinctions. Removing one of the particular measures that brings S549I closer to G551D allows us to investigate exactly which amino acid residues are key in the changed measure. Consequently, since there is an effective treatment for G551D, we can reveal what must be addressed in order for this treatment to also be effective for S549I. In particular, by employing the principles of reverse engineering, we can identify which residues are critical for the calculation of the minimum double domination center. The effects of ivacaftor on CFTR channel gating and chloride transport were tested in cells expressing different CFTR gating mutations, among them S549N and S549R [33]. Ivacaftor was effective in addressing defects in CFTR channel gating but not nearly as effective as the correction achieved in G551D. Our model predicts that S541I is a more likely candidate to be corrected by ivacaftor since a slight adjustment in the combinatorial measures resulted in a closer association of S549I with G551D. Our model may also help determine which small molecules will be more effective for the S549N and S549R mutations. 
Future work will include a complete list of vertices and the corresponding residues that participate in the calculation of the minimum double domination center 
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 as well as other associations that can be found. The results we report here are preliminary, but we feel that they are worth reporting due to the novelty of the approach. Perhaps the greatest distinction of the model is the realization that the structural properties of proteins can be quantified by graph-theoretic measures that are based solely on combinatorial optimization methods and these quantities do not rely on biophysical or biochemical properties. Thus, when these methods are coupled together, more information can be obtained than by either one alone. An increased understanding of the effects of a single-point mutation will help guide molecular targets for future drug design efforts.
Much of the emphasis in computational biology and computational chemistry involves the mining of large data sets in response to the deluge of data coming from the biological sciences arena. Necessarily, these modeling schemes and resulting algorithms do not transcend well to small data sets. Small data sets with very high similarity among the elements in the set cannot be mined using algorithms intended for large, more diverse sets. There has been a call, from the pharmaceutical industries especially, for more computational models that are designed for smaller, highly similar sets. High-throughput analysis may successfully reduce tens of thousands of potential small molecules down to hundreds of candidates. But given the high cost of clinical trials and the high rate of failure of many of these trials, additional models designed specifically for further refinement are a topic of research interest in structure-based drug design. With this work, we propose that combinatorial graph theory can be effectively utilized to define biomolecular descriptors when graphical invariants are modified to incorporate vertex-weights. These vertex-weights are not to be considered labels; rather they should contain structural information, especially with respect to the particular biomolecule under study. 
4. Conclusion
Knowledge regarding the consequences of ΔF508 and other mutations is essential for the rational design of drugs for the treatment of cystic fibrosis. We have shown that meaningful information can be obtained by adding graph-theoretic modeling to the toolbox. This information, together with strategies to determine changes in the energy landscape, will help address the consequences of this mutation as well as provide a guide for applying this approach to other diseases caused by a single point mutation or possibly a small set of mutations.
Nucleotide binding domains of ATP-binding proteins are highly conserved and contain a well-described set of motifs. The most commonly occurring mutation that causes cystic fibrosis is located in the nucleotide binding domain 1 of the cystic fibrosis transmembrane conductance regulator. In order to guide the rational design of a corrector molecule for the mutant cystic fibrosis protein, more must be learned about the consequences of the mutation on the protein domain. It is now understood that the deletion of phenylalanine at 508 causes a number of disruptions, but the exact mechanisms are not fully understood. We expect that the information revealed in this work will provide a new direction in the work to find a cure for cystic fibrosis.
Given that the definitions are motivated by graphical invariants in graph theory such as in [23, 24] together with those defined in chemical graph theory [31, 32] and given the extensive amount of graphical invariants in mathematics, there exists a wealth of resources for novel combinatorial descriptors that can be utilized as quantifiers for biomolecular structures. 
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