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Very little is known to date about the regulation protocol between transcription factors (TFs), genes and microRNAs (miRNAs) associated to diseases in various organisms. In this paper, we focus to find out the activity of miRNAs through the HIV-1 regulatory pathway in human at the systems level. For this, we integrate and study the characteristics of the interaction information between HIV-1 and human proteins obtained from literature and prediction analysis. This information, realized in the form of a bipartite network, is subsequently mined with an exhaustive graph search technique to identify the strong significant biclusters, which are effectively the bicliques. They are unified further to form the core bipartite subnetwork. Many of the known HIV-1 associated kinase proteins (including LCK) are found in this core module. From this, the secondary significant proteins are identified by mapping these gateway proteins to the human protein-protein interaction network. Finally, these proteins are mapped onto the TF-to-miRNA and miRNA-to-gene regulatory networks derived from two current studies to obtain a global view of the HIV-1 mediated TF-gene-miRNA inter-regulatory network. Interestingly, a few miRNAs participating in this pathway at the second level are found to have oncogenic involvement.



1 Introduction Human immunodeficiency virus (HIV) is a lentivirus (a member of the retrovirus family with long incubation period) that can lead to acquired immunodeficiency syndrome (AIDS). In this condition, the human immune system begins to fail leading to life-threatening infections 1 . HIV-1 is a species of the HIV virus that relies on human host cell proteins in virtually every phase of its life cycle. Much of the ongoing research regarding human immunodeficiency is focused over either the study of host immune system or the discovery of effective drugs 2,3 . Viral-host protein-protein interactions (PPIs) are occasionally analyzed in the former approach 4, in which we are particularly interested here. One of the main goals of research associating PPIs is to predict unknown viral-host connections. This kind of interaction information is useful to identify and prioritize the important viral-host associations. This is specifically aimed at assisting drug developers targeting protein interactions for the development of specially designed small molecules to inhibit potential HIV-1-Human PPIs. Targeting protein-protein interactions has relatively recently been estaba Department of Computer Science and Engineering, Jadavpur University, Kolkata - 700032, India. E-mail: [email protected] b Machine Intelligence Unit, Indian Statistical Institute, 203 B. T. Road, Kolkata - 700108, India. E-mail: {malay r, sanghami}@isical.ac.in c Department of Computer Science and Engineering, University of Kalyani, Kalyani - 741235, India. E-mail: [email protected]



lished to be a promising alternative of the conventional approach to drug design 5 . In this study, some published records of validated interactions between a set of HIV-1 proteins and a set of human proteins are analyzed in combination with some novel predicted interactions to identify strong interaction modules. For this purpose, we realize the complete interaction information as a bipartite network. The validated interactions (direct and indirect) between HIV-1 proteins and human (Homo sapiens) proteins were collected from a lately published dataset 4,6 . Our aim is to find significant substructures representing strong interaction modules consisting of a set of HIV-1 proteins and a set of human proteins. So, the motif we are interested in is a bicluster or effectively a biclique in the interaction network. Each biclique of this bipartite network represents a strong interaction module between a set of HIV-1 proteins and human proteins. The motivation is to find out the significant proteins, reflected as gateway proteins, mostly affected by the HIV-1 infection. The problem of finding bicliques is addressed with a comprehensive search technique because of the small size of the network. Some strong bicliques have been found (p-value < 1E−15 for the top three) from the HIV-1 and human protein interaction network. We have further investigated the biological significance of the obtained bicliques. Many of the known protein kinases, participating in the human immunodeficiency pathway, are obtained in this analysis. On combining these bi1–11 | 1



cliques, the HIV-1 and human proteins that are found to take part in the core portion are considered for further investigation. Biological significance test and gene ontology (GO) as well as KEGG pathway based studies have been conducted on these strongly interacting proteins. This is considered as the potential module for a second level regulation analysis through microRNAs (miRNAs). In this article, we pursue this direction of analysis to find out the further possible pathway and complex trait of immunodeficiency signal toward the other biomolecules in human body. Here, we our principle focus is to explore the activity of miRNAs over the HIV-1 regulatory pathway at the molecular level in human. These miRNAs are non-coding small RNAs (∼22nt), which regulate mRNA stability and translation through the action of an RNA-induced silencing complex (RISC) 7 . Various biological processes, e.g., insulin secretion, cell proliferation, brain development, apoptosis etc., are controlled by miRNAs and emerging evidences strengthen the belief about their involvement in various diseases like fragile X syndrome, schizophrenia, cancer and many others 8 . Recent studies in systems biology suggest that there exists a complex regulatory network between genes, transcription factors (TFs) and miRNAs 9 . Study of such regulatory network is indeed promising for disease analysis in various organisms. The involvement of microRNAs (miRNAs) in the regulatory pathway of HIV-1 in human is not yet fully explored. There is limited information regarding the regulation protocol between transcription factors (TFs), genes/proteins and miRNAs. We map the gateway proteins found beforehand onto the TF-tomiRNA and miRNA-to-gene regulatory networks provided in two current studies 10,11 . We found some significant miRNAs participating in the regulatory pathway of HIV-1. With the intuition that these miRNAs are possibly the promising candidates for further therapeutic study, we have carried out extended analysis. Some miRNAs are found to mediate some diseases through this pathway. In the subsequent section, we summarize some of the earlier works pursued in this direction.



2 Related Studies Analyzing the regulation between viral and host proteins in different organisms helps to uncover the underlying mechanism of various viral diseases. One of the main goals of research on protein-protein interaction is to predict possible viral-host interactions, which can be obtained via biological experimentations or can be predicted in silico 12 . Among the experimental methods, yeast two-hybrid (Y2H) screens have been widely used by the biologists. The Y2H system can detect both transient and stable interactions. Another popularly used experimental method in the context of PPI is mass spectrometry which is used to identify the components of protein complexes. Several other experimental approaches (reviewed 2|
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in 13 ) like X-ray crystallography, nuclear magnetic resonance (NMR), fluorescence resonance energy transfer (FRET), etc. are also used in recent times for biologically established prediction of PPIs. There are several computational approaches for predicting PPIs 12 , but most of these approaches are mainly used for determining PPIs in a single organism, such as yeast, human etc. However, determination of PPIs across multiple organisms such as between viral proteins and the corresponding host proteins can contribute to the development of new therapeutic approaches and design of drugs for these viral diseases. The first effort to initiate the global analysis of the HIV-1 and human protein inter-regulation, going beyond the level of limited biological experiments, is started with the publication of a database of interaction records 4,6 . This database reports connections between HIV-1 and human proteins of about 70 interacting categories (e.g., upregulation, downregulation, inhibition, binding, etc.) collected through literature curation. In spite of the limitations like curation error and redundancy in this dataset 14 , it enables a global level study. Several interaction prediction efforts have subsequently emerged in this domain to strengthen such interaction information 15–17 . In 17 , a random forest classifier is used to predict novel interactions between HIV-1 and human proteins. This classifier, built upon a set of 35 well-defined features, is able to achieve a mean average precision (MAP) of ∼0.23. In view of the high imbalance between the defined classes of positive and negative samples in this database, the performance is certainly good. As an extension to this work, they have recently proposed a semi-supervised learning method employing multilayer perceptron 18. They select 18 features from their early set of 35. They also filter the interaction data reported in 6 using the expert opinion from 16 researchers annotating 361 interacting protein pairs. With this, they obtain an increased MAP value of 0.277. On the other side, Evans et al. have used the peptide motifs in HIV-1 and human protein sequences in a recent analysis to investigate the viral-host protein connection through multiple sequence alignment 16. In a relatively recent study, similar prediction of interactions have been made between a pair of HIV-1 and human protein based on the structural similarity 15 . As a natural parallelism to such studies, the viral-host interaction information have also been started to be analyzed in a broader perspective. In a recent study by MacPherson et al., a binary matrix has been prepared by considering all the interactions provided in 6 as ’1’ and the others (protein pairs that are not reported as interacting) as ’0’ 14 . Thus, a large network is realized and subsequently mined to obtain a large number of biclusters using a Binary inclusion-Maximal (BiMax) biclustering algorithm 19. These biclusters have further been analyzed extensively to identify the significant host-cell subsystems that are perturbed during the course of HIV-1 infection



and their characterization. Unfortunately, all these studies are explicit to the expansion or analysis of the biologically validated protein-protein interactions. In spite of the rapid advancements, blueprinting the nature of perturbation of the TF-miRNA-gene inter-regulatory network by the HIV-1 infection is little explored. The regulation of HIV-1 proteins by miRNAs (and vice versa) are being analyzed in some relatively recent studies only 20–22 . Still, they are limited to in vivo analysis on a particular miRNA, particular HIV-1 protein or a single pair in combination. In a broader view, many questions on the inter-regulation of the TFs, miRNAs and genes remain to be addressed 23. Here, we keep the focus to this particular direction of immunodeficiency regulatory analysis through miRNAs.



ing the HIV-1 proteins numbered as 2 and 4, and the human proteins 2, 4, 5 and 6. We are interested in identifying a set of HIV-1 proteins and a set of human proteins that have strong interactions among them. These strongly interacting modules can be represented as the bicliques in the interaction bipartite network 24, where each HIV-1 protein will have a link to all the human proteins and vice-versa. Thus finding this type of strong interaction modules is basically a problem of finding the bicliques (the all-1 submatrices in the binary matrix) from the bipartite network. We are interested in finding the set of maximal bicliques such that none of the biclique is a subset of another.



3 Studying the Viral-host Protein Interactome For the immunodeficiency signal analysis at the postinteraction level of viral and human proteins, the background knowledge is here the interaction information realized as a network, i.e. the interconnection of viral-host proteins and intraconnection of host proteins. We visualize the interaction information (regulation, inhibition, binding etc.) as a network for systematic analysis using graph-theoretic techniques. 3.1 The Bipartite Viral-host Protein Interaction Network The interactions between two distinct sets of m HIV-1 proteins and n human proteins, all together, can be realized as a bipartite network (equivalently a bicluster) N = (H , H, I), where, H denotes a set of HIV-1 proteins {H1 , H2 , . . . , Hm }, H denotes a set of human proteins {H1 , H2 , . . . , Hn } and I ⊆ H × H represents the arcs of the network corresponding to those interactions. Evidently, H ∩ H = φ . This bipartite network N can also be represented by a binary matrix B = [bi j ] of size m × n, in which each row corresponds to an HIV-1 protein and each column corresponds to a human protein. Thus, an element bi j = 1 (i ∈ {1, 2, . . ., m}, j ∈ {1, 2, . . ., n}) in B, if there is an arc (report of connection) between the ith HIV-1 protein and the jth human protein in the corresponding bipartite network, otherwise bi j = 0. For the purpose of illustration, example of a bipartite network is shown in the left half of Fig. 1 and the corresponding binary matrix is provided alongside. A biclique in the bipartite network is equivalent to an all-1 submatrix in the corresponding binary matrix. A biclique can be formally defined as follows. Definition 3.1 (Biclique) A biclique is a fully connected subnetwork N ′ = (H ′ , H ′ , I ′ ) ⊆ N of a bipartite network N, i.e. ∃(m, n) ∈ I ′ : ∀m ∈ H ′ , ∀n ∈ H ′ . The realization of a biclique in the form of an all-1 submatrix is highlighted in Fig. 1, where a biclique is shown involv-



Fig. 1 Equivalence of a biclique and an all-1 submatix. The proteins connected by solid lines in the bipartite network correspond to the all-1 submatrix shown within the solid rectangle in the lower adjacency matrix. The lower adjacency matrix is obtained from the upper one by permuting the rows and columns.



3.2 Biclique Finding Enumerating the bicliques in a bipartite network has got major attention in bioinformatics research with the finding that it has an equivalence with biclustering 25. In the corresponding binary matrix of the bipartite network, if the rows and columns are rearranged (as shown for rows {2, 4} and columns {2, 4, 5, 6} in Fig. 1) to bring together the rows and columns such that they form an all-1 segment, a corresponding biclique will be formed. So, any data matrix can be analyzed likewise to discover compact submatrices, even though biclique finding algorithms are in general applied on networks (graphs). Let us denote a set of m HIV-1 proteins and n human proteins as H (m) and H (n) , respectively. Further suppose that a biclique constituted with m HIV-1 proteins and n human proteins is represented as H H (m,n) = (H (m) , H (n) ). If the sizes are represented with lower thresholds instead of a constant cardinality, say at least m HIV-1 and n human proteins then they are denoted as H H (≥m,≥n) . Now, we formalize an exhaustive graph search procedure in Algorithm 1 to find out the all-1 submatri1–11 | 3



Algorithm 1 Exhaustive enumeration of maximal bicliques Input: A binary adjacency matrix B = [bi j ]|H |×|H| corresponding to a bipartite network N = (H , H, I). Output: The set of maximal bicliques H H = {H H1 , H H2 , . . . , H Hk }. Algorithmic Steps: 1: Set m = 4, H∗ = φ and H H = φ // Initialization 2: repeat 3: for all H (m) ⊆ H : H (m) ∈ / H∗ do 1 (n) 4: Find the H for which bH H is n ∑(n) ∏ (m) j i Hi ∈H



5: 6: 7: 8: 9: 10: 11: 12:



H j ∈H



maximum // Formation of a biclique if n ≥ 4 then H H = H H ∪ (H (m) , H (n) ) H∗ = H∗ ∪ H (m) end if end for m = m+1 until Nothing more is added to H H Remove H Hi from H H, ∀H Hi ⊂ H H j : H Hi , H H j ∈ H H // Check for maximality



At the beginning of Algorithm 1 (step 1), we consider a threshold of size 4 for the HIV-1 proteins to be selected within a biclique. We search for the bicliques starting from such an initial set H (4) . To construct a biclique, we find out the maximal set of (step 4) human proteins H (n) that form an all-1 submatrix with H (4) . We only accept the biclique, formed with H (4) and H (n) if n is not of size less than 4 (step 5). The same set of operations is enumerated (steps 3-10) with an increased m until nothing more is left to add to the solution set H H. Finally (step 12), the maximal set of bicliques are only retained to produce the solution.



4 Empirical Analysis



4.1 Collection of Input Data We collected the interaction information between 17 HIV-1 and 1403 human proteins as reported in 17 . This has been prepared based on a recently published PPI interaction data set 6 . The interaction data set comprises three types of interactions, viz., direct physical interactions, indirect interactions, and the interactions predicted by Tastan et al. 17 . The interactions of the third kind are basically the predicted ‘Novel’ interactions. All these types of interactions are considered in this study. The authors in 17 report the strength of interaction between 3372 pairs of HIV-1 and human proteins in terms of a prediction score T . This value ranges within [0, 4.34]. By setting a lower threshold of T , we extract out the stronger interactions only. To filter out the weaker interactions, we first studied the distribution of the number of interacting protein pairs with certain prediction scores as shown in Fig. 2. It is evident from the figure that a large number of interactions has very low prediction scores (close to 0). The number of interactions goes on decreasing with the increase in the prediction score T . However, when the prediction score is around 2.0, the number of interacting protein pairs suddenly increases and beyond 2.0, it decreases again. Hence, it appears that there is a knee in the distribution when the prediction score is 2.0. Therefore, we set a lower threshold of T = 2.0 on the prediction scores to filter out the weaker interactions. This results to the selection of 630 strong interactions. The corresponding bipartite network thus contains 17 nodes representing HIV-1 proteins and 1403 nodes representing human proteins, and 630 edges representing the stronger viral-host interactions. Subsequently, the binary matrix of size 17 × 1403 corresponding to the bipartite network is constructed. An entry of 1 in the matrix denotes the presence of interaction between the corresponding pair of HIV-1 and human proteins, and an entry of 0 represents the absence of an interaction. The resulting binary matrix is treated as the input to the biclique finding algorithm.
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In this section, we describe the basic analyses carried out in this study. First, we describe the preparation of the input data set. Thereafter, the application of the maximal biclique enumeration algorithm and its outcome are discussed. Finally, we demonstrate the biological significance of the results and its implication to find out how the regulatory signals are passed on further within a human organism through the miRNAs. 4|
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Fig. 2 Distribution of the number of interacting protein pairs with certain prediction scores.



Initially, we have studied the global distribution of interactions within this bipartite network. For this, we analyze the



degree distribution of the HIV-1-human protein pairs in the network. Let us define the pairwise degree of a HIV-1 protein H and a human protein H as D(H , H) = D(H ) + D(H) − 1, given the degree values of the HIV-1 and the human proteins as D(H ) and D(H), respectively. We arrange the degree values (defined this way) in the descending order and plot in Fig. 3(a). The mean of these degree values is found to be around 272 and the maximum is 1860. The frequency and log-log probability distributions of the degree values of the HIV-1 and human protein pairs are shown in Fig. 3(b) and Fig. 3(c), respectively. It can be noted from the discrete distribution observed in Fig. 3(b) that there are some inherently strong but disjoint modules of HIV-1 and human protein pairs that is possibly forming the bicliques. Even from Fig. 3(c), we can follow the discrete patterns recursing the similar power-law nature that is initially followed within the range k = [0, 15) in this distribution. This strengthens the motivation of the current study of focusing on bicliques.



4.2 Applying the Biclique Finding Algorithm The minimum substructure we are interested herein is formally considered as H H (≥4,≥4) , i.e. a biclique that contains at least 4 HIV-1 proteins and 4 human proteins. Targeting this, we obtain 14 overlapping maximal bicliques from the interaction bipartite network by employing the methodology described in Algorithm 1. Initially (before the maximality verification), a total of 29 bicliques are found. After the subroutine of maximality check (final step in Algorithm 1) it reduces to 14. Of the 14 substructures obtained, the strongest biclique (with a mean interaction score of ∼3.14) is found to contain 4 HIV-1 and 9 human proteins. Significantly, 75% of the interactions present (27 out of 36) in this strong biclique is either of type group-1 or group-2. So, this biclique does not contain too many new interactions (of type ‘Novel’) from the prediction results published by Tastan et al. 17 . It is therefore significantly strong based on the literature survey by Ptak et al. 4 . The substructure of this strong module including the interactions supported from the literature only, is shown in Fig. 4.
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Fig. 4 The validated interactions in the strongest maximal biclique identified from the HIV-1-human protein interaction network by comprehensive search.
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The maximal biclique comprising the largest number of HIV-1 proteins, H H (6,4) (found a single one), is indeed a significant substructure (p-value = 5.02E−16) within the entire network. However, the three most significant bicliques that would have not been obtained by chance are H H (4,9) (found two, p-value = 1.49E−26) and H H (5,7) (found a single one, p-value = 7.73E−23). These three are the largest of the maximal and fully connected bipartites H H (≥4,≥4) within the interaction network.



(c) 4.3 The Core Bipartite Module Fig. 3 The pairwise degree values of HIV-1 and human proteins in the bipartite interaction network (a) arranged in the descending order, (b) distributed by frequency values, and (c) distributed in the log-log scale of probability.



The 14 bicliques explored with exhaustive search are found to constitute a strongly connection subnetwork. They in fact belong to a strong bipartite subnetwork, referred hereafter as core bipartite module, as the subnetwork of 7 HIV1–11 | 5



1 proteins (env gp120, env gp160, env gp41, gag matrix, nef, pol RT, tat) and 19 human proteins (AP2B1, CALM1, CALM2, CALM3, CD4, CXCR4, IFNG, LCK, MAPK1, PRKACA, PRKCA, PRKCB1, PRKCD, PRKCE, PRKCG, PRKCI, PRKCQ, RAF1, TP53). Interestingly, among these 19 human proteins, CD4 and CXCR4 are two important cell membrane proteins that act as the receptor and co-receptor for the viral entry, respectively 26. Also, the progression of AIDS is known to happen due to the depletion of CD4 cells, the master coordinators of the immune response, leaving the body susceptible to pathogens 2. Recent findings suggest that the alteration of the p53 pathway triggers the apoptosis in HIV-1infected CD4+ primary T cells through tat protein 27. Interestingly, all the components (tat, CD4 and TP53) participating in this discovered activity are present in the core bipartite module we identified. The minimum and maximum degree values of HIV-1 proteins are observed as 9 and 18 in this core bipartite module, whereas the minimum and maximum degree values for human proteins are 4 and 7, respectively. The clustering co-efficient of this core bipartite module is ∼0.72. The clustering co-efficient of a network N, which is alternatively termed as the density, is defined as the ratio of the number of arcs within N to the maximum number of arcs that can possibly occur within it 24 .



4.5.1 Biological Relevance. Most of the core regulated human proteins (14 of the 16 proteins having entry in HPRD 29 ) are found to be involved in the biological activity of cell communication and signal transduction. Only a single protein IFNG is related to immune response. The molecular functions of these proteins are mainly kinase activities (protein serine, threonine and protein-tyrosine), calcium ion binding, or receptor activity (transmembrane, G-protein coupled). While verifying the cellular components, we obtained their types to be mainly of kinase, calcium binding protein or receptor. Significantly, where 11 of the total proteins are kinases, only one of them (LCK) is of distinct type. The protein LCK is a tyrosine kinase where the others are of category serine or threonine. The LCK gene is a significant participator in human primary immunodeficiency. The involvement of LCK gene in a part of the primary immunodeficiency pathway (hsa05340) is shown in Fig. 5.



4.4 Analysis of the Core Regulating Module From the perspective of regulation, the recognized core bipartite module coalesces a regulating module (7 HIV-1 proteins) and a regulated module (19 human proteins). On further analyzing the HIV-1 proteins found in the core regulating module, we observe three major categories of functioning. These are – virion attachment and entry (env gp120, env gp160, env gp41, gag matrix), reverse transcription (nef, pol RT) and regulation (tat) 28 . Of these, the first four are structural proteins and the other three are enzymatic protein, accessory protein and regulatory protein, respectively. Thus, they collectively cover up an entire cycle of viral activity in a host cell. Most interestingly, the three predicted motifs for these 7 HIV-1 proteins, which are most common (protein kinase C, casein kinase II and tyrosine kinase), are very rare among the others. So, this regulating module is involved in mediating the kinase activities in the host cells. 4.5 Analysis of the Core Regulated Module The strong interaction modules contributing to a large module of human proteins are likely to share coherent biological activities. We explore whether the human proteins that have high affinity to the viral proteins share common biological characteristics. For this, we further analyze the 19 proteins constituting the core regulated module. 6|
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Fig. 5 The LCK gene participating in the primary immunodeficiency pathway along with CD4 (partial view).



4.5.2 Ontological Analysis. To specifically study the coherence of the 19 human proteins (by analyzing the corresponding genes) found in the core module, we examined their annotation results from the GO (The Gene Ontology Consortium, 2000) using a web-based tool FatiGO 30 . FatiGO fetches the GO terms for a given query with respect to a reference set of genes. The significance of association with GO terms is accounted based upon the p-value threshold of 1.00E−04. The significant annotated terms obtained from biological process (20 in total, of which more than 50% are at or higher than level 5) and molecular function (15 in total, of which almost 50% are at or higher than level 5) are reported in Table 1 and Table 2, respectively. From the annotation results (shown in Table 1), cell death is obtained as the most common biological process. As a whole, at least 75% of the annotated genes is found in the human protein module for each of the significant terms in this category. Similarly, more than 81% (see Table 2) of the annotated genes are found in the human protein module for the sigficant molecular functions obtained. The most frequent molecular function is notably the kinase activity. The



viral proteins have long been recognized to cause apoptosis (programmed cell death) through kinase activities 31 . Another interesting thing is to note the enrichment of the gateway proteins (p-value = 3.00E−08) in the post-translational protein modification (GO:0043687). This is an important intracellular activity by which conformational changes of proteins do happen causing the regulation of protein functions. However, no significant terms are observed for cellular component with the stringent p-value threshold. 4.5.3 Pathway Analysis. Presumably the human proteins found in the strong core module will pertain to the same metabolic activities. Therefore we carried out pathway analysis from Kyoto Encyclopedia of Genes and Genomes (KEGG) 32. We annotated the core regulated 19 human proteins with the pathways in KEGG. The best annotation results in the involvement of a subset of proteins (PRKACA, PRKCD, MAPK1) pertaining to the signaling pathway of Gonadotropin-releasing hormone (GnRH) (hsa04912) with a p-value of 2.12E−05. From the earlier observation, we obtained these three proteins all within a single biclique (the largest one of the 14 bicliques identified) and also noticed their functional (both biological and molecular) coherence. The GnRH pathway shows that signaling downstream of protein kinase C (PKC) leads to transactivation of the epidermal growth factor (EGF) receptor and activation of mitogenactivated protein kinases (MAPKs), including extracellularsignal-regulated kinase (ERK), Jun N-terminal kinase (JNK) and p38 MAPK. The activation of transcription factors and rapid induction of early genes take place through the translocation of active MAPKs to the nucleus. The prevention of HIV-1 infection through the chemo-kine receptor fusion like resisting the GnRH receptor to the plasma membrane has already been established to be a promising therapeutic advancement 33,34 . The three proteins PRKACA, PRKCD, MAPK1 are possibly the key regulators involved in the further progress in this direction. 4.5.4 Further Analysis Excluding the General Kinase Proteins. Due to the over-presence of kinases in the bicliques, the question about the significance of the strong bipartite module naturally arises. For answering this, the study is reinitiated by excluding the general protein kinases (PRKACA, PRKCA, PRKCB1, PRKCD, PRKCE, PRKCG, PRKCI and PRKCQ) from the realized viral-host bipartite protein interaction network. We applied Algorithm 1 on the reduced network and obtained 4 bicliques (p-value < 1E−05) encompassing at least 4 human and HIV-1 proteins, respectively. After combining these bicliques, we obtained a bipartite module with clustering co-efficient ∼0.78. This is indeed a strong module without including any of those general kinase proteins. However, the module contains two protein kinases of special types mitogen-activated (MAPK) and lymphocyte-specific (LCK).



Most importantly, the clustering co-efficient of the entire core bipartite module that includes the kinase proteins (∼0.72) increases with this kind of protein kinase filtering. Therefore, the compactness of the identified core module (comprising the gateway proteins) was probably not due to expected interactions contributed by the kinase proteins. We further annotated the human proteins of this filtered module and found significant functional enrichments from GO 30 . Fig. 6 shows the most significant subpart of the GO DAG for molecular function. A significant subset of these proteins are found to be associated with binding activities, with titin binding as the key function (both p-value and adjusted p-value < 1E−05). The clathrin assembly lymphoid myeloid (CALM) protein is associated with majority of the significant modules explored. It is interesting to note that CALM participates in altering the subcellular localization of a lymphoid regulator 35. Again, both the proteins AP2B1 and CXCR4 belonging to this module are related to the Endocytosis pathway of human (hsa04144 in KEGG). In fact, recent studies claim that this pathway, dependent on clathrin and dynamin in an earlier stage, is involved in intercellular HIV-1 transfer 36. Reports from such studies also hypothesize that virions can be occupied through endocytosis but not be degraded in lysosomes during HIV-1 transfer via cell contact. So, the gateway proteins found in the beforehand analyses appears to be significantly associated with AIDS. 4.5.5 The Strong Hub of Human Proteins. We further examine the interactions between the core 19 human proteins as of the information retrieved from Human Protein Reference Database (HPRD) 29 . Seven of these proteins (LCK, RAF1, PRKCA, PRKCD, PRKCE and PRKCQ) are found to form a well-interacting module within themselves having a clustering coefficient of ∼0.47. The entire network can be realized from interactions and colorization as shown in Fig. 7(a) and Fig. 7(b), respectively. Further topological analysis is carried out by computing the generalized topological overlap measure (GTOM) 37 between the comprehensive set of protein pairs (heatmap shown in Fig. 7(c)) and applying the hierarchical clustering (average linkage) on the similarity matrix. The dendrogram provided in Fig. 7(d) shows the clustering result obtained in this way. These proteins appear to be the potential candidates to transmit the immunodeficiency signal to the other biomolecules in a human body. 4.6 Studying the Involvement of MiRNAs There is little information available in the current literature regarding the regulation protocol between TFs, genes/proteins and miRNAs. Here, our focus is over the extended regulation from proteins to miRNAs. There are validated and putative evidences of such regulation where a protein, operating as a TF, activates/represses (or binds to the promoter region of) an 1–11 | 7



Table 1 Significant GO terms from the biological process annotated with the human proteins found in the strong bipartite module. Match in and out denote the percentage of annotation of the proteins appearing in and out of the module, respectively.



Level 3 3 3 4 4 4 4 4 4 5 5 5 5 5 6 6 6 7 7 8



GO term Cell communication Death Cellular developmental process Phosphorus metabolic process Signal transduction Protein metabolic process Cellular macromolecule metabolic process Cell differentiation Positive regulation of biological process Phosphate metabolic process Intracellular signaling cascade Biopolymer modification Cell development Cellular protein metabolic process Phosphorylation Protein modification Cell death Post-translational protein modification Programmed cell death Protein amino acid phosphorylation



ID (GO:0007154) (GO:0016265) (GO:0048869) (GO:0006793) (GO:0007165) (GO:0019538) (GO:0044260) (GO:0030154) (GO:0048518) (GO:0006796) (GO:0007242) (GO:0043412) (GO:0048468) (GO:0044267) (GO:0016310) (GO:0006464) (GO:0008219) (GO:0043687) (GO:0012501) (GO:0006468)



Match in 75.42% 88.79% 79.68% 90.64% 76.65% 75.98% 75.32% 79.2% 83.94% 90.16% 86.57% 83.44% 81.04% 74.57% 91.26% 82.87% 87.13% 84.53% 85.44% 91.26%



Match out 24.58% 11.21% 20.32% 9.36% 23.35% 24.02% 24.68% 20.8% 16.06% 9.84% 13.43% 16.56% 18.96% 25.43% 8.74% 17.13% 12.87% 15.47% 14.56% 8.74%



p-value 2.03E−07 2.68E−06 1.46E−05 1.53E−10 7.27E−08 3.26E−06 1.85E−05 1.95E−05 5.60E−05 2.91E−10 2.30E−09 2.54E−07 2.26E−05 2.94E−05 6.54E−11 4.00E−07 8.62E−06 3.00E−08 7.52E−05 1.68E−11



Table 2 Significant GO terms from the molecular function annotated with the human proteins found in the strong bipartite module. Match in and out denote the percentage of annotation of the proteins appearing in and out of the module, respectively.



Level 3 3 3 4 4 4 4 4 5 5 5 5 6 6 7
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GO term Lipid binding Transferase activity Nucleotide binding Diacylglycerol binding Purine nucleotide binding Protein N-terminus binding Transferase activity, transferring phosphoruscontaining groups Glycoprotein binding N-terminal myristoylation domain binding Adenyl nucleotide binding Phosphotransferase activity, alcohol group as acceptor Kinase activity ATP binding Protein kinase activity Protein serine/threonine kinase activity
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ID (GO:0008289) (GO:0016740) (GO:0000166) (GO:0019992) (GO:0017076) (GO:0047485) (GO:0016772)



Match in 93.65% 83.94% 81.05% 99.03% 81.86% 99.26% 86.37%



Match out 6.35% 16.06% 18.95% 0.97% 18.14% 0.74% 13.63%



p-value 2.44E−08 8.32E−07 6.18E−06 9.07E−15 2.89E−06 2.20E−06 1.26E−05



(GO:0001948) (GO:0031997) (GO:0030554) (GO:0016773) (GO:0016301) (GO:0005524) (GO:0004672) (GO:0004674)



99.58% 99.84% 83.38% 88.83% 87.01% 84.46% 90.62% 87.1%



0.42% 0.16% 16.62% 11.17% 12.99% 15.54% 9.38% 12.9%



5.17E−05 6.43E−08 9.92E−07 2.35E−06 8.42E−06 7.77E−08 2.77E−07 4.49E−05



Fig. 6 The enrichment of molecular function of the proteins found in the core bipartite module excluding the kinase proteins within the GO DAG.



miRNA to regulate it 10,38 . We employ such information for further analysis of the involvement of miRNAs in the regulatory pathway of HIV-1.
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Fig. 7 Analysis of the strongly interacting module of human proteins through the (a) network visualization, (b) visualization of the interaction map, (c) heatmap of the similarity matrix computed with the GTOM, and (d) dendrogram obtained by applying the average linkage hierarchical clustering on the GTOM similarity matrix.



As of now, we have extracted a strong interacting module of HIV-1 and human proteins with the belief that they might be transferring the immunodeficiency signal further to the other biomolecules. The human proteins participating in this bipartite substructure may operate as TFs to construct such a regulation through the miRNAs. As a consequence, the miRNAs that are regulated by these TFs get automatically involved in this pathway. We hypothesize three categories of possible regulations that can initiate the participation of miRNAs to pass on the trail of immunodeficiency signal. These are shown in Fig. 8. Three different types of possible regulations are shown in this figure involving TF1-miRNAI-Gene1, (TF1,TF2)-miRNAII and TF3-miRNAIII-Gene2. In the first case, TF1 may be downregulating miRNAI thereby increasing the production of Gene1. Conversely in the last case, TF3 may be upregulating miRNAIII that in effect decreases the production of Gene2. Here, TF1 and TF2 may be equivalently considered as the proteins coded from Gene1 and Gene2, respectively. But in the second case, the actions of two TFs TF1 and TF2 may nullify one against the other without imparting any effect on miRNAII. In the subsequent discussion we explore the possible occurrence of these motifs based on validated information available in the literature. At the beginning, we accumulate the TF→miRNA reg1–11 | 9



is also known to be associated with HIV-1 20. These observations strengthen the involvement of miRNAs in the pathway of HIV-1 in human. 4.7 Oncogenic Involvement



Fig. 8 The hypothetical regulatory pathway of interactions between TFs, miRNAs and genes at the viral-host post-interaction level. Amongst the various interaction patterns participating in this – interact means co-participating in some activities, up/down-regulate means increasing/decreasing the rate of production, repress means decreasing the rate of production and equate means one-to-one correspondence to the rate of production.



ulation information from two recent sources 10,38 . We focus only on the key proteins identified in course of the current study. The protein PRKCA, operating as a TF in human, has recently been found to repress miR-15a 39. Notably, PRKCA is a high degree node (connected to PRKCG, LCK and RAF1) in the core subnetwork shown in Fig. 7(a). Another TF, TP53 is found to take part in activating 6 other miRNAs (miR-34a, miR-34b, miR-34c, miR-145, miR-192, miR215) 38. The TP53 protein works as a hub within the human proteome for many significant biological activities. Based on a recent analysis 10 , TP53 is found to bind within the 10kb upstream region from the 5′ end of more than 60 miRNAs recognized in the up-to-date literature. We further examine for self-regulation of PRKCA and TP53 through these miRNAs depending upon two validated databases (miRecords 40, TarBase 41 ) and one putative database (TargetMiner 11). But, no such regulation is observed. So, the immunodeficiency signal might be passing on within the complex network of TFs, miRNAs and genes without any self-regulation. On the other side, there are evidences where miR-29, one of the limited known AIDS-causing miRNAs 20 , activate p53 gene by targeting both CDC42 and p85α 42 . Thus, these miRNAs indeed take significant participation in the HIV-1 pathway. Very recently, LCK has been found to be associated with T cell signaling 43. It acts as a mediator of Th2 differentiation and has association with HIV-1 as it has a crucial role in the development of T cell. More interestingly, the RAF1 protein belonging to the core module is already known to be an activating factor of the TF NF-κ B 44 . It basically separates (first observed in one of its oncogenic variant c-Raf-1 44) the cytoplasmic NF-κ B–Iκ B complex that helps in releasing active NF-κ B. Current studies have recently pointed out the existence of a regulatory network between NF-κ B, YY1 and miR29 45, and on the other hand, miR-29 (miR-29a and miR-29b) 10 |
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We extended the regulatory pathway obtained from PRKCA and TP53 through the regulating miRNAs further to the genes they regulate. A large number of genes are found to be targeted by these miRNAs that are mostly associated to cancer. The finding that 2 of those 7 gateway proteins are TFs regulating cancer through miRNAs is indeed statistically significant (p-value = 2.2E−16 obtained with t-test). From a recent database of miRNA-cancer network 46, we identified 11 types of cancers (colon by miR-15a; CLL, CNS, lung, uterus by miR-34a; breast, colon, liver, lung, ovary, hematologic, prostate, uterus by miR-145; lung, thyroid by miR-192; uterus by miR-215) mediated by these miRNAs. However, the most significant involvement of the genes targeted by these miRNAs is with the mitochondrion apoptosis. It is known that the mitochondrial membrane initiates the cellular apoptosis and its destabilization, as activated by both intracellular and extracellular stimuli. Therefore, the model of activities through which HIV-1 proteins exploit the mitochondrion to endorse the targeted depletion of key immune cells, as illustrated in 47 , intuitively suggest that the apoptotic cell death may be directly regulated by various viral-associated genes. Thus, the HIV-1 pathway in human may further be involved in the other pathways through miRNAs. It has recently been observed that the leukemogenic protein CALM fused with AF10 (through translocation) alters the subcellular localization of the lymphoid regulator Ikaros working as a transcriptional repressor 35. Again, the RAF1 protein is found to participate in cell cycle regulation by binding to the Rb protein in vivo and induction of cell proliferation 48 . These evidences show the possible involvements of the HIV-1 gateway proteins in different cancer pathways.
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Conclusions



Through the analyses carried out in this work, we have been able to identify a core biclique of interacting HIV-1 and human proteins which are themselves biologically coherent. The significant protein module identified from this is established as a gateway to transmit the immunodeficiency signal within the complex regulatory network of non-coding and coding genes within an organism. Further analysis shows that the immunodeficiency signal may pass through the pathway of apoptosis that can initiate several types of cancers. Interestingly, there are proteins like AML1 and NFKB1 that repress miRNAs leading to HIV-1 infection 38. However, these proteins were not obtained in the core biclique. So, miRNAs can be



associated both directly and indirectly in the regulatory pathway of HIV-1. The described method of finding bicliques is suitable for small-scale graph analysis where the guarantee of optimal solution is of higher demand, even though it is not scalable. We are interested to pursue an extensive study to analyze the tissue-specific expression profiles and methylation pattern in the promoter region of these miRNAs, which will strengthen the concluding remarks.
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