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Abstract
Background
We recently developed a freely available mobile app (TB Mobile) for both iOS and Android platforms that displays Mycobacterium tuberculosis (Mtb) active molecule structures and their targets with links to associated data. The app was developed to make target information available to as large an audience as possible.

Results
We now report a major update of the iOS version of the app. This includes enhancements that use an implementation of ECFP_6 fingerprints that we have made open source. Using these fingerprints, the user can propose compounds with possible anti-TB activity, and view the compounds within a cluster landscape. Proposed compounds can also be compared to existing target data, using a näive Bayesian scoring system to rank probable targets. We have curated an additional 60 new compounds and their targets for Mtb and added these to the original set of 745 compounds. We have also curated 20 further compounds (many without targets in TB Mobile) to evaluate this version of the app with 805 compounds and associated targets.

Conclusions
TB Mobile can now manage a small collection of compounds that can be imported from external sources, or exported by various means such as email or app-to-app inter-process communication. This means that TB Mobile can be used as a node within a growing ecosystem of mobile apps for cheminformatics. It can also cluster compounds and use internal algorithms to help identify potential targets based on molecular similarity. TB Mobile represents a valuable dataset, data-visualization aid and target prediction tool.
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Background
Efforts to make data accessible and useful for drug discovery are needed perhaps now more so than ever before. Over the past decade we have seen considerable investments in high throughput screening which adds to the quantity of data available [1]. In particular the focus of our work is on tuberculosis (TB) caused by Mycobacterium tuberculosis (Mtb). TB infects nearly 33% of the entire world population and causes approximately 1.3 million deaths each year based on the 2013 WHO global tuberculosis report [2-5]. Increased incidence of TB in both developing and industrialized countries, including the USA is of concern and exacerbated by the widespread emergence of drug-resistant (multidrug-resistant TB (MDR-TB)) strains [6] and co-infection with the human immunodeficiency virus (HIV). Even more troubling is the emergence of extensively drug-resistant (XDR) TB which is present in nearly 60 countries [7]. The pipeline for TB therapeutics is limited, [8,9], having produced the first drug in 40 years in 2012 in the form of bedaquiline for multidrug resistant TB [10,11]. Part of the difficulty in drug discovery has been due to poor success of target-based high-throughput screening [12]. In the last 10 years there has been a marked shift in favor of high-throughput screening in whole cells [13-18]. Unfortunately the hit rates of this approach are usually low single-digit (or less) [1,16,19,20] which makes this a very costly and wasteful exercise. In addition, finding hits active in whole cells provides no information on the likely target, which is important to enable drug optimization. Target identification in turn is a generally very slow and a further costly process.
Various efforts have been described for predicting and prioritizing which Mtb targets to consider for drug design that represent sophisticated workflows combining methods such as pathway/network analysis, flux balance studies and comparative genomics, structure assessment and binding pocket analysis [21-24]. The addition of binding site similarity and docking have also been used to propose targets in the TB proteome for FDA approved drugs [25,26]. Following whole cell screening, whole-genome sequencing of resistant mutants and recombineering it is possible to identify targets for compounds experimentally [27]. In contrast to these approaches, computational prediction of compounds and their targets (target deconvolution) has involved ligand similarity using Bayesian methods as a domain fishing model [28] and other methods [29]. We previously described [30] how we initially curated >700 molecules with Mtb target/s along with various links to the target, genes (http://​tbdb.​org/​), pathways, human homolog information [31] and essentiality data [32]. This information initially comprised a dataset publically available in the Collaborative Drug Discovery (CDD) database [31]. We then used this dataset as the basis to generate a simple mobile app called TB Mobile, which is useful for viewing and manipulating data about compounds with activity against Mtb, their targets and other related information [30]. We had also used the app to make predictions previously [33,34] including for a set of open access compounds from GSK [17]. This work preceded that of another group that used chemogenomics space search, structural space search and historical assay space search predict the same compounds [35]. The historical assay space search used was proprietary to GSK so this reported approach and data is not available to other researchers. Also it would appear this group did not take advantage of known ligands and their targets in Mtb.
Our previous work on TB Mobile demonstrated how the app can be a useful resource to filter by target, essentiality, human homolog and similarity search [30]. The app also retrieves first line drugs that are present in the database as we have previously shown. In addition we generated predictions for an additional 20 compounds for which targets were either known or unknown [30]. This testing pointed out limitations and suggested future versions may use predictive machine learning models [36,37] for suggesting targets and it would likely require a larger set of molecules to build further confidence. We proposed addition of molecules for targets not currently represented or under-represented would be important as well as balancing the bias towards over-represented targets. At that time we had representatives of 68 targets in TB Mobile which is clearly a small fraction of the over 1400 possible targets in Mtb[38], but in reality it probably covers the majority of characterized targets adequately and is to our knowledge the most extensive Mtb specific database related to small molecules and their targets. However it is important to remember the targets of replicating cells do not overlap with targets of nonreplicating bacteria and the number of candidate target proteins may actually be higher [39]. We now describe our efforts to curate new data, provide new functionality and test the app that is now available as TB Mobile version 2.0 for iOS (iPhone, iPod, iPad) [40].

Methods
Dataset curation
The process of dataset curation was previously described by us and for updating purposes we performed searches for recent papers describing molecules and known targets in Mtb. We manually curated molecules and data combined with URL links to literature and TBDB [41,42] and these were deposited in the CDD database [31].

TB mobile app software development: open source fingerprint implementation
A number of modelling projects in recent years have successfully made use of the extended connectivity fingerprints, commonly referred to as ECFP_n or FCFP_n (n = 2, 4 or 6). For example we have experience in apply the FCFP_6 descriptors to modeling phenotypic HTS data for Mtb[32,36,37,43-49]. These fingerprints are created by enumerating a collection of substructures using breadth-first expansion from a starting atom. The fingerprint method was originally made available as part of the Pipeline Pilot project [50,51] and similar methods have been made available from ChemAxon’s proprietary JChem [52] and RDKit [53]. The Accelrys fingerprint methodology was published in detail [54], but the disclosure omitted a number of trade secrets, which means that while it is now straightforward to implement an algorithm that generates fingerprints that are similarly effective, it is not possible to produce results that can be directly comparable between the two different implementations.
We have need of a drop-in replacement for the ECFP_6 fingerprints that can be readily ported between multiple toolkits and programming languages. We have therefore built and validated an algorithm that follows the published reference for ECFP and FCFP fingerprints as closely as possible, and made the resulting code available to the public as a feature in the Chemical Development Kit (CDK) project [55,56], under an open source license. While this is in itself a valuable addition to the popular Java-based toolkit, we have taken care to implement the algorithm in a concise manner with few external dependencies. By avoiding toolkit-specific supporting algorithms, this has allowed us to port the ECFP_6 algorithm to other platforms, in particular the Objective-C programming language used for native iOS apps, with literally comparable results, which is a key prerequisite for the new functionality that is available in the TB Mobile app.
In the following section, we describe the ECFP_6 implementation in sufficient detail such that a skilled programmer can precisely re-implement the algorithm. The freely available open source implementation that is part of the CDK can be consulted for guidance, and used to generate validation examples, to ensure that the results are identical. The reference [54] should first be consulted for an instructive overview of the methodology.

Molecule preparation
The input is assumed to be a molecule that is represented as a connection table with the lowest common denominator feature set of an MDL Molfile, i.e. all atoms are represented as symbols from the periodic table, and all bonds have an integral bond order. Most organic molecules can be represented using bond orders of 1, 2 and 3, but organometallic compounds can also be described with bond orders of 0 or 4 or higher [57]. Aromatic rings must be initially represented in Kekulé form, i.e. alternating single/double bonds.
Implicit hydrogens are optional: the molecule can have some, all or none of its hydrogen atoms listed as individual atoms, as long as the implicit hydrogen counting method described in the algorithm obtains the expected answer. The same identical fingerprints will be created regardless of whether hydrogens are implicit or explicit.
Implicit hydrogens are calculated using a conservative formula: only elements C, N, O, P and S are eligible for auto-calculated implicit hydrogens. The respective formula for each of these cases is:
carbon H = 4 - |C| - U - B
nitrogen and phosphorus: H = 3 - C - U - B
oxygen and sulfur: H = 2 - C - U - B
where C is the formal charge, U is the number of unpaired electrons standing in lieu of bonds, and B is the sum of the bond orders of neighbouring atoms. Note that for carbon, the absolute value of the charge is used. The unpaired electron count is typically listed as 1 for radicals and 2 for carbenes (it does not include conventional lone pairs, such as those on oxygen or nitrogen).
Any molecules for which the conservative implicit hydrogen calculation formula does not provide the correct structure must either be submitted using a file format that allows the specification of the number of virtual hydrogen atoms, or the hydrogen atoms for this atom must be created explicitly as individual atom nodes in order that they be counted.
Aromaticity is calculated by enumerating rings of size 6, and labelling only those that are capable of adopting a 6π aromatic alternating double bond forms. This does not include lone-pair aromatics (e.g. thiophene), large rings (e.g. porphyrins), charged 5-rings (e.g. imidazolium) or exocyclics (e.g. cyclic amides). Ring systems such as naphthalene or anthracene are considered aromatic for all rings, since all rings have a qualifying resonance form.
The algorithm proceeds as:

                  	enumerate all 6-membered rings (excluding those made up of smaller rings)

	evaluate each ring to see if it has alternating single-double bonds; for each qualifying ring, mark the atoms and bonds are aromatic and remove the ring from the list

	loop:

	evaluate each ring for alternating single-double bonds, whereby any bond previously marked as aromatic is considered as a wildcard, i.e. it may be considered as either single or double

	repeat until no more aromatic rings can be found




                
Stereochemistry may be encoded in a variety of ways, e.g. wedge bonds, chiral parity, CIP labels, as long as the algorithm is capable of making use of this description to derive the correct tetrahedral conformation. 3 otherwise identical molecules with different chiral states (i.e. R, S or unspecified) can usually be expected to deliver 3 different sets of fingerprints, though they will be similar (note however that in some cases the limited reach of the circular fingerprints means that chirality does not resolve to different atom identities, especially for FCFP class fingerprints).
The internal representation used by this algorithm is done by considering every p-block element with 4 substituents (one of which may be an implicit hydrogen): if it is marked with a chiral parity flag, or has at least one wedge bond, then an attempt will be made to map the 4 substituents onto a tetrahedron:
If the 4 substituents are mapped onto a tetrahedron in an order that is equivalent to the above, the atom indices can be entered into an array in a specific order, e.g. [A, B, C, D] where the letters correspond to an atom index, or none in the case of an implicit hydrogen placeholder. For this array of size 4, there are a total of 24 permutations. Each permutation has an odd or even parity relative to the starting geometry, e.g. [B, A, C, D] is an odd permutation (one swap) while [B, A, D, C] is an even permutation (two swaps). Even permutations refer to an equivalent geometry, i.e. the tetrahedron can be rotated around to its original position, while odd permutations are inequivalent, i.e. if the substituents are different, then it cannot be restored to its original state by rotation, which means it is enantiomeric. Therefore by creating an array [A, B, C, D] that is representative of the geometry, or any even permutation of it, the necessary chirality information is encoded. This will be used during the fingerprint generation process. This array is referred to as the tetrahedral rubric for the atom. Note that it is valid to generate this for an atom even if it is not actually chiral: the symmetry, or lack thereof, will be resolved during the assignment process.

ECFP atom identity
For the ECFP-class of fingerprints, each non-hydrogen atom is assigned an initial identity which is made up by first determining the following properties:

                  	N = number of heavy atom neighbours

	H = number of hydrogen neighbours (implicit and explicit)

	D = atom valence - number of hydrogens (implicit and explicit)

	A = atomic number

	C = formal ionic charge (integer)

	R = 1 if the atom is in a ring (of any size), 0 otherwise




                
The initial hash code of each atom is composed by adding the following bytes to a CRC32 calculation:

                  	(N < < 4) | D

	
                        A
                      

	C + 0x80

	(H < < 4) | R




                
The CRC32 calculation is the same method used by PNG and ZIP files, and is described in: http://​www.​w3.​org/​TR/​PNG/​#D-CRCAppendix. The link also provides an implementation example in C.
An array of size equal to the number of atoms is used to store the identity of each atom, and this is used in subsequent steps.
As well as assigning a value to each atom for subsequent use, each non-hydrogen atom is recorded in a datastructure with the following properties:

                  	hash code (32-bit signed integer)

	iteration (integer)

	atom list (array of integers)




                
For these initial atom assignments, the iteration is set to 0, and the atom list is an array with a single value, that being the index of the atom.
Note that duplicate hash codes are retained in the fingerprint list, because for the 0th iteration, entries with duplicate hash codes have a different atom list, which is important for subsequent steps.
If the requested fingerprint diameter is 0 (i.e. ECFP_0), the algorithm stops at this point.
Propagation
Once the initial atom identities are established, some number of iterations are performed. The most commonly used iteration count is 3, which gives rise to the ECFP_6 and FCFP_6 fingerprints. Each iteration generates zero-or-more additional hash codes. Tiny molecules may not generate any new fingerprints in iterations 2 or 3, i.e. the results for ECFP_2 or ECFP_4 may not be any different than what would have been obtained for ECFP_6 fingerprints.
The following process is repeated for each iteration, i.e. 1, 2 or 3 times.
A new identity array is defined, and for each non-hydrogen atom, a new identity value is calculated in the following way:
An array of pairs is defined, with one entry for each non-hydrogen neighbor. The values for each of these pairs are defined as [bond,identity], i.e.

                    	literal bond order (0, 1, 2, 3, …) or 15 if the bond is aromatic

	the identity of the neighbor atom from the previous iteration




                  
These pairs are then sorted literally, first number first, e.g.

                    	[1,1000] < [2,-500]

	[1,-500] < [1,1000]




                  
This list of pairs is then prefixed by the current iteration, and the current atom identity from the previous iteration. For example, performing iteration 1 on an atom with a previous identity of 200, and neighbour pairs of [2,-500] and [1,1000] would result in a sequence of [1,200,1,1000,2,-500].
These values are hashed into a CRC32 in the following way:
As a final addendum, if the atom has a tetrahedral rubric array associated with it, then an additional byte may be fed into the CRC32 hashing sequence. At the beginning of the overall fingerprint calculation process, each atom is assigned a chirality flag that is set to false. At each iteration, if the flag is still set to false, and there is a rubric array, then a determination is done: the rubric array of [A,B,C,D] is substituted for the atom identity (from the previous iteration) for each of its neighbours. Any neighbour that is a hydrogen atom (explicit or explicit) is given a value of 0. If any two values of this array are the same, then this step is skipped.
The new array of [a,b,c,d] is examined to determine how many swaps are necessary to order the array from lowest to highest. If the number of swaps is even, 1 is appended to the CRC32 sequence, otherwise 2 is appended. The chirality flag is set for the atom, so that it will not be further annotated in subsequent iterations.
Once the new identities are calculated for each heavy atom, the algorithm iterates over these atoms and creates a new fingerprint proposal for each one:

                    	hash code (newly computed for this iteration)

	iteration number (1, 2 or 3)

	atom list

	The last parameter, atom list, is a breadth first growth corresponding to the iteration. The initial fingerprints that were generated at iteration 0 defined this to contain a single atom index. Fingerprint proposals for iteration 1 contain the starting atom and all their neighbors; for iteration 2, the neighbors’ neighbors are included, etc. The atom lists may be cached for efficiency purposes or recomputed. They should also be sorted and not contain duplicates, e.g. if atom 10 has neighbors 5, 7 and 12, the atom list for the proposed fingerprint at iteration 1 would be [5,7,10,12].




                  
Once the proposed fingerprint is defined, the existing list of fingerprints is searched: if the sorted unique list of atoms matches any of the fingerprints already in the list, then only one of them may be retained:

                    	If the existing fingerprint has an earlier iteration number, discard the new one; else

	replace the existing fingerprint if the new one has a lower hash code.




                  
This is done in order to reduce the degree of redundancy. Once the propagation steps are complete, the final output is the list of retained hash codes (signed 32-bit integers), sorted, with duplicates removed. These lists of integers are used for all of the similarity metrics described in this work.


Similarity
TB Mobile allows the user to draw or paste a chemical structure as a query molecule, which causes the main compound display list to be sorted by most-to-least similar to the provided reference structure. Version 2 of the app has been updated to use the ECFP_6 fingerprints described in this work. Similarity is evaluated by computing the Tanimoto coefficient [58]. The calculation is done using the raw list of unique 32-bit hash codes, rather than folding into packed bitmasks.

Clustering
The algorithm behind the visual clustering interface in TB Mobile performs a simple 2D embedding of a collection of molecules, then dynamically repositions them based on predefined tethers. The input parameters consist of a selection of compounds, and a central reference. For performance and display space purposes, the number of compounds is reduced by keeping the 50 most similar compounds to the reference, as determined by Tanimoto coefficient. The remaining compounds are converted into a graph by ensuring that each compound has an edge to each of the 10 most similar other compounds in the remaining set. If the resulting graph has multiple components, all components other than that which contains the reference are discarded. Once this process is complete, any compounds that are contained in the user-provided collection are added to the set, and tethered in the same way (i.e. they are always a part of the display, and are never pruned out).
Initial placement is done in a greedy fashion: the reference compound is placed at (0,0). The tether graph is walked in a breadth-first fashion, and for each bracket, the candidates are ordered by their average similarity to already placed compounds. Each is placed roughly by sampling positions that minimize the distance to tethered neighbors, but does not permit overlap, assuming that each node has a fixed radius. Once the initial placement is complete, the layout is shown to the user, and a background thread iteratively adjusts individual nodes to optimize a scoring term that encourages closeness tethered atoms vs. repulsion of non-tethered atoms. This is conceptually analogous to a forcefield, except with arbitrary terms tailored to aesthetic positioning.

Target prediction
We updated TB Mobile with 60 new compounds and data (Additional file 1: Table S1) so the app now contains 805 compounds, (as of March 2014). There are 96 unique targets, for which 53 have 2 or more known binders in the dataset. The target/compound distribution is shown in Additional file 2: Table S2. We have evaluated the app with an additional set of 20 compounds (Additional file 3: Table S3). First they were all drawn in the Mobile Molecular DataSheet (MMDS) app and copied into the TB Mobile app (an example of app-to-app communication). Molecules can also be drawn within the TB Mobile app itself. The similarity searching component was used to rank the content in TB Mobile of molecules with known targets (Additional file 4: Figure S1-20). We have used this as an example of inferring potential targets and compared this to the published data for these molecules (Table 1). It should be noted that such data is far from definitive as these published compounds have not been tested versus all Mtb targets and it is possible the same compound may be active against more than one target. We generated screenshots for the top compounds (Additional file 4: Figure S1-20) and output the Bayesian scores into MMDS (Table 1).Table 1
                          20 compounds used to evaluate the app and target and predictions
                        


	Molecule
	Name
	Published target and reference
	Top target with similarity search
	Bayesian target
	Bayesian target

	Prediction with vers. 1 data (Bayesian-derived scores)
	Prediction with vers. 2 data (Bayesian-derived scores)

	
                              [image: A13321_2014_Article_38_IEqa_HTML.gif]
                            
	Mathew cpd 1
	Rv2150c FtsZ* [59]
	InhA
	Rv3790 DprE1 (0.35) Rv3423c Alr (0.57) Rv0206c MmpL3 (0.25)
	Rv3791 DprE2 (0.09) Rv3790 DprE1 (0.16) Rv0005 GyrB (0.03) Rv3423c Alr (0.56) Rv0206c MmpL3 (0.01)

	
                              [image: A13321_2014_Article_38_IEqb_HTML.gif]
                            
	Khan C-1
	ATP synthase [60]
	FabH
	Rv1885c (0.002) Rv2150c FtsZ (0.08)
	Rv2150c FtsZ (0.07)

	
                              [image: A13321_2014_Article_38_IEqc_HTML.gif]
                            
	Khan C-2
	ATP synthase [60]
	KasB
	Rv2150c FtsZ (0.06) Rv3423c Alr (0.11)
	Rv2150c FtsZ (0.04) Rv3423c Alr (0.01)

	
                              [image: A13321_2014_Article_38_IEqd_HTML.gif]
                            
	Khan C-3
	ATP synthase [60]
	KasB
	Rv2150c FtsZ (0.09) Rv3423c Alr (0.08)
	Rv2150c FtsZ (0.07) Rv3423c Alr (0.06)

	
                              [image: A13321_2014_Article_38_IEqe_HTML.gif]
                            
	Khan C-4
	ATP synthase [60]
	InhA
	Rv1885c (0.25) Rv3790 DprE1 (0.24)
	Rv1885c (0.24) Rv3791 DprE2 (0.15) Rv3790 DprE1 (0.08)

	
                              [image: A13321_2014_Article_38_IEqf_HTML.gif]
                            
	Khan C-5
	ATP synthase [60]
	KasB
	Rv2150c FtsZ (0.14)
	Rv2150c FtsZ (0.12)

	
                              [image: A13321_2014_Article_38_IEqg_HTML.gif]
                            
	Khan C-6
	ATP synthase [60]
	KasB
	Rv2150c FtsZ (0.09)
	Rv2150c FtsZ (0.08)

	
                              [image: A13321_2014_Article_38_IEqh_HTML.gif]
                            
	Vasudevan CymA
	Rv 3596c ClpC1* [61]
	PtpB
	Rv2150c FtsZ (0.009) Rv2155c MurD (0.006) Rv2964 PurU (0.006)
	Rv2150c FtsZ (0.01) Rv2155c MurD (0.007) Rv2964 PurU (0.007)

	
                              [image: A13321_2014_Article_38_IEqi_HTML.gif]
                            
	Vasudevan CymA1
	Rv 3596c ClpC1* [61]
	PtpB
	Rv2150c FtsZ (0.08)
	Rv2150c FtsZ (0.08)

	
                              [image: A13321_2014_Article_38_IEqj_HTML.gif]
                            
	Gao Domiphen
	Rv 3582c IspD [62]
	InhA
	Rv2150c FtsZ (0.17) Rv1484 InhA (0.29) Rv3423c Alr (0.33) Rv0129c FbpC (1) Rv3794 EmbA (0.16)
	Rv2150c FtsZ (0.15) Rv2780 Ald (0.35) Rv3791 DprE2 (0.008) Rv3790 DprE1 (0.03) Rv1484 InhA (0.17) Rv3423c Alr (0.34) Rv0129c FbpC (1) Rv3794 EmbA (0.15)

	
                              [image: A13321_2014_Article_38_IEqk_HTML.gif]
                            
	Kale cpd 23
	Rv0005 GyrB* [63]
	AroD (GyrB 4
                                th
                              )
	Rv2150c FtsZ (0.59) Rv3423c Alr (0.04) Rv3248c SahH (0.02)
	Rv2150c FtsZ (0.53) Rv3791 DprE2 (0.06) Rv3790 DprE1 (0.13) Rv0005 GyrB (0.19) Rv3800c Pks13 (0.02) Rv3248c SahH (0.001)

	
                              [image: A13321_2014_Article_38_IEql_HTML.gif]
                            
	Pauli zinc 09137707
	Rv1484 InhA* [64]
	
                              InhA
                            
	Rv2150c FtsZ (0.44) Rv3790 DprE1 (0.13) Rv1484 InhA (0.37) Rv3423c Alr (0.18)
	Rv2150c FtsZ (0.39) Rv2780 Ald (0.46) Rv3791 DprE2 (0.03) Rv3790 DprE1 (0.15) Rv1484 InhA (0.009) Rv0005 GyrB (0.11) Rv3423c Alr (0.14) Rv3800c Pks13 (0.09)

	
                              [image: A13321_2014_Article_38_IEqm_HTML.gif]
                            
	Pauli zinc 12509636
	Rv1484 InhA* [64]
	Kas B (InhA 2
                                nd
                              and 3
                                rd
                              )
	No prediction
	Rv3791 DprE2 (0.009)

	
                              [image: A13321_2014_Article_38_IEqn_HTML.gif]
                            
	Pauli zinc 02931014
	InhA
	Rv2150c FtsZ (0.31)
	Rv2150c FtsZ (0.27), Rv2780 Ald (0.55), Rv3790 DprE1 (0.03), Rv0005 GyrB (0.04)

	
                              [image: A13321_2014_Article_38_IEqo_HTML.gif]
                            
	Pauli zinc 02931014
	Rv1484 InhA* [64]
	
                              InhA
                            
	Rv2150c FtsZ (0.31)
	Rv2150c FtsZ (0.27) Rv2780 Ald (0.55) Rv3790 DprE1 (0.03) Rv0005 GyrB (0.04)

	
                              [image: A13321_2014_Article_38_IEqp_HTML.gif]
                            
	Wang cpd 4
	Acetohydroxyacid synthase [65]
	InhA
	Rv1885c (0.07) Rv2155c MurD (0.11) Rv2964 PurU (0.11) Rv3790 DprE1 (0.09) Rv1484 InhA (1)
	Rv1885c (0.07) Rv2155c MurD (0.11) Rv2964 PurU (0.11) Rv3790 DprE1 (0.03) Rv3791 DprE2 (0.16) Rv1484 InhA (1)

	
                              [image: A13321_2014_Article_38_IEqq_HTML.gif]
                            
	Wang cpd 5
	Acetohydroxyacid synthase [65]
	Dxs1
	Rv2150c FtsZ (0.4)
	Rv2150c FtsZ (0.3) Rv3790 DprE1 (0.05)

	
                              [image: A13321_2014_Article_38_IEqr_HTML.gif]
                            
	Wang cpd 7
	Acetohydroxyacid synthase [65]
	AroD
	Rv2150c FtsZ (0.36) Rv2155c MurD (0.03) Rv2964 PurU (0.03) Rv3790 DprE1 (0.09)
	Rv2150c FtsZ (0.32) Rv2155c MurD (0.03) Rv2964 PurU (0.03) Rv3790 DprE1 (0.12) Rv3791 DprE2 (0.11)

	
                              [image: A13321_2014_Article_38_IEqs_HTML.gif]
                            
	Wang cpd 15
	Acetohydroxyacid synthase [65]
	Rv1885c
	Rv1885c (1), Rv3790 DprE1 (0.18)
	Rv1885c (1), Rv3790 DprE1 (0.18), Rv3790 DprE1 (0.11)

	
                              [image: A13321_2014_Article_38_IEqt_HTML.gif]
                            
	Li cpd 4
	Rv0548cMenB [66]
	Glf
	Rv1885c (0.26) Rv2150c FtsZ (0.13)
	Rv1885c (0.26) Rv2150c FtsZ (0.13) Rv2780 Ald (0.06)

	
                              [image: A13321_2014_Article_38_IEqu_HTML.gif]
                            
	Li cpd 5
	Rv0548cMenB [66]
	Glf
	Rv1885c (0.22) Rv2150c FtsZ (0.13) Rv2155c MurD (0.06) Rv2964 PurU (0.06)
	Rv1885c (0.22) Rv2150c FtsZ (0.13) Rv2780 Ald (0.07) Rv2155c MurD (0.06) Rv2964 PurU (0.06)


(*targets in TB mobile version 2.0, Targets in Bold are correctly predicted based on published data).



In order to provide a guide for whether a proposed compound is likely to be active against any of these targets, a simple modified Bayesian approach is used. For each listed target with at least two binders, it is first assumed that all of the molecules in the collection that do not indicate this as one of their targets are inactive. For each of the 805 constituent molecular structures, the ECFP_6 fingerprints are calculated. For each molecule, a score is determined using the Laplacian-modified naïve Bayesian classified described by Jenkins et al., among others [50,51,67]. The estimation score is a sum of log values, which can be transformed into a probability or used to classify as true or false based on a selected threshold.
The score for each molecule is calculated in a leave-one-out fashion, i.e. its own contribution is excluded from the list of known fingerprints and activities. The score is a sum of log values of probabilities, with arbitrary upper and lower limits. For these a threshold can be selected, above which a molecule is predicted to be active against the target. By varying the threshold between the upper and lower bounds, it is also possible to create a receiver-operator-characteristic (ROC) curve, by determining the true/false positives and negatives for each threshold. Figure 1 shows response metrics for the InhA target which has 157 compounds targeting it. We have generated similar analyses for other targets in TB Mobile (Additional file 5: Table S4).[image: A13321_2014_Article_38_Fig1_HTML.jpg]
Figure 1
                          Predictions for the InhA target: (a) the ROC curve with ECFP_6 and FCFP_6 fingerprints; (b) modified Bayesian estimators for active and inactive compounds; (c) structures of selected binders.
                        




The ROC curve in Figure 1a shows the response for both the ECFP_6 fingerprints described in this work, as well as the FCFP_6 variant. At the same time as we submitted the ECFP fingerprint capabilities to the CDK project, we also made available the FCFP equivalent, which is identical except that it initially describes each atom by whether it is an H-bond donor/acceptor, positive/negative charge center, aromatic and/or halogen. For the TB Mobile app, we use only the ECFP variant. Figure 1b shows the Bayesian estimator scores, binned at intervals to produce a bar chart. As can be seen, there is little overlap between the scores for the known binders and the remaining compounds in the collection, with the caveat that the small dataset is biased by a number of recurring structural motifs, some of which are shown in Figure 1c.
When the mobile app considers a user-proposed compound for possible activity against a given target, the modified Bayesian score is calculated in the same way. If the resulting score falls within the range of the ROC plot, i.e. if the score were to be used as a threshold then the confusion matrix would report at least one false positive or false negative, then the probability of activity is expressed as a value between 0 and 1, depending where it falls between the lower and upper bounds. If the score lies outside of the range of the ROC plot, it is set to 0 or 1.
This prediction method is essentially a normalized similarity metric, for which proposed compounds are ranked favorably if they are similar to known target binders. This approach compliments the sorting of molecules in TB Mobile by similarity described herein.

Interoperability
The TB Mobile app supports a number of ways of moving data into and out of the app, which is in keeping with the mobile app interoperability features we have described previously [68,69]. Other than providing a built-in structure editor [70] and the ability to read structure formats from the clipboard, the importing capability is offered by registering the app as a receiver for a several common structure formats, such as MDL Molfile and SDfile. As shown in Figure 2, this can be used to connect the app with content downloaded from the mobile browser. The same mechanism applies to downloaded email attachments, files from hosting apps such as Dropbox, and the launching of content dynamically generated by other apps.[image: A13321_2014_Article_38_Fig2_HTML.jpg]
Figure 2
                          Importing compounds from the web: (a) setting up an SDfile download with CDD Vault; (b) selecting the
                          TB Mobile
                          app as the destination; (c) molecule import on launch; (d) the personal stash, with imported structures.
                        




Exporting content can be achieved in several ways. From within the detail view for any given compound, the molecular structure can be copied to the clipboard or launched into another app. From the main menu, it is possible to initiate an outgoing email with attachments that contain structures for all of the compounds currently being displayed. Figure 3 shows an example where all structures that bind the InhA target (a) are shown, and the outgoing email (b) in progress. The datasheet attachments are included automatically by the app. The personal collection of compounds can also be exported by launching with other apps, as shown in Figure 4a. If target predictions have been made for these compounds, then they will be included as additional fields, which can be viewed and manipulated using other apps such as MMDS, shown in Figure 4b.[image: A13321_2014_Article_38_Fig3_HTML.jpg]
Figure 3
                          Sending selected compounds by email: (a) initiating the transmission for structures shown onscreen; (b) writing the email, with prepackaged attachments.
                        



[image: A13321_2014_Article_38_Fig4_HTML.jpg]
Figure 4Exporting the personal collection: (a) initiating the export, the molecules in the compound collection havebar icons representing predicted targets using the Bayesian models with extended connectivity fingerprints. The top icons (from left to right) represent adding molecules – which can be drawn in the app, drawn with other apps on the device, pasted in from elsewhere or there is the option to remove all structures. The second icon allows the contents of the molecule stash to be opened in other apps on the device. The third icon allows you to email the contents of the molecule stash and the fourth icon generated target predictions. The arrow icon aligned with each molecule allows the molecule to be either copied to the clipboard, transferred to the main window on the app or the structure can be edited or deleted; (b) importing the datasheet into MMDS, with predictions included.




The clustering feature can be used to create presentation quality graphics, as shown in Figure 5. On request, the app will create a PDF document with a single page representing the cluster, which is previewed onscreen. From there it can be sent as an email attachment, or printed directly from the app, if there is a printer configured and accessible.[image: A13321_2014_Article_38_Fig5_HTML.jpg]
Figure 5Exporting presentation graphics for a cluster. An example of clustering with the known targets of molecules highlighted in different colors. This is enabled by selecting the icon on the top left and choosing the desired targets. Molecules from the collection are shown with a white circle, molecules from the app have a grey background and compounds of interest for clustering have a blue background. The cluster image can be expanded or contracted with a pinching motion on the screen. and molecules can be moved which causes the network clusters to reconfigure. The cluster image can be output and printed as a PDF. (a) the interactive display; (b) previewing the PDF file, prior to sending by email or printing.





TB mobile app software application
We have previously described the functions and applications of the TB Mobile app in detail [30] which uses molecule structures and their targets. In version 2.0 we have updated the aesthetics and we still enable the original features such as scrolling through molecules and similarity searching but now we based the similarity comparisons on our ECFP_6 implementation. Most similar compounds are listed first (from top left to bottom right) in the app.


Results
Fingerprints comparison with published data
Several collections of TB related compounds have been previously used for generating Bayesian Models by us. For two TB in vitro screening datasets, with activity expressed as true or false, a simple Bayesian model was constructed, using a popular Laplacian-corrected variant implemented in this study for TB Mobile[50,51,67]. The activity for each compound was predicted using leave-one-out. Using a grade of cutoff thresholds, an ROC plot is created, by plotting false negatives against false positives. This enabled comparisons to the previously published ROC values for the two datasets using FCFP_6 descriptors, noting that in these published models several interpretable descriptors were also included. It also enabled us to compare how ECFP_6 and FCFP_6 descriptors perform for the same datasets.
We observed that for the models generated in this study and previously published, the ROC values were comparable (Table 2). In addition there was no appreciable difference between the performance of ECFP_6 and FCFP_6 descriptors for the same datasets.Table 2
                          Testing the fingerprints used in TB Mobile 2.0
                        


	Dataset
	Leave one out ROC published
	Reference
	Leave one out ROC in this study

	Combined model (5304 molecules) ECFP_6 fingerprints
	N/A
	N/A
	0.77

	Combined model (5304 molecules) FCFP_6 fingerprints
	0.71
	[47]
	0.77

	MLSMR dual event model (2273 molecules) and ECFP_6 fingerprints
	N/A
	N/A
	0.84

	MLSMR dual event model (2273 molecules) and FCFP_6 fingerprints
	0.86
	[46]
	0.83


Previously published Mtb HTS datasets were used for Bayesian model building. Published studies used FCFP_6 descriptors and several interpretable descriptors were also included [46,47].




Dataset curation
An additional 60 molecules with target related information from the literature (Additional file 1: Table S1) were curated for use in CDD and TB Mobile. These compounds were assessed using principal component analysis (PCA) using Discovery Studio with the interpretable descriptors chosen previously (AlogP, molecular weight, number of rotatable bonds, number of rings, number of aromatic rings, number of hydrogen bond acceptors, number of hydrogen bond donors, and molecular fractional polar surface area) to assess their overlap in chemical space (Figure 6a). The new compounds appear to be within the existing chemical space of the original dataset.[image: A13321_2014_Article_38_Fig6_HTML.jpg]
Figure 6Principal component analysis. a. Using the 745 compounds in TB Mobile version 1 and the 60 additional compounds added in TB Mobile 2. 3 Principal Components represent 88.4% of the variance. b. Using the 805 compounds in TB Mobile version 2 and the 20 additional compounds used to evaluate it. 3 Principal Components represent 88.4% of the variance.





TB mobile version 2.0
As with the previously described version 1 of TB Mobile[30] the app first organizes its data, then displays the main screen. We will now describe and focus on the newly added features.

Predicting targets for new compounds
We have curated an additional set of 20 compounds (Additional file 3: Table S3) which were scored with version 2 of the app (Table 1). Only a few of the targets represented in this set were in TB mobile e.g. FtsZ, InhA, ClpC1, GyrB. Interestingly the one compound targeting FtsZ was predicted based on similarity ranking in the app to target InhA (Additional file 4: Figure S1), while the Bayesian predictions suggested multiple targets (Table 1). While bedaquiline is known to target ATP synthase [10,11] it was not shown to be similar in TB Mobile to the ATP synthase targeting compounds in the test set (Additional file 4: Figure S2-7). The very large macrocyclic compounds were not predicted by similarity ranking or Bayesian approaches in the app (Additional file 4: Figure S8-9). These compounds do however look similar to PtpB compounds for which there are 3 examples in TB Mobile (Additional file 5: Table S4e). The GyrB inhibitor was correctly ranked in the app (Additional file 4: Figure S10) and was one of the targets selected with the Bayesian model approach (Table 1). The three InhA compounds (Additional file 4: Figure S11-13) were well predicted based on ranking in the app with 2 out of the three being ranked as the top targets, while one was selected also using the Bayesian approach alongside several other targets (Table 1). A set of acetohydroxyacid synthase and MenB inhibitors were predicted to be similar to several targets (Additional file 4: Figure S14-S20), based on searching TB Mobile and using Bayesian approaches (Table 1). The comparison of Bayesian models generated with version 1 data (N = 745 molecules) and version 2 data suggests that some targets are added with the Bayesian approach (see Kale cpd 23, (Table 1) for which GyrB is predicted in version 2 but not version 1). These 20 compounds were also assessed using PCA. Most of the compounds were within the space of the 805 compounds although there were several that were outside or on the edge of this chemistry space such as the macrocyclic compounds (Figure 6b). This evaluation set illustrates how difficult it is identify targets for new compounds. Many contain substructures that are present in compounds known to bind other targets. In addition limitations of the approach are clear if the target is not represented in the dataset to begin with. This approach also illustrates an opportunity to try to identify or design compounds targeting multiple Mtb targets by using features shared by several targets.


Discussion and conclusions
Our goal in creating TB Mobile[30] was to make this potentially useful drug discovery data from CDD available in a form accessible to scientists in general and provide a novel way to predict potential targets. We have seen in recent years a clear development in apps that can be used in drug discovery or chemistry [71], which suggested to us that creating a mobile app would ensure we reached a much wider audience. This work also follows on from our efforts to make other types of science data more readily accessible such as green solvent data [72] and rare and neglected disease data [73]. TB Mobile was made freely available for iOS (iPhone, iPod, iPad) in 2012 and Android devices in 2013 and has been updated regularly. It has been downloaded nearly 2000 times to date and has been used by us elsewhere [33]. While our initial apps have focused on performing one or two functions we have proposed that apps can be used in workflows [68,69]. With version 2 we have greatly expanded TB Mobile so that not only does it provide a look up of the molecules with known targets and other information, we can also load a library of molecules which can then be used for prediction. The prediction of target-molecules is enabled using extended connectivity fingerprints (ECFP_6) and a naïve Bayesian method and can in turn output the data.
This report now highlights a more valuable component of mobile app workflows to see if the compound had been previously identified by others, what the most similar molecules are and their known targets which could help in lead optimization. We also should highlight that there will be compounds that we are unable to predict with the Bayesian models in TB Mobile but they can be used for a similarity searching (Table 1, Additional file 4: Figure S1-S20). This may represent a useful way to identify compounds that may be too dissimilar to compounds in TB Mobile. Clearly the app was developed to suggest potential targets to assist researchers in identifying potential targets. But it is a prediction based on a relatively limited number of targets and their known ligands and should be used with some caution. We are not trying to predict affinity for the targets but to narrow down the potential number of targets for experimental verification.
In the process of curating data we have added an additional 18 targets/mechanisms as well as a number of additional compounds for other recent targets of interest such as MmpL3 which should help balance the bias towards targets that are over represented like InhA. We previously suggested the need to normalize the similarity search for the frequency of a target in the dataset which essentially we have achieved with the Bayesian method that builds models for the individual targets (Additional file 5: Table S4). These efforts to collate data for individual Mtb targets may in itself be useful for drug design purposes. The curation of the 20 molecule evaluation set could in turn be added back into the app so that it now includes the additional targets unique to this set.
Version 2 of TB Mobile expands on the delivery of high quality data by adding some advanced workflow capabilities, in a manner that is interactive and very accessible to scientists who are not experts in cheminformatics. As data regarding tuberculosis targets continues to be collated (e.g. 80 molecules are included here in total), we intend to release periodic updates of the app. Presently the source data is delivered within the app itself, and so additional data is made available by issuing updates through the iTunes AppStore. In the future we may further enhance TB Mobile so that it is capable of automatically adding new data from an online source, as it becomes available, which will ensure that the content is current.
The proof of concept for bringing together high quality cheminformatics and bioinformatics data and easy to use visualization on a mobile device has been carried out for the tuberculosis domain, since it is an area of high interest on account of the emergence of new strains of drug resistant bacteria and its massive toll on global public health. We can also use the app as a test case to develop such approaches on the desktop and enhance the CDD database. We are also actively looking into ways to bring this mobile app workflow to other domains that have a tradition of relatively nonproprietary data access, whether that be by creating a separate app for each subject, or looking for ways to deploy the app more generally.
We are further investigating ways to increase the platform independence of this product. Mobile devices are popular, and building a native app is the most effective way to provide a comprehensive and responsive user experience. The high cost of porting the product to every major device platform is prohibitive. Our development priority targets Apple’s iOS platform as the most important category since it has an overwhelming advantage in the western hemisphere, but the same cannot be said for emerging economies, which is particularly pertinent for a disease that has the most devastating effects on tropical nations. For this reason we are actively monitoring the evolution of cross-platform and pure-web technologies. In this case we may update the Android version content alone and not the features for the foreseeable future.
As we have previously used the molecules in TB Mobile to compare to other sets of molecules to assess how they compare to target space using PCA [44,47], the addition of the additional compounds increases the number of targets covered. This updated dataset will be useful for future PCA comparisons like those described here (Figure 6a and 6b). Now that we have an open source version of the extended connectivity fingerprints and naïve Bayesian algorithm, we could incorporate other predictive models in TB Mobile such as those we have described to predict whole cell activity alongside predicting targets [32,36,37,43-47,49]. We could also extend the concept of TB Mobile to other diseases, for example diseases like malaria might be obvious examples where there is considerable recent data on screening that could benefit from target prediction methods to prioritize compounds.

Additional files

Acknowledgements
We gratefully acknowledge David Blondeau (CDD) for his contributions and delivery of the final product. We also thank Dr. Barry Bunin (CDD) and Dr. Carolyn Talcott (SRI) for their comments on this work. S.E. also gratefully acknowledges Dr. Joel S. Freundlich and Dr. Peter Madrid for many discussions on TB targets and molecules.

                Funding
              
The CDD TB has been developed thanks to funding from the Bill and Melinda Gates Foundation (Grant#49852 “Collaborative drug discovery for TB through a novel database of SAR data optimized to promote data archiving and sharing”). The project described was supported by Award Number 2R42AI088893-02 “Identification of novel therapeutics for tuberculosis combining cheminformatics, diverse databases and logic based pathway analysis” from the National Institutes of Allergy and Infectious Diseases and Award Number 9R44TR000942-02 “Biocomputation across distributed private datasets to enhance drug discovery” from the National Center for Advancing Translational Sciences.

References
1.
Macarron R, Banks MN, Bojanic D, Burns DJ, Cirovic DA, Garyantes T, Green DV, Hertzberg RP, Janzen WP, Paslay JW, Schopfer U, Sittampalam GS: Impact of high-throughput screening in biomedical research. Nat Rev Drug Discov. 2011, 10: 188-195.Crossref

2.
Abdel-Rahman SM, Marcucci K, Boge T, Gotschall RR, Kearns GL, Leeder JS: Potent inhibition of cytochrome P-450 2D6-mediated dextromethorphan O-demethylation by terbinafine. Drug Metab Dispos. 1999, 27: 770-775.

3.
Balganesh TS, Alzari PM, Cole ST: Rising standards for tuberculosis drug development. Trends Pharmacol Sci. 2008, 29: 576-581.Crossref

4.
Global tuberculosis report 2013.[http://​www.​who.​int/​tb/​publications/​global_​report/​en/​]

5.
Zumla A, George A, Sharma V, Herbert N, Baroness Masham Of I: WHO’s 2013 global report on tuberculosis: successes, threats, and opportunities. Lancet. 2014, 382: 1765-1767.Crossref

6.
Ballif M, Harino P, Ley S, Coscolla M, Niemann S, Carter R, Coulter C, Borrell S, Siba P, Phuanukoonnon S, Gagneux S, Beck HP: Drug resistance-conferring mutations in Mycobacterium tuberculosis from Madang, Papua New Guinea. BMC Microbiol. 2012, 12: 191-Crossref

7.
Dheda K, Migliori GB: The global rise of extensively drug-resistant tuberculosis: is the time to bring back sanatoria now overdue?. Lancet. 2012, 379: 773-775.Crossref

8.
Koul A, Arnoult E, Lounis N, Guillemont J, Andries K: The challenge of new drug discovery for tuberculosis. Nature. 2011, 469: 483-490.Crossref

9.
Kaneko T, Cooper C, Mdluli K: Challenges and opportunities in developing novel drugs for TB. Future Med Chem. 2011, 3: 1373-1400.Crossref

10.
Andries K, Verhasselt P, Guillemont J, Gohlmann HW, Neefs JM, Winkler H, Van Gestel J, Timmerman P, Zhu M, Lee E, Williams P, de Chaffoy D, Huitric E, Hoffner S, Cambau E, Truffot-Pernot C, Lounis N, Jarlier V: A diarylquinoline drug active on the ATP synthase of Mycobacterium tuberculosis. Science. 2005, 307: 223-227.Crossref

11.
Voelker R: MDR-TB has new drug foe after fast-track approval. JAMA. 2013, 309: 430-Crossref

12.
Payne DA, Gwynn MN, Holmes DJ, Pompliano DL: Drugs for bad bugs: confronting the challenges of antibacterial discovery. Nat Rev Drug Disc. 2007, 6: 29-40.Crossref

13.
Maddry JA, Ananthan S, Goldman RC, Hobrath JV, Kwong CD, Maddox C, Rasmussen L, Reynolds RC, Secrist JA, Sosa MI, White EL, Zhang W: Antituberculosis activity of the molecular libraries screening center network library. Tuberculosis (Edinb). 2009, 89: 354-363.Crossref

14.
Ananthan S, Faaleolea ER, Goldman RC, Hobrath JV, Kwong CD, Laughon BE, Maddry JA, Mehta A, Rasmussen L, Reynolds RC, Secrist JA, Shindo N, Showe DN, Sosa MI, Suling WJ, White EL: High-throughput screening for inhibitors of Mycobacterium tuberculosis H37Rv. Tuberculosis (Edinb). 2009, 89: 334-353.Crossref

15.
Reynolds RC, Ananthan S, Faaleolea E, Hobrath JV, Kwong CD, Maddox C, Rasmussen L, Sosa MI, Thammasuvimol E, White EL, Zhang W, Secrist JA: High throughput screening of a library based on kinase inhibitor scaffolds against Mycobacterium tuberculosis H37Rv. Tuberculosis (Edinb). 2012, 92: 72-83.Crossref

16.
Stanley SA, Grant SS, Kawate T, Iwase N, Shimizu M, Wivagg C, Silvis M, Kazyanskaya E, Aquadro J, Golas A, Fitzgerald M, Dai H, Zhang L, Hung DT: Identification of Novel Inhibitors of M. tuberculosis Growth Using Whole Cell Based High-Throughput Screening. ACS Chem Biol. 2012, 7: 1377-1384.Crossref

17.
Ballell L, Bates RH, Young RJ, Alvarez-Gomez D, Alvarez-Ruiz E, Barroso V, Blanco D, Crespo B, Escribano J, Gonzalez R, Lozano S, Huss S, Santos-Villarejo A, Martin-Plaza JJ, Mendoza A, Rebollo-Lopez MJ, Remuinan-Blanco M, Lavandera JL, Perez-Herran E, Gamo-Benito FJ, Garcia-Bustos JF, Barros D, Castro JP, Cammack N: Fueling open-source drug discovery: 177 small-molecule leads against tuberculosis. ChemMedChem. 2013, 8: 313-321.Crossref

18.
Grant SS, Kawate T, Nag PP, Silvis MR, Gordon K, Stanley SA, Kazyanskaya E, Nietupski R, Golas A, Fitzgerald M, Cho S, Franzblau SG, Hung DT: Identification of Novel Inhibitors of Nonreplicating Mycobacterium tuberculosis Using a Carbon Starvation Model. ACS Chem Biol. 2013, 8: 2224-2234.Crossref

19.
Mak PA, Rao SP, Ping Tan M, Lin X, Chyba J, Tay J, Ng SH, Tan BH, Cherian J, Duraiswamy J, Bifani P, Lim V, Lee BH, Ling Ma N, Beer D, Thayalan P, Kuhen K, Chatterjee A, Supek F, Glynne R, Zheng J, Boshoff HI, Barry CE, Dick T, Pethe K, Camacho LR: A High-Throughput Screen To Identify Inhibitors of ATP Homeostasis in Non-replicating Mycobacterium tuberculosis. ACS Chem Biol. 2012, 7: 1190-1197.Crossref

20.
Magnet S, Hartkoorn RC, Szekely R, Pato J, Triccas JA, Schneider P, Szantai-Kis C, Orfi L, Chambon M, Banfi D, Bueno M, Turcatti G, Keri G, Cole ST: Leads for antitubercular compounds from kinase inhibitor library screens. Tuberculosis (Edinb). 2010, 90: 354-360.Crossref

21.
Anishetty S, Pulimi M, Pennathur G: Potential drug targets in Mycobacterium tuberculosis through metabolic pathway analysis. Comput Biol Chem. 2005, 29: 368-378.Crossref

22.
Raman K, Yeturu K, Chandra N: targetTB: a target identification pipeline for Mycobacterium tuberculosis through an interactome, reactome and genome-scale structural analysis. BMC Syst Biol. 2008, 2: 109-Crossref

23.
Sundaramurthi JC, Brindha S, Reddy TB, Hanna LE: Informatics resources for tuberculosis–towards drug discovery. Tuberculosis (Edinb). 2012, 92: 133-138.Crossref

24.
Chung BK, Dick T, Lee DY: In silico analyses for the discovery of tuberculosis drug targets. J Antimicrob Chemother. 2013, 68: 2701-2709.Crossref

25.
Kinnings SL, Liu N, Buchmeier N, Tonge PJ, Xie L, Bourne PE: Drug discovery using chemical systems biology: repositioning the safe medicine Comtan to treat multi-drug and extensively drug resistant tuberculosis. PLoS Comput Biol. 2009, 5: e1000423-Crossref

26.
Kinnings SL, Xie L, Fung KH, Jackson RM, Xie L, Bourne PE: The Mycobacterium tuberculosis drugome and its polypharmacological implications. PLoS Comput Biol. 2010, 6: e1000976-Crossref

27.
Ioerger TR, O’Malley T, Liao R, Guinn KM, Hickey MJ, Mohaideen N, Murphy KC, Boshoff HI, Mizrahi V, Rubin EJ, Sassetti CM, Barry CE, Sherman DR, Parish T, Sacchettini JC: Identification of new drug targets and resistance mechanisms in Mycobacterium tuberculosis. PLoS One. 2013, 8: e75245-Crossref

28.
Prathipati P, Ma NL, Manjunatha UH, Bender A: Fishing the target of antitubercular compounds: in silico target deconvolution model development and validation. J Proteome Res. 2009, 8: 2788-2798.Crossref

29.
Wale N, Karypis G: Target fishing for chemical compounds using target-ligand activity data and ranking based methods. J Chem Inf Model. 2009, 49: 2190-2201.Crossref

30.
Ekins S, Clark AM, Sarker M: TB Mobile: A Mobile App for Anti-tuberculosis Molecules with Known Targets. J Cheminform. 2013, 5: 13-Crossref

31.
Hohman M, Gregory K, Chibale K, Smith PJ, Ekins S, Bunin B: Novel web-based tools combining chemistry informatics, biology and social networks for drug discovery. Drug Disc Today. 2009, 14: 261-270.Crossref

32.
Sarker M, Talcott C, Madrid P, Chopra S, Bunin BA, Lamichhane G, Freundlich JS, Ekins S: Combining cheminformatics methods and pathway analysis to identify molecules with whole-cell activity against Mycobacterium tuberculosis. Pharm Res. 2012, 29: 2115-2127.Crossref

33.
Ekins S, Casey AC, Roberts D, Parish T, Bunin BA: Bayesian models for screening and TB mobile for target inference with mycobacterium tuberculosis. Tuberculosis (Edinb). 2014, 94: 162-169.Crossref

34.
Using TB mobile to predict potential targets for TB hits from phenotypic screening., [http://​figshare.​com/​articles/​Using_​TB_​Mobile_​to_​Predict_​Potential_​Targets_​for_​TB_​hits_​from_​Phenotypic_​Screening/​154043]

35.
Martinez-Jimenez F, Papadatos G, Yang L, Wallace IM, Kumar V, Pieper U, Sali A, Brown JR, Overington JP, Marti-Renom MA: Target prediction for an open access set of compounds active against Mycobacterium tuberculosis. PLoS Comput Biol. 2013, 9: e1003253-Crossref

36.
Ekins S, Kaneko T, Lipinksi CA, Bradford J, Dole K, Spektor A, Gregory K, Blondeau D, Ernst S, Yang J, Goncharoff N, Hohman M, Bunin B: Analysis and hit filtering of a very large library of compounds screened against Mycobacterium tuberculosis. Mol BioSyst. 2010, 6: 2316-2324.Crossref

37.
Ekins S, Bradford J, Dole K, Spektor A, Gregory K, Blondeau D, Hohman M, Bunin B: A collaborative database and computational models for tuberculosis drug discovery. Mol BioSyst. 2010, 6: 840-851.Crossref

38.
Vashisht R, Mondal AK, Jain A, Shah A, Vishnoi P, Priyadarshini P, Bhattacharyya K, Rohira H, Bhat AG, Passi A, Mukherjee K, Choudhary KS, Kumar V, Arora A, Munusamy P, Subramanian A, Venkatachalam A, Gayathri S, Raj S, Chitra V, Verma K, Zaheer S, Balaganesh J, Gurusamy M, Razeeth M, Raja I, Thandapani M, Mevada V, Soni R, Rana S: Crowd sourcing a new paradigm for interactome driven drug target identification in Mycobacterium tuberculosis. PLoS One. 2012, 7: e39808-Crossref

39.
Chakraborty S, Gruber T, Barry CE, Boshoff HI, Rhee KY: Para-aminosalicylic acid acts as an alternative substrate of folate metabolism in Mycobacterium tuberculosis. Science. 2013, 339: 88-91.Crossref

40.
TB mobile., [https://​itunes.​apple.​com/​us/​app/​tb-mobile/​id567461644?​mt=​8]

41.
Reddy TB, Riley R, Wymore F, Montgomery P, DeCaprio D, Engels R, Gellesch M, Hubble J, Jen D, Jin H, Koehrsen M, Larson L, Mao M, Nitzberg M, Sisk P, Stolte C, Weiner B, White J, Zachariah ZK, Sherlock G, Galagan JE, Ball CA, Schoolnik GK: TB database: an integrated platform for tuberculosis research. Nucleic Acids Res. 2009, 37: D499-D508.Crossref

42.
Galagan JE, Sisk P, Stolte C, Weiner B, Koehrsen M, Wymore F, Reddy TB, Zucker JD, Engels R, Gellesch M, Hubble J, Jin H, Larson L, Mao M, Nitzberg M, White J, Zachariah ZK, Sherlock G, Ball CA, Schoolnik GK: TB database 2010: overview and update. Tuberculosis (Edinb). 2010, 90: 225-235.Crossref

43.
Ekins S, Freundlich JS, Hobrath JV, White EL, Reynolds RC: Combining computational methods for Hit to lead optimization in mycobacterium tuberculosis drug discovery. Pharm Res. 2014, 31: 414-435.Crossref

44.
Ekins S, Freundlich JS, Reynolds RC: Fusing dual-event data sets for Mycobacterium tuberculosis machine learning models and their evaluation. J Chem Inf Model. 2013, 53 (11): 3054-3063.Crossref

45.
Ekins S, Reynolds RC, Kim H, Koo MS, Ekonomidis M, Talaue M, Paget SD, Woolhiser LK, Lenaerts AJ, Bunin BA, Connell N, Freundlich JS: Bayesian models leveraging bioactivity and cytotoxicity information for drug discovery. Chem Biol. 2013, 20: 370-378.Crossref

46.
Ekins S, Reynolds RC, Franzblau SG, Wan B, Freundlich JS, Bunin BA: Enhancing Hit identification in mycobacterium tuberculosis drug discovery using validated dual-event Bayesian models. PLoS One. 2013, 8: e63240-Crossref

47.
Ekins S, Freundlich JS, Reynolds RC: Fusing dual-event datasets for Mycobacterium Tuberculosis machine learning models and their evaluation. J Chem Inf Model. 2013, 53: 3054-3063.Crossref

48.
Ekins S, Freundlich JS, Choi I, Sarker M, Talcott C: Computational databases, pathway and cheminformatics tools for tuberculosis drug discovery. Trends Microbiol. 2011, 19: 65-74.Crossref

49.
Ekins S, Freundlich JS: Validating new tuberculosis computational models with public whole cell screening aerobic activity datasets. Pharm Res. 2011, 28: 1859-1869.Crossref

50.
Hassan M, Brown RD, Varma-O’brien S, Rogers D: Cheminformatics analysis and learning in a data pipelining environment. Mol Divers. 2006, 10: 283-299.Crossref

51.
Rogers D, Brown RD, Hahn M: Using extended-connectivity fingerprints with Laplacian-modified Bayesian analysis in high-throughput screening follow-up. J Biomol Screen. 2005, 10: 682-686.Crossref

52.
JChem., [http://​www.​chemaxon.​com/​jchem]

53.
RDKit., [http://​www.​rdkit.​org]

54.
Rogers D, Hahn M: Extended-connectivity fingerprints. J Chem Inf Model. 2010, 50: 742-754.Crossref

55.
Steinbeck C, Hoppe C, Kuhn S, Floris M, Guha R, Willighagen EL: Recent developments of the chemistry development kit (CDK) - an open-source java library for chemo- and bioinformatics. Curr Pharm Des. 2006, 12: 2111-2120.Crossref

56.
Kuhn T, Willighagen EL, Zielesny A, Steinbeck C: CDK-Taverna: an open workflow environment for cheminformatics. BMC Bioinformatics. 2010, 11: 159-Crossref

57.
Clark AM: Accurate specification of molecular structures: the case for zero-order bonds and explicit hydrogen counting. J Chem Inf Model. 2011, 51: 3149-3157.Crossref

58.
Willett P: Similarity-based approaches to virtual screening. Biochem Soc Trans. 2003, 31: 603-606.Crossref

59.
Mathew B, Ross L, Reynolds RC: A novel quinoline derivative that inhibits mycobacterial FtsZ. Tuberculosis (Edinb). 2013, 93: 398-400.Crossref

60.
Khan SR, Singh S, Roy KK, Akhtar MS, Saxena AK, Krishnan MY: Biological evaluation of novel substituted chloroquinolines targeting mycobacterial ATP synthase. Int J Antimicrob Agents. 2013, 41: 41-46.Crossref

61.
Vasudevan D, Rao SP, Noble CG: Structural basis of mycobacterial inhibition by cyclomarin A. J Biol Chem. 2013, 288: 30883-30891.Crossref

62.
Gao P, Yang Y, Xiao C, Liu Y, Gan M, Guan Y, Hao X, Meng J, Zhou S, Chen X, Cui J: Identification and validation of a novel lead compound targeting 4-diphosphocytidyl-2-C-methylerythritol synthetase (IspD) of mycobacteria. Eur J Pharmacol. 2012, 694: 45-52.Crossref

63.
Kale RR, Kale MG, Waterson D, Raichurkar A, Hameed SP, Manjunatha MR, Kishore Reddy BK, Malolanarasimhan K, Shinde V, Koushik K, Jena LK, Menasinakai S, Humnabadkar V, Madhavapeddi P, Basavarajappa H, Sharma S, Nandishaiah R, Mahesh Kumar KN, Ganguly S, Ahuja V, Gaonkar S, Naveen Kumar CN, Ogg D, Boriack-Sjodin PA, Sambandamurthy VK, de Sousa SM, Ghorpade SR: Thiazolopyridone ureas as DNA gyrase B inhibitors: Optimization of antitubercular activity and efficacy. Bioorg Med Chem Lett. 2013, 24: 870-879.Crossref

64.
Pauli I, dos Santos RN, Rostirolla DC, Martinelli LK, Ducati RG, Timmers LF, Basso LA, Santos DS, Guido RV, Andricopulo AD, Norberto de Souza O: Discovery of new inhibitors of Mycobacterium tuberculosis InhA enzyme using virtual screening and a 3D-pharmacophore-based approach. J Chem Inf Model. 2013, 53: 2390-2401.Crossref

65.
Wang D, Zhu X, Cui C, Dong M, Jiang H, Li Z, Liu Z, Zhu W, Wang JG: Discovery of novel acetohydroxyacid synthase inhibitors as active agents against Mycobacterium tuberculosis by virtual screening and bioassay. J Chem Inf Model. 2013, 53: 343-353.Crossref

66.
Li X, Liu N, Zhang H, Knudson SE, Li HJ, Lai CT, Simmerling C, Slayden RA, Tonge PJ: CoA adducts of 4-Oxo-4-phenylbut-2-enoates: inhibitors of MenB from the M. Tuberculosis menaquinone biosynthesis pathway. ACS Med Chem Lett. 2011, 2: 818-823.Crossref

67.
Nidhi , Glick M, Davies JW, Jenkins JL: Prediction of biological targets for compounds using multiple-category Bayesian models trained on chemogenomics databases. J Chem Inf Model. 2006, 46: 1124-1133.Crossref

68.
Clark AM, Ekins S, Williams AJ: Redefining cheminformatics with intuitive collaborative mobile apps. Mol Informatics. 2012, 31: 569-584.Crossref

69.
Clark AM, Williams AJ, Ekins S: Cheminformatics workflows using mobile apps. Chem-Bio Informatics J. 2013, 13: 1-18.Crossref

70.
Clark AM: Basic primitives for molecular diagram sketching. J Cheminform. 2010, 2: 8-Crossref

71.
Williams AJ, Ekins S, Clark AM, Jack JJ, Apodaca RL: Mobile apps for chemistry in the world of drug discovery. Drug Disc Today. 2011, 16: 928-939.Crossref

72.
Ekins S, Clark AM, Williams AJ: Incorporating green chemistry concepts into mobile chemistry applications and their potential uses. ACS Sustain Chem Eng. 2013, 1: 8-13.Crossref

73.
Ekins S, Clark AM, Williams AJ: Open drug discovery teams: a chemistry mobile App for collaboration. Mol Informatics. 2012, 31: 585-597.Crossref



Competing interests
Sean Ekins is a consultant for Collaborative Drug Discovery Inc. Alex M. Clark is the founder of Molecular Materials Informatics, Inc., and developed all the apps described.

Authors’ contributions
AMC developed TB Mobile, the algorithms, fingerprints and wrote the manuscript, SE came up with the idea for TB Mobile, performed all the evaluation of the app and wrote the manuscript. MS curated database links to the molecules used in TB Mobile and wrote the manuscript. All authors read and approved the final manuscript.


OEBPS/sidebar.gif





OEBPS/A13321_2014_Article_38_IEqb_HTML.gif





OEBPS/A13321_2014_Article_38_Fig5_HTML.jpg
Email Print

1 e w3






OEBPS/A13321_2014_Article_38_IEqh_HTML.gif





OEBPS/A13321_2014_Article_38_IEqq_HTML.gif





OEBPS/A13321_2014_Article_38_Fig2_HTML.jpg
Airbrop
() St stanty i peape e vy
o notappear automaticaly sk hem (0

pen Contol ontar and ur on AYDIop.

(oJe) oL g

Openin  OpeninT8  Openin  Openin
MoiSync Moble  MMDS Yo R

Cancel

Import 2 molecules into personal stash?

Import






OEBPS/A13321_2014_Article_38_IEqp_HTML.gif





OEBPS/A13321_2014_Article_38_IEqt_HTML.gif





OEBPS/A13321_2014_Article_38_IEqe_HTML.gif





OEBPS/A13321_2014_Article_38_IEqs_HTML.gif





OEBPS/A13321_2014_Article_38_IEqk_HTML.gif
@3@?





OEBPS/A13321_2014_Article_38_IEqn_HTML.gif





OEBPS/A13321_2014_Article_38_Figa_HTML.gif





OEBPS/A13321_2014_Article_38_Fig3_HTML.jpg
Actions

(b)

#0920 ROGERS = 1149 AM -

Anti-tuberculosis com...

o

CefBes, Fron

rkmmi@gmail.com

Subject: Anti-tuberculosis compounds

InhA inhibitors.

ToMobile.dt

ToMobieds






OEBPS/A13321_2014_Article_38_IEqc_HTML.gif





OEBPS/A13321_2014_Article_38_IEqr_HTML.gif





OEBPS/A13321_2014_Article_38_IEqo_HTML.gif





OEBPS/A13321_2014_Article_38_IEql_HTML.gif





OEBPS/A13321_2014_Article_38_IEqf_HTML.gif





OEBPS/A13321_2014_Article_38_Fig6_HTML.jpg
e






OEBPS/A13321_2014_Article_38_IEqu_HTML.gif





OEBPS/contact.gif





OEBPS/A13321_2014_Article_38_IEqi_HTML.gif





OEBPS/A13321_2014_Article_38_IEqa_HTML.gif





OEBPS/A13321_2014_Article_38_IEqg_HTML.gif





OEBPS/A13321_2014_Article_38_Fig4_HTML.jpg
1215PM.






OEBPS/A13321_2014_Article_38_IEqj_HTML.gif





OEBPS/A13321_2014_Article_38_Fig1_HTML.jpg
(8) Recaer Opersor Craractersic 100 cuve () et sayesionesimators

(©) secsa e s

B a0

ECFP_6 (AUC = 0987)
W FCPP6 AU - 0985)






OEBPS/A13321_2014_Article_38_IEqm_HTML.gif





OEBPS/A13321_2014_Article_38_IEqd_HTML.gif





