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Abstract: Background: In the context of the current drug discovery efforts to find disease modifying 
therapies for Parkinson´s disease (PD) the current single target strategy has proved inefficient. 
Consequently, the search for multi-potent agents is attracting more and more attention due to the 
multiple pathogenetic factors implicated in PD. Multiple evidences points to the dual inhibition of the 
monoamine oxidase B (MAO-B), as well as adenosine A2A receptor (A2AAR) blockade, as a 
promising approach to prevent the neurodegeneration involved in PD. Currently, only two chemical 
scaffolds has been proposed as potential dual MAO-B inhibitors/A2AAR antagonists (caffeine 
derivatives and benzothiazinones). 

Methods: In this study, we conduct a series of chemoinformatics analysis in order to evaluate and 
advance the potential of the chromone nucleus as a MAO-B/A2AAR dual binding scaffold. 

Results: The information provided by SAR data mining analysis based on network similarity graphs 
and molecular docking studies support the suitability of the chromone nucleus as a potential MAO-
B/A2AAR dual binding scaffold. Additionally, a virtual screening tool based on a group fusion 
similarity search approach was developed for the prioritization of potential MAO-B/A2AAR dual 
binder candidates. Among several data fusion schemes evaluated, the MEAN-SIM and MIN-RANK 
GFSS approaches demonstrated to be efficient virtual screening tools. Then, a combinatorial library 
potentially enriched with MAO-B/A2AAR dual binding chromone derivatives was assembled and 
sorted by using the MIN-RANK and then the MEAN-SIM GFSS VS approaches. 

Conclusion: The information and tools provided in this work represent valuable decision making 
elements in the search of novel chromone derivatives with a favorable dual binding profile as MAO-
B inhibitors and A2AAR antagonists with the potential to act as a disease-modifying therapeutic for 
Parkinson´s disease. 

Keywords: A2A adenosine receptor, chemoinformatics, chromones, dual-target binder, monoamine oxidase B, parkinson´s 
disease. 

1. INTRODUCTION 

 Parkinson´s disease (PD) is the second most common 
age-related neurodegenerative disorder. The current yearly  
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cost of healthcare for PD patients is estimated to exceed $ 
5.6 billion just in the United States. With the increasing 
worldwide life expectancy, the prevalence of PD is projected 
to double by 2030 [1-3]. 

 Currently, drugs based on dopamine replacement remain 
the main and most effective PD treatments [4]. However, their 
efficacy reduce as the disease progresses [5-7]. Ultimately, 
disease-modifying therapies addressing both the motor and 
non-motor symptoms of PD are needed. 

 
 
 
 
 

A R T I C L E  H I S T O R Y�
Received: November 26, 2015 
Revised: March 14, 2016 
Accepted: November 03, 2016 
 
DOI: 
10.2174/1570159X15666170116145316�

 

1875-6190/17 $58.00+.00 ©2017 Bentham Science Publishers 

Send Orders for Reprints to reprints@benthamscience.ae 

 Current Neuropharmacology, 2017, 15, 1117-1135 

1117 

RESEARCH ARTICLE 

Chemoinformatics Profiling of the Chromone Nucleus as a MAO-B/A2AAR 
Dual Binding Scaffold 



1118    Current Neuropharmacology, 2017, Vol. 15, No. 8 Cruz-Monteagudo et al. 

 Despite the increasing investment in biomedical research, 
the success rate of new drugs in clinical trials is falling, and 
PD is not the exception [8-12]. Academic and industry 
scientists acknowledge that the main efforts should be 
targeted to the drug discovery pipeline itself, particularly 
focusing on prioritizing and validating relevant targets and 
on evaluating candidate drugs [13]. So, novel drug targets 
are required to develop effective PD modifying treatments. 
On the other hand, since multiple genetic and environmental 
factors are involved in PD [14], the current single target 
strategy has proved ineffective. Thus, finding multi-potent 
agents is attracting more and more attention. 

 Inhibitors of the MAO-B enzyme are among the most 
common adjunctive drugs to the standard levodopa treatment 
of PD [15]. Oxidative deamination of many endogenous 
amines in the brain is catalyzed by MAO-B [16-18]. So, 
inhibition of this enzyme in the brain slows down the 
depletion of dopamine stores and elevates the levels of 
endogenously produced synaptic dopamine, as well as of 
dopamine derived from the exogenously administered 
levodopa [18, 19]. In addition, inhibitors of MAO may also 
exert a neuroprotective effect by decreasing the production 
of potentially hazardous catalytic by-products (including 
reactive oxygen species) of dopamine metabolism in the 
brain [20]. Considering that MAO-B activity in the human 
brain increases with age, it is evident the key role of MAO-B 
inhibition in PD [21-23]. 

 In addition to MAO-B inhibitors, antagonists of the A2A 
subtype of adenosine receptors (A2AAR) are emerging as a 
new class of promising anti-parkinsonian agents [24-26]. 
Blockade of the A2AAR in striatopallidal neurons potentiates 
dopamine 2 (D2) receptor mediated neurotransmission and 
therefore softens the effects of striatal dopamine depletion in 
PD [25, 27]. As a result, antagonism of the A2AAR partially, 
but reliably, restores motor activity in animal models of PD 
[28]. Previous studies suggest that A2AAR antagonism may 
also exert anti-parkinsonian effects which are independent 
from any D2 receptors mediated neurotransmission [29]. The 
antagonistic relationship between these receptors as a first 
point of departure and the distinctive distribution of A2AAR 
in brain, constitute the basis for focusing on the A2AAR 
antagonism as a disease modifying therapy for PD. These 
facts allow to assert that dual-target-directed drugs 
simultaneously inhibiting MAO-B and antagonizing A2AAR, 
can have a significant value as disease-modifying agents in 
the management of PD. 

 The first success in the development of dual A2AAR 
Antagonists/MAO�B Inhibitors as potential PD therapeutics 
came from studies on the MAO-B inhibition properties of a 
number of xanthinyl derived A2AAR antagonists. These 
investigations were directed to test whether MAO-B 
inhibition contributed or not to the reported neuroprotective 
effect of A2AAR antagonists [30, 31]. In addition to the evident 
structural relationship to adenosine, the natural endogenous 
ligand of ARs, several factors probably motivated the choice 
of caffeine as the scaffold for these studies. Previous reports 
of a reduced risk of developing PD associated to the 
consumption of caffeine can be identified as one of such 
motivating factors [32-34]. Also, recent reports of the 
neuroprotective effects in the 1-methyl-4-phenyl-1,2,3,6-

tetrahydropyridine (MPTP) mouse model [35] of (E)-8-(3-
chlorostyryl)caffeine (CSC) [36, 37], a selective A2AAR 
antagonist, support the selection of caffeine. 

 The first attempt to depart from the caffeine scaffold was 
reported in [38] through a systematic modification of the 
caffeinyl core and substituents of the reference compound 
CSC. This research led to several 9-deazaxanthine derivatives 
exhibiting an excellent dual human A2AAR antagonism/ 
MAO-B inhibition profile. 

 It was not until very recently that a real departure from 
the caffeine scaffold was successfully achieved by Müller 
and collaborators [39]. Based on a precedent study reporting the 
firsts non-caffeine-derived, non-adenine-related AR antagonists 
[40], Müller and colleagues evolved to the firsts potent, dual-
target directed A2AAR antagonists/MAO-B inhibitors with a 
non-caffeine scaffold. Actually, the best derivative obtained 
(the N-(4-oxo-4H-3,1-benzothiazin-2-yl)-4-phenylbutanamide) 
exhibited excellent A2AAR antagonism/MAO-B inhibitory 
values below 50 nM, being selective too for the other 
subtypes of AR and monoamine oxidase A (MAO-A). 

 Although chromones are excellent MAO-B ligands, the 
A2AAR antagonist capability of this chemical family is not so 
outstanding [41]. However, a potent A2AAR antagonist with 
a chromone scaffold was recently discovered during a virtual 
screening (VS) study [42]. This recent finding suggests that 
the binding affinity of chromones for the A2AAR can be 
modulated by placing proper structural modifications, while 
keeping the MAO-B inhibitory potency. In this study, we 
conduct a series of chemoinformatics analyses in order to 
evaluate and advance the potential of the chromone nucleus 
as a MAO-B/A2AAR dual binding scaffold. 

2. COMPUTATIONAL METHODS 

2.1. SAR Data Mining based on Network-like Similarity 
Graphs 

 For the study of the main Structure-Activity Relationships 
(SAR) trends dominating the dual A2AAR antagonists/ 
MAO�B inhibitors reported up to date we resort to 
SARANEA [43]. SARANEA is a freely available program 
implementing a graphical user interface to network similarity 
graphs (NSG) and NSG-based techniques for data mining. 

2.1.1. SAR Data Collection 

 The SAR mapping based on NSG was applied to a subset 
of 63 compounds with reported values of half inhibitory 
concentration (IC50) against the human MAO-B enzyme and 
of inhibition constant (Ki) of the human A2AAR. This subset 
was compiled from [30, 38, 39] and it is provided as a SD 
file in the Supplementary Information. The file contains the 
respective molecular structures, MAO-B IC50 and A2AAR Ki 
values in nanomolar units (nM), and the corresponding 
individual (dMAO-B and dA2aAR) and overall (DDual) dual 
binding desirability values. The definitions of dMAO-B, dA2aAR 
and DDual are provided below. 

2.1.2. Structure Codification 

 SARANEA uses as input customized molecular 
fingerprint representations. So, the freely available version 
of Molecular ACCess System (MACCS) structural keys [44] 
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implemented in the CDK software [45, 46] was used to 
represent the molecular structure of the 63 compounds 
analyzed. 

2.1.3. Network-like Similarity Graphs 

 A dataset of chemical compounds can be represented 
through NSGs by showing all molecules and their similarity 
relationships. NSGs are graphs in which molecules are 
represented by nodes. Edges connecting individual nodes 
represent pair-wise similarity relationships. Only pairs of 
molecules exceeding a predefined threshold of similarity are 
connected by an edge. To visualize the distribution of 
potencies, nodes are coded by applying a continuous 
spectrum from green (lowest) to red (highest) potency. The 
compound discontinuity score codifies SAR characteristics 
of individual compounds and it is represented by node 
scaling representing the deviation in potency of a molecule 
from its structural neighbors. Large nodes reflect molecules 
inducing a high discontinuity and vice versa [47, 48]. Thus, 
it detects compounds introducing SAR discontinuity and 
activity cliffs. In NSGs, combinations of large green and red 
nodes linked by an edge are markers of activity cliffs that 
can be easily recognized. As previously mentioned, for this 
task we used SARANEA [43]. 

 In SARANEA, a pair of connected compounds need to 
exceed a predefined Tanimoto coefficient (Tc) similarity 
threshold value. Here we applied a Tc similarity threshold of 
0.65 to explore alternative routes to potent dual MAO-
B/A2AAR binders covering a broader range of structural 
scaffolds. SARANEA offers interactive access to the 
molecular representations through the nodes in the graph 
[43]. So, the SAR enclosed in the NSG can be easily 
explored with the aid of this feature. 

 SARANEA provides an additional set of functionalities to 
quantify compound-specific, local and global SAR features 
based on numerical functions. These functions codify pair-
wise compound potency and similarity comparisons 
including the Cliff, and SAR (SARI) Indexes as well as  
the continuity and discontinuity scores [43, 49, 50]. These 
quantitative indexes can support the process of SAR mining. 
However, the calculation of this kind of functions includes 
standardization and normalization processes relying on a 
normalized set of molecules. So, we decided to prioritize 
those SARANEA features based on the graphic search of 
structure-similarity relationships. 

 The file supplied as input to SARANEA for the NSG 
analysis contains the list of the 63 compounds (48 caffeine 
derivatives and 15 benzothiazinones) including dual binding 
desirabilities and the corresponding molecular structures (see 
details in the next section). The binding affinities against the 
two targets of interest (MAO-B IC50 and A2AAR Ki) were 
aggregated in a combined score by using a desirability 
function specifically adapted to represent the dual binding 
profile of the compounds under study. 

2.1.4. Dual Binding Desirability 

 The desirability function was first proposed by Harrington 
[51] in 1965 as an approach for combining multiple responses 
in a single optimization equation. A desirability function 

maps the value of a property into a score ranging from zero 
to one which represents how desirable a case with this 
property value would be. Depending on the desired level for 
the target property, different desirability functions need to be 
applied. If a minimum value of the target property is desired, 
then a minimization desirability function is applied: 

    
(eq. 1)

 
 If a maximum value of the target property is desired, then 
a maximization desirability function is applied: 

    
(eq. 2)

 
 In equations 1 and 2, L and U are the minimum and 
maximum values of the property Y, respectively, while Yi 
represents the value of the property for compound i. 
Moreover, the exponent s determines how significant is to hit 
the desired value (L or U). 

 If the property of a compound is beyond the 
ideal/unaccepted ranges, it will be scored with 1.0/0.0. 
Scores between 0 and 1 represent increasing desirability 
levels. 

 Once defined the desirability function for each property, 
the overall desirability D of candidate i can be estimated as 
the geometric mean of the individual desirability scores d as 
follows: 

    (eq. 3) 
 Thus, D provides the overall assessment of the 
desirability of the combined property levels. The range of D 
will fall in the interval [0, 1] and it will rise as the balance 
between the properties becomes more desirable, being 0 if at 
least one of the properties takes a value of d = 0. 

 Since a potent dual binding compound should exhibit low 
values of MAO-B IC50 and A2AAR Ki, respectively, a 
minimization Derringer desirability function (equation 1) 
[52] was applied. This equation was specifically adapted for 
the visualization purposes of SARANEA. So, the minimum 
(desired) value L used for each property Y (MAO-B IC50 and 
A2AAR Ki) corresponds to the value of MAO-B IC50/A2AAR 
Ki of the most potent MAO-B inhibitor/ A2AAR antagonist 
(17.6 nM and 2.2 nM, respectively). The maximum value U 
of MAO-B IC50/A2AAR Ki was set to 100000 nM in both 
cases. The s parameter was adjusted for each property to 
render a corresponding d value = 0.5 for those compounds 
with MAO-B IC50/A2AAR Ki = 1000 nM (the threshold used 
for each target to consider a compound as a dual binder). 
This resulted in values of s of 70 and 69 for MAO-B IC50 
and A2AAR Ki respectively. In this way, only dual binding 
compounds will exhibit a d value for each target (dMAO-B and 
dA2aAR, respectively) ≥ 0.5 and consequently, an overall Dual 
Binding Desirability (DDual) value ≥ 0.5. 

 The SARANEA input file is a zip folder containing a 
subfolder including the above mentioned information, and an 
additional subfolder including the files with the settings used 
for each applicable similarity threshold. Specifically, the 
DDual values corresponding to the 63 compounds analyzed 
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with the NSG approach were provided to SARANEA as [(1-
DDual)x1000] to fit the visualization requirements of the 
software. This zip file is provided as Supporting Information. 

2.2. Molecular Docking 

 The SAR information extracted from the NSG-based SAR 
analysis of the benzothiazinones and caffeine derivatives 
reported in [30, 38, 39] guided the design of two chromone 
analogs. These analogs were based on the best dual MAO-
B/A2AAR benzothiazinone and caffeine derivative, respectively. 
The molecular structure of the chromone analogs and the 
corresponding dual MAO-B/A2AAR benzothiazinone and 
caffeine derivatives are provided in Fig. (1). 

 A three dimensional conformer for each chromone analogue 
was generated using the ChemAxon's 3D coordinate/ 
conformer generation and analysis module (Generate3D) 
available in the MarvinSketch GUI. The geometry optimization 
performed by the Generate3D module is based on the 
Dreiding force-field [53] and started from a standardized 2D 
structure with explicit hydrogens, as described below in the 
Data Curation and Standardization section. Afterwards, 
charges were incorporated to each conformer by resorting to 
the ChemAxon's calculator (cxcalc) available also form the 
tools panel of the MarvinSketch GUI, considering the 
resonant structures and major microspecies at pH = 7.4. 

 The crystallographic structures of the A2AAR in complex 
with the antagonist ZM241385 (PDB code 3PWH) and of 
the complex between MAO-B and a coumarin inhibitor 
(PDB code 2V61), were obtained from the Protein Data 
Bank (www.wwpdb.org). Receptor preparation was carried 
out with the UCSF Chimera software [54]. During receptor 
preparation all water molecules and ligands were removed 
and hydrogen atoms and charges were added. For both 
receptors the ligand binding pocket was defined as any 
residue lying at a distance below 5Å from the crystallo- 
graphic ligand structure. 

 Molecular docking was performed with the DOCK v6.6 
software [55] considering the ligand as flexible [56]. A 
maximum of 5000 conformations per ligand was explored 
allowing a maximum of two bumps between the receptor and 

the ligand. Bumps were defined as any pair of atoms closer 
than the 75% of the sum of their Van der Waals radii. The 
energy grid-based scoring function was chosen for the 
evaluation of poses quality. The top 20 lowest scored poses 
for each ligand were saved. To prevent redundancy on the 
predicted binding modes of each compound the resulting 
conformations were clustered using a threshold of 2 Å for 
the RMSD. 

 For interaction energies calculation, a grid was pre-
computed for the receptor binding pocket region. The grid 
spacing was set to 0.3 Å and the attractive and repulsive Van 
der Waals coefficients were set to 6 and 12 respectively. 
Calculations were performed considering an all-atoms 
model. The obtained docking conformations were rescored 
using the GB/SA scoring function. This scoring function was 
selected because of its implicit solvent model and the fast 
calculation of the score for one ligand pose. 

2.3. Group Fusion Similarity Search 

2.3.1. Dual MAO-B/A2AAR Ligands and Decoys Data 
Collection 

 A set of sixteen dual MAO-B/A2AAR ligands (caffeine 
derivatives and benzothiazinones) were compiled from [30, 
38, 39]. Only compounds exhibiting values < 1000 nM of 
MAO-B IC50 and A2AAR Ki were considered dual MAO-
B/A2AAR ligands. So, the remaining 48 caffeine derivatives 
and benzothiazinones were considered as dual MAO-
B/A2AAR decoys. An additional set of 32 chromones 
reporting human MAO-B IC50 and A2AAR Ki values ≥ 1000 
nM was compiled from [57-60] and used as dual MAO-
B/A2AAR decoys. 

 Additionally, dual MAO-B/A2AAR decoys were extracted 
from individual MAO-B IC50 and A2AAR Ki data, respectively. 
As dual MAO-B/A2AAR decoys were considered only those 
compounds with MAO-B IC50 or A2AAR Ki values ≥ 1000 nM. 
The human A2AAR antagonists dataset was retrieved from 
the literature [57, 61-77]. It encompasses 327 compounds and 
contains nitrogen and oxygen heterocyles such as pyrazolo[3, 
4-c]quinolines, 1,2,4-triazolo[4,3-a]quinoxalin-1-ones, pyrazolo-
triazolo-pyrimidines, quinoxalines, mercaptopyrimidines, 
adenine derivatives, chromones and benzylketoindoles. The 
binding data was collected from different sources, but the 
protocols for competitive radioligand binding were similar. 
Only measurements using human A2AAR subtype cloned in 
Chinese hamster ovary cells and [3H]NECA as the radiolabeled 
ligand were considered. The spectrum of binding affinities 
(A2AAR Ki values) ranged from 1.00 nM to >10000 nM. 
Only 191 compounds with A2AAR Ki values ≥ 1000 nM were 
considered as dual MAO-B/A2AAR decoys since their weak 
A2AAR antagonist profile automatically exclude them as dual 
MAO-B/A2AAR binders. 

 The human MAO-B inhibitor data was compiled from 
[58-60, 78-92]. It is composed by 474 compounds including 
different types of heterocycles such as chromones, coumarins, 
chalcones, 2-hydrazinylthiazoles, pyrazoles and homoiso- 
flavonoids. All compounds were assayed for their inhibitory 
efficacy (IC50) on the human MAO-B isoform following a 
single protocol, previously described in [93]. The spectrum 
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Fig. (1). Molecular structure of the chromone analogs used for 
molecular docking and the corresponding dual MAO-B/A2AAR 
benzothiazinone and caffeine derivatives used as templates. 
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of hMAO-B inhibition ranged from 1.00 nM to > 100000 
nM. Only 287 compounds with MAO-B IC50 values ≥ 1000 
nM were considered as dual MAO-B/A2AAR decoys since 
their weak MAO-B inhibitor profile automatically exclude 
them as dual MAO-B/A2AAR binders. 

 Finally, a full set of 574 compounds comprising 16 dual 
MAO-B/A2AAR ligands and 558 dual MAO-B/A2AAR 
decoys was compiled. This dataset is provided as Supporting 
Information. 

2.3.2. Data Curation and Standardization 

 The chemical structures of the 574 compounds collected 
from the literature were subject to standard curation 
procedures [94]. First, each SD file was generated using the 
JChem for Excel software [95]. The molecular structure 
representation was then standardized using ChemAxon´s 
Standardizer [96]. The parameters of the standardization 
process were set to obtain clean 2D molecular structures in 
SD format with benzenes in the aromatic form, explicit 
hydrogens, and a common representation (normalization) of 
specific chemotypes such as nitro or sulfoxide groups. The 
“Find duplicate structures” option of the EdiSDF program 
[97] included on the ISIDA project [98, 99] was used to 
detect and eliminate duplicate molecules. 

2.3.3. Chemical Structure Codification and Chemical 
Similarity 

 The chemical structure of the 574 compounds was codified 
by the hashed chemical fingerprints (ChFP) implemented in 
the JChem for Excel program [95]. The chemical similarity 
relationships was established by using the Tanimoto coefficient 
as chemical similarity metric and ChFP as chemical reference 
space by resorting to the JCDissimilarityCFTanimoto function 
implemented in the JChem for Excel program [95]. 

2.3.4. Group Fusion Similarity Search 

 In the group fusion approach for similarity search 
(GFSS) [100], a user-defined set of structurally diverse 
reference structures (with the desired property/activity 
profile) is searched against a database using a common 
similarity measure. Here, the set of similarity values between 

each pair of reference and database compounds is combined 
into a new fused similarity score used to decreasingly rank 
the database. In this way, it is possible to "capture" the 
structural patterns determining the biological property under 
study. 

 In this work, the set of reference structures consists of 
five structurally diverse dual MAO-B/A2AAR ligands. That 
is, among the sixteen dual MAO-B/A2AAR ligands above 
described, the five compounds sharing the lowest structural 
similarity (using Tc based on ChFP) were selected. The 
molecular structure, identification code, MAO-B IC50 value, 
A2AAR Ki value and dual binding desirability (DDual) value 
of each reference compound are depicted in Fig. (2). 

 The set of Tc similarity values between each reference 
dual MAO-B/A2AAR ligand and each database compound is 
used to rank the compounds library (11 dual MAO-B/A2AAR 
ligands and 558 dual MAO-B/A2AAR decoys). Finally, 
several data fusion schemes are applied to obtain several 
fused similarity scores or fused ranks, which will be used as 
the definitive ranking criterion. The applied data fusion 
schemes were based on both, Tc similarity values and rank 
positions. Specifically, the maximum similarity (MAX-
SIM), minimum similarity (MIN-SIM), mean similarity 
(MEAN-SIM), maximum rank (MAX-RANK), minimum 
rank (MIN-RANK) and mean rank (MEAN-RANK) data 
fusion schemes were applied [101]. 

2.3.5. Virtual Screening Performance 

 The primary goal in a virtual screening campaign is to 
select a subset from a large pool of candidates maximizing 
the number of known actives in this subset. Several 
enrichment metrics have been proposed to measure the 
enrichment ability of a VS tool. Here, we used some of the 
most extended metrics to evaluate the VS performance of the 
six different GFSS data fusion schemes and to select the best 
performing approach. These are: the area under the 
accumulative curve (AUAC), the area under the ROC curve 
(ROC), the enrichment factor (EF), the robust initial 
enhancement (RIE) and the Boltzmann-enhanced discrimination 
of ROC (BEDROC). See references [102, 103] for definition 
and interpretation details. 
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Fig. (2). Benzothiazinone and caffeine derivatives used as reference set for the GFSS virtual screening approach. 
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3. RESULTS AND DISCUSSION 

3.1. Network-like Similarity Graph Exploration of 
Current Dual MAO-B/A2AAR Binders 

 The goal of the first analysis conducted was to visually 
detect highly discontinuous regions in the NSG encoding 
minimal structural changes that lead to significant variations 
in the dual binding profile, focusing on those containing 
activity cliffs. The compounds connected in this network 
share a structural similarity of 65% or higher. This network 
is characterized by the coexistence of regions with 
continuous and discontinuous SARs. Fig. 3 depicts the NSG 
obtained by applying as similarity threshold a Tc based on 
MACCS keys equals to 0.65. Regions of continuous SAR 
are characterized by clusters of small green nodes whereas 
discontinuous regions involve clusters composed of large 
green and red nodes. As deduced from Fig. 3, this network 
contains similar subsets of molecules inducing SAR 
continuity and discontinuity, respectively. So, we can assert 
that at this similarity threshold, the molecules under study 
are characterized by a heterogeneous SAR. Similar and low 
continuity/discontinuity scores (0.264)/(0.140) determine a 
SARI index of 0.562, which supports the hypothesis of a 
heterogeneous relaxed SAR. This implies a SAR space 
moderately useful to extract relevant SAR information and to 
apply quantitative analyses based on chemical similarity. 

 As can be noted, the network obtained at this similarity 
threshold is a fully connected graph with two clusters clearly 
identified. A first cluster including 48 caffeine derivatives 
and a second one including 15 benzothiazinones. The cluster 
of caffeine derivatives is dominated by the presence of small 
green nodes among a few large yellow nodes. This is a clear 
indication of the contribution of this cluster to the continuity 
of the SAR of the human MAO-B/A2AAR dual binding 
compounds under study. The presence of such a continuous 
SAR is a positive aspect for the application of similarity-
based virtual screening methods to this family of compounds. 
However, these types of spaces are poor sources for extracting 
useful SAR information. So, from the visual inspection of 
the NSG, stringent criteria for dual binding are expected for 
caffeine derivatives. 

 A different space characterizes the bezothiazinones 
cluster, dominated by the presence of large green and red 
nodes. This clearly indicates that this cluster is the main 
contributor to the discontinuity of the global SAR. Contrary 
to the cluster of caffeine derivatives, this is a rich source to 
extract useful SAR information since any structural variation 
between two linked nodes leading to a significant alteration 
of the dual binding ability should come from a pair of 
compounds forming an activity cliff. Accordingly, such 
structural variations can be considered as relevant for 
establishing the SARs that characterize this chemical family. 
So, it is expected to find a wider structural variability 
contributing to the dual binding ability of benzothiazinones. 

 The previous analyses provide information on major 
SAR trends. Further analyses were applied by means of more 
advanced data structures implemented on SARANEA that 
mine the information contained in NSGs: SAR pathways and 
SAR trees. 

3.1.1. NSG Based SAR Analysis of Caffeine Derivatives 

 To provide an overview of the SAR dominating the dual 
binding profile of caffeine derivatives, the pathways leading 
to or originating from a compound of interest can also be 
organized in a tree-like structure termed SAR tree [43, 104]. 
Therefore, to explore alternative routes to potent dual binding 
compounds (sequences of gradual structure modifications) 
covering a wide range of structural scaffolds, the cluster of 
caffeine derivatives was analyzed through the SAR tree 
utility. 

 To explore overall trends encoding different structural 
transitions from poor to potent dual binding caffeine derivatives, 
the respective SAR tree was constructed to originate from 
the caffeine derivative of highest dual binding ability. So, the 
obtained SAR tree is rooted at a yellow node representing 
the caffeine derivative of highest dual binding ability, and 
the leaves of the tree correspond to green nodes representing 
caffeine derivatives of low or null dual binding ability. 

 This SAR tree comprising the 48 caffeine derivatives 
analyzed (see Fig. 4) provides a visual exploration of the 
overall pattern dominating the dual binding profile of 
caffeine derivatives. Here, it is possible to note that all the 
caffeine derivatives with at least a minimally acceptable dual 
binding profile (nodes 1-14 which exhibit a dual desirability 
value near to 0.5 or higher) share an 8-styryl moiety. Any 

 

Fig. (3). NSG constructed with the software SARANEA for a 
join set of 48 caffeine derivatives and 15 benzothiazinones using 
a Tanimoto similarity threshold of 0.65. This NSG consists of 
two clusters encoding quite different local SARs. Nodes represent 
compounds connected by edges if they share a 2D similarity above 
a predefined threshold. The colour and size of a node reflect the 
dual binding desirability (DDual) value and contribution to the local 
SAR discontinuity of the corresponding compound, respectively. 
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spacer between the caffeine nucleus and the benzyl 
substituent different from ethenyl induces a significant loss 
of binding affinity over both or one of the targets. On the 
other hand, para-substitution of the styryl substituent with 
lipophilic, electron withdrawing groups, such as halogens or 
trifluoromethyl seems to induce a significant improvement 
of the binding affinity over both targets. A more detailed 
exploration of this pattern can be conducted by deriving 
SAR pathways focused on the SAR patterns of interest. 

 In Fig. (5) is provided a SAR pathway comprising 
representative caffeine derivatives in terms of spacer diversity. 
In this graph the molecular structure of the trimethyl-9-
deazaxanthine derivatives containing the six main spacers 
(ethenyl, phenyl, methoxyl, ethynyl, triazolyl, formamidyl) 
linking a common para-chlorophenyl substituent are provided 
along their binding affinities to human MAO-B and A2AAR. 
The DDual values are also provided in the scale bar. As can be 
noted, a deep loss on the dual binding ability is observed in 

 

Fig. (4). SAR tree generated for cluster of 48 caffeine derivatives in the NSG obtained at a Tanimoto similarity threshold of 0.65. 
Green/yellow nodes represent compounds of low/high dual binding desirability. The molecular structures, MAO-B IC50/A2AAR Ki(DDUAL) 
values of the caffeine derivatives represented by individual nodes in the SAR tree are shown. 
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the caffeine derivatives with a spacer different of ethenyl. 
Although in most cases (derivatives with methoxyl, ethynyl, 
triazolyl spacers) potent MAO-B binders are obtained, a 
complete loss of A2AAR binding affinity is observed with 
any spacer different of ethenyl. So, the observed pattern 
indicates a critical role of ethenyl spacers in caffeine 
derivatives as dual MAO-B/A2AAR binders [38]. 

 Once established the essential role of the ethynyl spacer, 
a SAR pathway analysis is conducted on the trimethyl-9-
deazaxanthine derivatives with different substituents. First, 
by analyzing the dual binding profile (deduced from the 
respective DDual values) of nodes 1 to 6 in the SAR pathway 
graph (see Fig. 6), it is possible to confirm the favorable effect 
of styryl substituents with lipophilic, electron withdrawing 
groups on the dual binding profile of caffeine derivatives as 
previously observed in the SAR tree analysis. Substituents such 
as chlorine, fluorine, acetyl and trifluoromethyl particularly 
improve the dual binding ability of 8-styryl-trimethyl-9-
deazaxanthine derivatives when they are placed in para 
positions. The meta-substitution of the same groups induces 
a significant loss of the dual binding ability. The evolution of 
the dual binding profile of nodes 5 and 16 (DDual of node 
5/16 = 0.72/0.02) as well as nodes 1 and 11 (DDual of node 
1/11 = 0.86/0.52) are clear examples of the importance of the 
para-substitution for the dual binding ability of caffeine 
derivatives. On the other hand, the evolution of the dual binding 
profile of nodes 4, 12, and 13 evidences the detrimental 
effect of hydrophilic substituents. 

3.1.2. NSG Based SAR Analysis of Benzothiazinones 

 An overview of the SAR dominating the dual binding 
profile of the 15 benzothiazinones under study can be 
accessed directly from the NSG. In Fig. 7 is provided a closer 
look at this cluster. Clusters of compounds that combine 
connected large red and green nodes can be regarded as 
activity cliff markers, which can be easily identified. So, this 
cluster was visually examined to identify the key SAR trends 
dominating this chemical family. 

 The most relevant activity cliff pair in this cluster (see 
Fig. 7) is constituted by N-(4-Oxo-4H-3,1-benzothiazin-2-

 

Fig. (5). SAR pathway comprising representative caffeine derivatives in terms of spacer diversity. Green/yellow nodes represent 
compounds of low/high dual binding desirability. Nodes are colour-coded and positioned in the graph according to the compound´s dual 
binding desirability (values provided in the scale bar). The molecular structures and the MAO-B IC50/A2AAR Ki values of the caffeine 
derivatives represented by individual nodes in the SAR pathway are shown. 

 

Fig. (6). SAR pathway comprising representative trimethyl-9-
deazaxanthine derivatives with different substituents. Green/yellow 
nodes represent compounds of low/high dual binding desirability. 
Nodes are colour-coded and positioned in the graph according to 
the compound´s dual binding desirability (values provided in the 
scale bar). The molecular structures and the MAO-B IC50/A2AAR 
Ki(DDUAL) values of the caffeine derivatives represented by individual 
nodes in the SAR pathway are provided. 
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yl)-4-phenylbutanamide, the most potent dual binding 
benzothiazinone and the N-methylated analogue N-Methyl-
N-(4-oxo-4H-3,1-benzothiazin-2-yl)-4-phenylbutanamide 
(nodes 1 and 2). The DDual value of 1 is 0.98 while the 
corresponding value of the N-methylated analogue 2 is 
significantly lower (0.03). This is reflected on a complete loss 
of A2AAR affinity of the N-methylated analogue. On the other 
hand, the MAO-B affinity is conserved. This indicates that, 
although not critical for MAO-B binding, the amide proton 
may be necessary as hydrogen bond donor for A2AAR binding 
[39], and consequently, essential for the dual binding ability. 

 Other trends are observed in this cluster of the NSG. 
From the activity cliff pair formed by nodes 1 and 3 it can be 
deduced that compounds with an unsaturated spacer and 
chloro substituents at the phenyl ring (node 3) induce a 
significant loss of A2AAR affinity (and consequently, a 
significantly lower dual binding ability) in comparison with 
unsubstituted analogs with saturated spacers (node 1). On the 
other hand, the activity cliff pairs formed by nodes 4 to 7 

with node 1 evidence that benzylpiperazine chloro-substituted 
or unsubstituted derivatives induce a significant loss of  
the dual binding ability due to a complete loss of MAO-B 
binding affinity. 

 The analysis of the SAR pathway corresponding to the 
benzothiazinone analogs aid to a deeper understanding of the 
general SAR trends observed in Fig. (8). In this figure the 
molecular structure of the benzothiazinone analogs are 
provided along with their binding affinities to human  
MAO-B/A2AAR. The DDual values are also provided (within 
parenthesis) and represented in the scale bar. 

 Similarly high DDual values of compounds represented by 
nodes 1 (0.98) and 3 (0.93) suggest that the substitution of 
the benzothiazinone nucleus by a thiophenethiazinone nucleus 
does not affect the dual binding ability of unsubstituted 
analogs with saturated spacers. This observation supports the 
hypothesis that a certain degree of structural variability is 
allowed over the benzothiazinone nucleus without a significant 
loss of the dual binding ability. 

 

Fig. (7). Cluster of 15 benzothiazinones in the NSG constructed with the software SARANEA using a Tanimoto similarity threshold 
of 0.65. Nodes represent compounds connected by edges if they share a 2D similarity above a predefined threshold. The colour and size of a 
node reflect the dual binding desirability (DDUAL) value and contribution to the local SAR discontinuity of the corresponding compound, 
respectively. The molecular structure of benzothiazinone analogs involved in activity cliffs are provided along their binding affinities on 
human MAO-B/A2AAR. The DDual values are also provided (within parenthesis). Common/different molecular fragments are represented in 
black/blue or red. 
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 The effect of the degree of unsaturation of the spacer can 
be deduced from the gradual deterioration of the dual 
binding ability form node 5 (ethyl spacer) to node 8 (ethenyl 
spacer) to node 9 (ethynyl spacer). This trend support the 
previous observation that benzothiazinone analogs with 
saturated spacers are well tolerated by both (MAO-B and 
A2AAR) targets. The benzothiazinone analogs with better 
dual binding profiles are then characterized by short saturated 
spacers (ethyl or propyl) connected to unsubstituted or meta-
methoxy substituted phenyl rings (nodes 1, 2, 3, 5, and 7 
with DDual values higher than 0.84). In addition, these last 
phenyl substituents are also well tolerated when ethenyl 
spacers are used (nodes 4, 6, and 8). Finally, chloro-phenyl 
substituents significantly reduce the A2AAR binding affinity 
and consequently affect the dual binding ability of 
benzothiazinone analogs (nodes 8 and 10). 

 From the conducted SAR analysis of the two chemical 
families currently explored as MAO-B/A2AAR dual binders 
(benzothiazinones and caffeine derivatives), it is possible to 
infer that a limited number of chemical modifications are 
well tolerated by both targets. On the other hand, quite 
different substitutions patterns provided good binding affinities 
over both targets for each chemical family. Specifically, for 
the caffeine derivatives only an 8-styryl moiety (an ethenyl 
spacer between the caffeine nucleus and the phenyl ring) 

with a para-substitution of the styryl substituent with 
lipophilic, electron withdrawing groups, such as halogens or 
trifluoromethyl seems to induce a significant improvement 
of the binding affinity over both targets. On the other hand, 
for the benzothiazinones, more flexible spacers (propyl or 
ethyl) connecting an unsubstituted phenyl ring to a critical 
amide group at the C2 position of the benzothiazinone 
nucleus provided the best dual binding profile. 

3.2. Molecular Modeling of the Chromone Nucleus as a 
Potential MAO-B/A2AAR Dual Binding Scaffold 

 Based on the SAR analyses provided above, we decided 
to evaluate the suitability of a chromone analogous to the 
best dual binding caffeine and benzothiazinone derivatives. 
For this, we resorted to the molecular docking of these two 
chromone derivatives candidates. As depicted in the 
Molecular Docking section both candidates were docked into 
the active site of each target (MAO-B and A2AAR). The best 
pose obtained for each chromone candidate was compared 
with the respective co-crystalized ligand in order to access 
how much these candidates resemble the binding modes as 
well as critical interactions of known and potent ligands to 
the active site of their respective targets. 

 Fig. (9) shows the superposition, in stereo view, of  
the predicted binding mode of chromone candidates 1 and  

 

Fig. (8). SAR pathway comprising representative benzothiazinone analogs. Green/red nodes represent compounds of low/very high dual 
binding desirability. Nodes are colour-coded and positioned in the graph according to the compound´s dual binding desirability (values 
provided in the scale bar). The molecular structures and the MAO-B IC50/A2AAR Ki(DDUAL) values of the benzothiazinone analogs 
represented by individual nodes in the SAR pathway are provided. 
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2 to the A2AAR, respectively. In both representations the 
crystallographic ligand was kept in order to compare its 
experimental binding mode with the predicted binding 
modes of both chromones. From this figure it can be seen 
that the binding mode of the both chromone analogs 
resemble that of the crystallographic ligand, occupying about 
the same region in the binding cavity as well as interacting 
with the same residues. 

 Two important interactions which are critical for the 
antagonist activity of ZM241385 [105] are conserved in both 
chromones. The first one is a hydrogen bond to ASN239 
through the oxygen in position 1 of the chromone nucleus to 
the ASN amino group. The second important interaction is 
with TRP232 at the bottom of the binding tunnel which has 
been described as critical for other known A2AAR 
antagonists to achieve their activity. For the larger chromone 
candidate 2, it can be observed that in addition to keep the 
two mentioned critical interactions, the 4-phenylbutanamide 
moiety orients toward the same region as the analogous 
fragment of the crystallographic ligand. 

 On the other hand, it is well known that for MAO-B most 
interactions stabilizing the receptor-ligand complexes are 
Van der Waals and hydrophobic interactions. The predicted 
binding modes of the chromone candidates 1 and 2 to the 
MAO-B enzyme along with the crystallographic ligand (7-
(3-chlorobenzyloxy)-4-(methylamino)methyl-coumarin) are 
provided in Fig. (10). 

 For this enzyme, the observed interactions correspond to 
what has been previously described for the binding of other 
bi-cyclic scaffolds to this target [41, 60, 106]. The chromone 
nucleus orientates facing the FAD co-factor and is stabilized 
in the binding tunnel by residues such as Gln206, Tyr398 
and Tyr435 and by means of hydrophobic and van der Waals 
interactions, including π -π interactions with these tyrosine 
residues [92]. In both cases the substituent attached to the 
chromone scaffold orientates toward an upper hydrophobic 
sub-pocket which is exclusive of MAO-B and formed by 
Leu171, Ile199, Tyr326, Phe168, Ile316, Trp119, Pro102, 
and Pro104. According to previous studies [92], in addition 
to increasing the affinity of the ligand-receptor complexes, 
the interaction of the MAO-B inhibitors with residues in this 
sub-pocket is critical for the selectivity to this enzyme over 
MAO-A. The selective inhibition of the MAO-B enzyme 
exhibited by the compounds used as templates for the chromone 
analogs 1 and 2 (the caffeine derivative 17fSR and the 
benzothiazinone 17AS) supports this observation [38, 39]. 

 The results provided by the conducted molecular docking 
analyses support the suitability of the chromone nucleus as a 
potential MAO-B/A2AAR dual binding scaffold. So, these 
results grant a wider structural exploration focusing on this 
scaffold by assembling a combinatorial library enriched with 
potential dual binder chromones as well as the development 
of a VS tool for the prioritization of the most promising 
candidates. 

 

Fig. (9). Superposition, in stereo view, of the predicted binding 
mode of chromone candidates 1 (a) and 2 (b) to the A2A 
adenosine receptor (PDB code 3PWH). The chromone candidates 
1 and 2 are reported in cyan carbon sticks and the crystallographic 
ligand (ZM241385) is reported in magenta carbon sticks. 

 

Fig. (10). Superposition, in stereo view, of the predicted binding 
mode of chromone candidates 1 (a) and 2 (b) to the MAO-B 
enzyme (PDB code 2V61). The chromone candidates 1 and 2 are 
reported in cyan carbon sticks and the crystallographic ligand (7-(3-
chlorobenzyloxy)-4-(methylamino)methyl-coumarin) is reported in 
magenta carbon sticks. 
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3.3. Virtual Screening Tool for Dual MAO-B/A2AAR 
Binders Based on a Group Fusion Similarity Search 
Approach 

 As previously described, six different fused scores 
coming from six data fusion schemes (MAX-SIM, MIN-
SIM, MEAN-SIM, MAX-RANK, MIN-RANK and MEAN-
RANK) were used as ranking criteria in order to find a 
convenient VS strategy for the automatic prioritization of 
dual MAO-B inhibitors/A2AAR antagonists dispersed in a 
dataset of decoys. In doing so, we decided to simulate an 
experiment to assess the ability of the GFSS approach to 
retrieve just 11 dual MAO-B/A2AAR ligands dispersed in 
558 dual MAO-B/A2AAR decoys collected from the literature. 

 This VS simulation set successfully fulfil the minimum 
requirements for a proper and unbiased estimation of the 
enrichment ability of a VS tool. First, it is composed by 
decoys which are in fact confirmed inactive compounds. On 
the other hand, the ratio of actives (dual ligands) Ra = 0.02 
(52 decoys per ligand) of this dataset fulfil the minimum of 
36 decoys proposed in [107]. 

 Yet, we considered the relative error associated to the 
overall enrichment or early recognition metrics. In Table 1 
are provided the relative errors associated to the enrichment 
metrics derived from this dataset as well as details on its size 
and composition. As can be noted from Table 1, the relative 
error is not higher than 1% for most of the enrichment 
metrics, reaching a maximum of 7%. In fact, the enrichment 
metrics with associated relative errors around 3% are just 
those corresponding to the top 1% of the dataset, where the 
saturation effect becomes more critical. So, this data 
provides enough evidence to state that the effect of using this 
dataset does not significantly affects the inferences on the 
enrichment deduced from the enrichment metrics computed 
from it. 

 The first enrichment analysis based on the two metrics 
providing an overall picture of the VS performance (the 

AUAC and ROC metrics) of the six different variants of the 
GFSS approach suggests a promising performance of the 
GFSS approach, irrespective of the applied data fusion 
scheme. According to the values of these two metrics 
exhibited by the six data fusion schemes (see Table 2), it is 
possible to infer that the similarity ranking provided by the 
GFSS approach is able to rank a dual MAO-B/A2AAR ligand 
earlier than a dual MAO-B/A2AAR decoy with a probability 
ranging between 0.73 (for the worst performing data fusion 
scheme) and 0.97 (for the best performing data fusion 
scheme). However, not every fusion scheme provided a 
favorable enrichment at the very early fractions of screened 
data. Only the MEAN-SIM and the MIN-RANK fusion 
schemes exhibited attractive EF values at this fraction. Both 
provided a top 1% fraction about 8 times more enriched with 
dual MAO-B/A2AAR ligands than a random 1% fraction of 
the dataset. The rest of the schemes produced rankings not 
better than a random selection at this early fraction of 
screened data. 

 At later fractions (top 5%, 10% and 20%) most of the 
fusion schemes exhibited favorable values of the EF metric, 
except for the MAX-SIM and MAX-RANK, which showed 
no enrichment at all. These results suggest an attractive 
overall (deduced from ROC and AUAC) and local (deduced 
from EF) enrichment ability of the GFSS approach. This is 
particularly true for the MEAN-SIM and the MIN-RANK 
fusion schemes. This assertion can be confirmed by visually 
inspecting the ROC curves of the six data fusion schemes 
employed under the GFSS approach, which are provided in 
Fig. 11. From Fig. 11, specifically from the zoom made to 
the top 5% fraction, it is possible to note that it is in this 
fraction where the enrichment ability of the two best 
performing fusion schemes (MEAN-SIM and the MIN-
RANK) focusses. In general, as expected from previous 
studies on the VS performance of different data fusion 
schemes [101], the MIN-RANK fusion exhibited the best VS 
performance. However, contrary to these studies, the MAX-
SIM exhibited a rather poor VS performance. 

 Nevertheless, classic enrichment metrics, such as ROC, 
AUAC and EF, cannot distinguish between a VS approach 
that ranks half of the actives at the top of the ordered list and 
the second half at the bottom from a VS protocol that ranks 
all actives at the top of the list. This feature is known as 
“early recognition” ability and is the most significant 
property of a VS approach. Therefore, the analysis of metrics 
such as BEDROC and RIE are crucial to efficiently estimate 
this critical feature on a VS protocol, particularly when very 
large datasets are intended to be screened. 

 The analysis of RIE at the respective top 1%, 5%, 10% 
and 20% fractions allows to deduce that the early recognition 
ability of all the data fusion schemes follows a behavior 
similar to that observed for the EF metric. The MEAN-SIM 
and the MIN-RANK fusion schemes stand up among the rest 
of the schemes as those with best early recognition ability. 
Although the MIN-RANK schemes looks like the most 
promising one, the early recognition ability of the MEAN-
SIM scheme at very early fractions (top 1%) suggests a 
better performance of this one for the VS of large chemical 
libraries. On the contrary, the significantly better early 
recognition ability of the MIN-RANK scheme makes it 

Table 1. Relative error associated to the enrichment metrics 
derived from the dataset used to estimate the 
enrichment performance of the GFSS approach. 

Dataset Size and Composition 

N n Ra 

558 11 0.0197 

Relative Error (%) associated to Enrichment Metrics 

  EF RIE BEDROC 

α = 160.9 (χ = 1%) 2.87 2.65 7.04 

α = 32.2 (χ = 5%) 1.30 1.16 1.35 

α = 16.1 (χ = 10%) 0.88 0.79 0.63 

α = 8 (χ = 20%) 0.59 0.52 0.27 

ROC 0.18 

AUAC 0.18 
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Table 2. Virtual screening performance metrics of the six different data fusion variants of the GFSS approach.a 

 MIN-SIM MAX-SIM MEAN-SIM 

Classic Enrichment Metrics 

AUAC 0.9497(±0.0017) 0.7254(±0.0013) 0.8768(±0.0016) 

ROC 0.9585(±0.0017) 0.7298(±0.0013) 0.8842(±0.0016) 

EF1% 0.0000(±0.0000) 0.0000(±0.0000) 8.6212(±0.2471) 

EF5% 8.9185(±0.1159) 0.0000(±0.0000) 6.4659(±0.0841) 

EF10% 9.9825(±0.0884) 0.0000(±0.0000) 3.4485(±0.0305) 

EF20% 4.9912(±0.0294) 0.9075(±0.0054) 3.8475(±0.0227) 

Early Recognition Metrics 

RIE1% 4.4877(±0.1191) 0.0000(±0.0000) 11.6503(±0.3108) 

RIE5% 8.9998(±0.1045) 0.0420(±0.0005) 7.0358(±0.0817) 

RIE10% 7.8825(±0.0625) 0.3884(±0.0031) 5.1171(±0.0406) 

RIE20% 5.4987(±0.0285) 1.0757(±0.0056) 3.7904(±0.0196) 

BEDROC1% 0.0908(±0.0064) 0.0000(±0.0000) 0.2357(±0.0166) 

BEDROC5% 0.3755(±0.0051) 0.0018(±0.0000) 0.2935(±0.0040) 

BEDROC10% 0.5697(±0.0036) 0.0281(±0.0002) 0.3699(±0.0023) 

BEDROC20% 0.7415(±0.0020) 0.1447(±0.0004) 0.5110(±0.0014) 

 MIN-RANK MAX-RANK MEAN-RANK 

Classic Enrichment Metrics 

AUAC 0.9649(±0.0018) 0.7373(±0.0014) 0.7603(±0.0014) 

ROC 0.9740(±0.0018) 0.7420(±0.0013) 0.7655(±0.0014) 

EF1% 8.6212(±0.2471) 0.0000(±0.0000) 0.0000(±0.0000) 

EF5% 14.2696(±0.1855) 0.0000(±0.0000) 7.1348(±0.0927) 

EF10% 9.9825(±0.0884) 0.0000(±0.0000) 3.6300(±0.0322) 

EF20% 4.9912(±0.0294) 0.9075(±0.0054) 1.8150(±0.0107) 

Early Recognition Metrics 

RIE1% 7.3543(±0.1952) 0.0000(±0.0000) 0.4407(±0.0117) 

RIE5% 12.2781(±0.1425) 0.0185(±0.0002) 3.7784(±0.0439) 

RIE10% 9.6143(±0.0763) 0.3116(±0.0025) 3.3290(±0.0264) 

RIE20% 6.1392(±0.0318) 1.0574(±0.0055) 2.5035(±0.0130) 

BEDROC1% 0.1488(±0.0105) 0.0000(±0.0000) 0.0089(±0.0006) 

BEDROC5% 0.5122(±0.0069) 0.0008(±0.0000) 0.1576(±0.0021) 

BEDROC10% 0.6949(±0.0044) 0.0225(±0.0001) 0.2406(±0.0015) 

BEDROC20% 0.8279(±0.0022) 0.1423(±0.0004) 0.3374(±0.0009) 

a: The relative error associated to each enrichment metric is reported. AUAC: area under the accumulation curve; ROC: area under the ROC curve; EF1%/5%/10%/20%: enrichment factor at 
top 1%/5%/10%/20% fraction, respectively; RIE1%/5%/10%/20%: robust initial enhancement at top 1%/5%/10%/20% fraction, respectively; BEDROC1%/5%/10%/20%: Boltzmann-enhanced 
discrimination of ROC at top 1%/5%/10%/20% fraction, respectively. 
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Fig. (11). ROC curves obtained from the application of the six different data fusion variants of the GFSS approach to the virtual 
screening of a subset of 11 dual MAO-B/A2AAR ligands from 563 decoys (a). A zoom at the top 5% fraction is also provided (b). Here 
TP and FP accounts for the true positive ratio and false positive ratio, respectively. 
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Fig. (12). Scheme applied to assemble the focused combinatorial library. 

 

better suited for the VS of smaller chemical libraries where 
larger fractions (top 5% - 20%) can be assayed. 

 This behavior is also observed when considering BEDROC. 
The probabilistic interpretation of BEDROC allows to 
confirm that the capacity of the MEAN-SIM scheme 
(BEDROC = 0.24) to rank most of the dual MAO-B/A2AAR 
ligands at the beginning of the filtered fraction is steadily 
superior to the MIN-RANK scheme (BEDROC =0.15). In 
other words, the MEAN-SIM scheme almost doubles the 
early recognition ability of the MIN-RANK scheme in the 
top 1% fraction of screened data (see Table 2). However,  
the higher values of the BEDROC metric exhibited by the 
MIN-RANK scheme at later filtered fractions (top 5% - 20%) 

clearly points to this fusion scheme as the best candidate in 
comparison to the MEAN-SIM scheme. 

 Summarizing, we can conclude that MEAN-SIM and 
MIN-RANK GFSS schemes are valid options as VS tools. 
Thus, for the screening of moderately large libraries (hundreds 
or even thousands) were a top fraction between 5% and  
20% of the compounds is intended to be experimentally 
evaluated, the MIN-RANK GFSS scheme should lead to the 
identification of a significant number of dual MAO-
B/A2AAR ligands. Instead, if only the top 1% of a 
considerably larger virtual library (thousands or millions) 
must be considered, the MIN-RANK GFSS approach is 
expected to render an attractive enrichment performance. 
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Even so, the combined use of both approaches should also 
render a positive enrichment performance in a wider range of 
VS scenarios. 

3.4. Focused Combinatorial Library Potentially Enriched 
with Dual Binding Chromones 

 Finally, the SAR and molecular modeling analyses 
provided the information required to obtain a combinatorial 
library potentially enriched with MAO-B/A2AAR dual binding 
chromone derivatives. At the same time, the proposed GFSS 
VS approach can be used to efficiently prioritize the 
chromone derivatives with the most promising dual binding 
profile. 

 Although both types of nucleuses have proved to be 
effective for MAO-B/A2AAR dual binding, the NSG-based 
analyses conducted on these two chemical families suggest 
quite different substitution patterns favoring the dual binding 
ability. So, in order to assemble our combinatorial library, 
different substitution patterns should be applied to the 
chromone nucleus, depending on the SAR dominating each 
chemical family. The Markush Enumeration function available 
in the MarvinSketch GUI was employed to assemble a 
focused combinatorial library according to the scheme illustrated 
in Fig. (12). The final outcome is a focused combinatorial 
library of 956 chromone derivatives structurally enriched 
with substitutions patterns providing a potentially favorable 
dual binding profile. These substitutions were deduced from 
the NSG analyses previously detailed. Substituents other  
than only those resulting in a favorable dual binding profile 
were also considered in order to explore a wider structural 
space. 

 The combinatorial library of chromone derivatives sorted 
by using the proposed MIN-RANK and then the MEAN-
SIM GFSS VS approaches is provided as a supplementary 
material. This combinatorial library represents a practical 
decision making tool in the search for novel chromone 
derivatives with a favorable dual binding profile as MAO-B 
inhibitors and A2AAR antagonists. 

CONCLUSION 

 Several chemoinformatics analyses were conducted in 
this work in order to profile the potential of the chromone 
nucleus as a dual MAO-B/A2AAR scaffold. From the  
NSG-based SAR analysis conducted on the two chemical 
families currently explored as MAO-B/A2AAR dual binders 
(benzothiazinones and caffeine derivatives), it was possible 
to infer that a limited number of chemical modifications are 
well tolerated by both targets. On the other hand, quite 
different substitutions patterns provided good binding affinities 
over both targets for each chemical family. Specifically, for 
the caffeine derivatives only an 8-styryl moiety (an ethenyl 
spacer between the caffeine nucleus and the phenyl ring) 
with a para-substitution of the styryl substituent with 
lipophilic, electron withdrawing groups, such as halogens or 
trifluoromethyl seems to induce a significant improvement 
of the binding affinity over both targets. On the other hand, 
for the benzothiazinones, more flexible spacers (propyl or 
ethyl) connecting an unsubstituted phenyl ring to a critical 

amide group at the C2 position of the benzothiazinone 
nucleus provided the best dual binding profile. 

 Based on the results of the SAR analyses, we tested the 
suitability of a chromone analogue of the best dual binding 
caffeine derivative and benzothiazinone, respectively. For 
this we resorted to the molecular docking of these two 
chromone derivatives candidates. Both chromone analogs 
were docked into the active site of each target (MAO-B and 
A2AAR) and the best pose obtained was compared with the 
respective co-crystalized ligand. The results provided by this 
molecular docking analyses showed that the best pose 
obtained for each chromone analogue resembles the binding 
mode as well as reproduces critical interactions of known 
and potent ligands to the active site of the respective target. 
These results support the suitability of the chromone nucleus 
as a potential MAO-B/A2AAR dual binding scaffold. 

 Additionally, a virtual screening tool based on a group 
fusion similarity search approach was developed for the 
prioritization of potential MAO-B/A2AAR dual binder 
candidates. Among the six different data fusion schemes 
evaluated, the MEAN-SIM and MIN-RANK GFSS approaches 
demonstrated to be perfectly valid options as VS tools. Then, 
a combinatorial library potentially enriched with MAO-
B/A2AAR dual binding chromone derivatives was assembled 
and sorted by using the MIN-RANK and then the MEAN-
SIM GFSS VS approaches. 

 Finally, the compendium of SAR data, molecular modeling 
analysis, virtual screening tools and the combinatorial library 
provided in this work represents valuable decision making 
elements to aid medicinal chemists in the search of novel 
chromone derivatives with a favorable dual binding profile 
as MAO-B inhibitors and A2AAR antagonists, with the 
potential to act as a disease-modifying therapeutic for 
Parkinson´s disease. 
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