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Understanding the relationship between the biological behavior 
of high throughput screening hits and their chemical profile is an 
important task in the drug discovery process. This work presents 
a methodology for deciphering the biological promiscuity of 
high throughput screening hits (frequent hitters) via their 
chemical behavior. To achieve this goal, a series of global 
reactivity descriptors have been calculated for three sets of 
compounds: promiscuous, selective, and inactive, respectively 
compiled from Pubchem database.1 Water based DFT 
calculations at B3LYP/6-31+G(d) and B3LYP/6-
311++G(2df,2pd) levels have been performed and reactivity 
indexes have been computed within this formalism. These data 
have been compared with the previously reported results 
calculated in vacuum2 to assess the environment which better 
describes the compounds. The results show that water and 
vacuum based calculations follow similar patterns with LUMO-
based descriptors clearly discriminating between the 
promiscuous or frequent hitters and the other sets, selective or 
rare hitters and inactive, respectively. 

 

 
 

INTRODUCTION1 

 High throughput screening (HTS) has become 
an important source of new chemical entities in the 
drug discovery process and in the HTS era, post 
1990, successful drugs have emerged from this 
technology.3-5 Nonetheless, a large number of the 
structures identified as hits in HTS show a 
promiscuous biological behavior being annotated 
as active in multiple assays and against different 
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unrelated targets. These structures represent a 
major source of undesirable false hits in HTS 
campaigns and their correct annotation early in the 
process of drug discovery is highly wanted. For 
this purpose, numerous filters have been developed 
to flag and remove undesirable moieties6-8 e.g. 
reactive groups, when libraries are built for HTS. 
Although large efforts have been dedicated to the 
design of chemical libraries, the HTS outcomes are 
still enriched with hit compounds of dubious 
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quality which are not confirmed in the follow-up 
rounds and need to be disregarded. For this reason 
considerable efforts have been employed in the 
process of data analysis and hit selection in the 
HTS campaigns, but false hits continue to show up 
leading to unsatisfactory results. 
 This study is a continuation of our previous 
work dedicated to the exploration of the biological 
profile of promiscuous compounds using chemical 
reactivity descriptors. In our previous paper,2 we 
have performed calculations in vacuum for three 
sets of compounds: highly active, presumably 
promiscuous denominated frequent hitters (FHs), 
selective or rare hitters (RHs) and inactive or 
neutral hitters (NHs) and identified the global 
reactivity descriptors which classify and 
discriminate between sets. In this paper, we are 
investigating the influence of the environment over 
the computed electronic descriptors and for this 
reason we have performed the computations in 
water at B3LYP/6-31+G(d) and B3LYP/6-
311++G(2df,2pd) levels of theory within the DFT 
formalism. The following global reactivity 
descriptors have been computed from the energies 
of the highest occupied molecular orbital, HOMO 
and the lowest unoccupied molecular orbital, 
LUMO: ionization potential, IP, electron affinity, 
EA, electronegativity, χ, hardness, η, softness, S 
and electrophilicity index, ω. The water-based 
computed descriptors have been compared with the 
vacuum-based descriptors for the three sets of 
compounds. Reasonable to good linear correlations 
have been found for the RHs and NHs, 
respectively. A completely different situation has 
been encountered in the case of FHs, where 
correlations are practically inexistent with the 
following exceptions: HOMO-LUMO gap, 
hardness η, and softness S for which correlation 
coefficients have values larger than 0.9. Finally, 
the descriptors which better discriminate between 
the classes are discussed and similarities with the 
vacuum-based computations for the same sets are 
evaluated, in order to assess the environment 
which better describes the compounds. 

METHODS 

1. Compound selection 

 In this study the compounds were selected from 
Pubchem database (https://pubchem.ncbi.nlm.nih.gov/), 
the detailed selection process being described in 

our previous paper.2 Shortly, three sets of 
compounds, each having 25 members, were 
compiled from Pubchem database. The highly 
active compounds, identified as promiscuous 
structures or frequent hitters (FHs) were defined as 
compounds active in multiple unrelated biological 
assays; the selective set which comprises 
compounds active against a limited number of 
assays or related families of biological targets were 
denominated as rare hitters (RHs); and the set of 
compounds which have been tested in a significant 
number of biological assays but were declared 
inactive, were denominated as neutral hitters 
(NHs). The following criteria were applied in the 
selection process: 

a) Primary filter – the selection of the MLSMR 
(Molecular Libraries Small Molecule Repository) 
collection,9 specially designed for HTS. 

b) Biological filter – only assays with at least 
20,000 compounds tested were kept and a biological 
activity matrix was built, and physico-chemical 
profiling assays (fluorescence, solubility, etc.) were 
removed. The lines of this matrix are represented by 
compounds while the columns represent the assays in 
which the compounds were tested. 

c) Chemical criteria – repeated rounds of 
clustering were employed to select structural 
dissimilar compounds for each set. The 
compounds’ clusterization process was performed 
using Mesa Clustering Module.10 

The structures are depicted in Fig. S1 of 
Supporting Material. 

2. Computational details 

 Geometry optimizations were carried out in 
water within the DFT formalism using B3LYP 
hybrid functional with 6-31+G(d) basis set. Also, 
single point energy calculations were performed at 
B3LYP/6-311++G(2df,2pd) level of theory. To 
evaluate if the optimization reached a true minima 
on the potential energy surface and not a saddle 
point, vibrational analysis was performed for all 
compounds at this level of theory. All calculations 
were carried out with Gaussian09.11 
 The global reactivity descriptors were 
computed for all molecules using HOMO and 
LUMO energies, EHOMO and ELUMO, computed at 
both levels of theory. According to Koopmans’ 
theorem,12,13 EHOMO approximates the ionization 
potential (IP) while electron affinity (EA) is 
approximated by ELUMO. The global reactivity 
descriptors electronegativity (χ), hardness (η), 
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softness (S) and electrophilicity index (ω) were 
calculated within the finite difference 
approximation using IP and EA. Consequently, the 
following equations were used to compute the 
descriptors: 

 IP ≈ -ΕHOMO (1) 

 EA ≈ -ΕLUMO (2) 
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 In order to assess the influence of the 
environment, correlations between vacuum and 
water based descriptors were performed with 
package cluster available in R statistical software 
(version 2.14.2).14 In addition, the statistically 
significant water computed descriptors which 
would discriminate between FHs, RHs and NHs 
were determined using the two-sample Mann-
Whitney U test. Also, the area under the receiver 
operating curve (AUC)15 was computed to classify 
the water-based descriptors and identify the best 
ranking descriptors. 

RESULTS AND DISSCUSION 

 Global reactivity descriptors have been 
successfully employed to study and explain the 
correlations between the chemical features of the 
molecules and their biological behavior. The 
frontier molecular orbitals, HOMO and LUMO, 
are related with the tendency of the chemical 
system to donate or accept electronic density and 
can be used to predict the chemical behavior of a 
compound when involved in a nucleophilic or 
electrophilic attack. Similarly, IP and EA, 
computed in the context of Koopman’s theorem, 
are two quantities which describe the chemical 
behavior of compounds, the HOMO energy being 
related with IP while EA is estimated by LUMO 

energy. The chemical potential, μ, 
electronegativity, χ, and chemical hardness, η, are 
fundamental quantities evaluated directly from IP 
and EA (eq. 3-5), being extensively used to assess 
chemical reactivity of compounds.  
 The chemical potential, μ (eq. 3), the negative 
value of electronegativity, χ, characterizes the 
propensity of electrons to escape from the 
compound’s ground state,16 while χ (eq. 4) 
describes the tendency of a molecule to attract 
electrons.17 Accordingly, these opposite properties 
can be used to describe chemical reactivity of 
molecular systems. In this context, hardness η, 
related with the HOMO-LUMO energy gap18 can 
be computed with eq. 5 and it is a direct measure 
the chemical stability of a compound. The larger of 
the value of η for a specific compound, the higher 
is its chemical stability and the lower its reactivity. 
Also, another measure of chemical stability and 
reactivity is provided by softness, S, (eq. 6), the 
opposite of η. Large values of S indicate increase 
in chemical reactivity and decrease in stability. 
 The global reactivity descriptors described 
above were computed from the frontier orbitals 
energies, EHOMO and ELUMO, employing eq(s). 1-7. 
The calculated results are collected in Table S1 of 
the Supporting Information. 

Before exploring the water-based reactivity 
descriptors which discriminate between sets and 
performing any correlation with vacuum-based 
descriptors, we examined the basis set dependence 
of the HOMO and LUMO energies, and implicitly, 
of the computed descriptors. The energy 
minimizations were performed with 6-31+G(d) 
basis set followed by single point energy 
calculations using the B3LYP functional with a 
larger basis set, 6-311++G(2df,2pd). The 
comparative analysis of the results show good 
correlations between the smaller and the larger 
basis sets of computed values for HOMO and 
LUMO. As clearly revealed in Fig. 1a and 1b, all 
HOMO and LUMO energies show excellent linear 
correlations with R2 values of 0.99. These results 
show that the economical basis set, 6-31+G(d), 
provides good results for the frontier orbital 
energies similar to those obtained by the higher 
level basis set, 6-311++G(2df,2pd). Thus, the 
smaller basis set can be sufficient for calculating 
the HOMO and LUMO energies of the molecules 
at DFT level. 
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Fig. 1 – Plots of the HOMO (a) and LUMO (b) values calculated using the 6-31+G(d) basis set (GO – geometry optimization)  

versus those calculated using the larger basis set, B3LYP/6-311++G(2df,2pd) (SP – single point). 
  

 

Fig. 2 – Correlations between FHs, RHs, NHs sets for the DFT-based descriptors in water and vacuum. 
  

Good linear correlations between vacuum and 
water-based descriptors were obtained for NHs 
(shown in blue in Fig. 2) with correlation 
coefficients, R2, around 0.95. In the case of RHs, 
satisfactory correlations were noticed for LUMO, 
EA, hardness, η, softness, S, and electrophilicity 
index, ω with R2 ranging between 0.7 and 0.885, 
while poor correlations were obtained for HOMO, 
IP, electronegativity, χ and chemical potential, μ. 
As seen in Fig. 2, for FHs the correlations are 
practically inexistent between the descriptors 

computed in vacuum and those computed in water. 
Nevertheless, there are few notable exceptions: the 
HOMO-LUMO gap or hardness, η and softness, S, 
for which R2 is around 0.9 (see Fig. 2). Also, these 
trends were confirmed by Pearson (Fig. 3a) and 
Spearman rank (Fig. 3b) correlations. These results 
show without a doubt that HOMO-LUMO gap or 
hardness, η and softness, S could be reliably used 
to describe chemical reactivity of the compounds 
irrespective of the environment used for 
calculations. 

a) b) 
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Fig. 3 – Pearson correlation (a) and Spearman rank correlation (b) between vacuum and water computed descriptors. 

  
 
 

 
Fig. 4 – Box plot representations of the distributions of descriptors for FHs (red), RHs (green) and NHs (blue) from geometry 

optimization (panel a) and single point calculations (panel b). 
 

In the following, all of the presented results 
were obtained based on the values for the HOMO 
and LUMO energies computed in water with 6-
31+G(d) basis set. 

 The distributions of the descriptors computed 
from water-based geometries for the three sets of 
compounds, FHs, RHs and NHs are presented in 
Fig 4. The results are clearly showing obvious 

a) b) 

a) b) 
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differences between sets. Thus, ELUMO, EA, 
hardness, η and softness, S computed for the 
structures optimized with 6-31+G(d) undoubtedly 
discriminate between sets, showing significantly 
lower values for FHs when compared with RHs 
and NHs, respectively (Fig. 4a). As expected, same 
trend has been noticed for the single point energy 
calculations performed with 6-311++G(2df,2pd) 
basis set (Fig. 4b). These results are in good 
agreement with the previously reported data 
obtained for calculations performed in vacuum2 

and they are practically showing that FHs show a 
higher tendency of accepting electron density than 
the RHs and NHs, being able to act as electrophile 
agents. Therefore, the biological promiscuity of 
FHs could be a direct consequence of their 
chemical profile.  

The capacity of descriptors to discriminate 
between each two of the three classes of 
compounds, i.e., FHs, RHs and NHs was also 
investigated by computing area under the receiver 
operating curve (AUC), a classification method. 
The results indicate generally high AUC values for 
FHs irrespective of the compounds set used for 
comparison. Thus, the data are showing that EA, 
the negative value of LUMO, hardness, η, and 
electrophilicity index, ω are able to efficiently 
separate classes of compounds characterized by 
large hit rates (Fig. 5). 
 

CONCLUSIONS 

 Global reactivity descriptors calculated in 
vacuum and water show dependence with the 
environment but the observed differences are fairly 
uniform and the same patterns occur for the three 
sets of molecules irrespective of the environment. 
Thus, LUMO, hardness, softness and EA 
descriptors computed from water calculations 
clearly discriminate between the promiscuous 
compounds (FHs) on one hand, and the active 
(RHs) and inactive (NHs) sets on the other hand. 
The same results have been obtained for the 
calculations performed in vacuum. It is noteworthy 
to mention that although the correlations are poor 
between vacuum and water computed descriptors 
for the FHs, there is a good correlation between 
them for the HOMO-LUMO gap, indicating a 
constant shift of their absolute values which gets 
canceled when the gap between them is computed. 
The results demonstrate that electronic descriptors, 
especially EA (the negative of LUMO) and 
hardness (HOMO-LUMO gap) can be used to flag 
structures with high hit rates and to help optimize 
chemical libraries for HTS. 
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Fig. 5 – Class discrimination by DFT-based descriptors computed in water. 
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