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ABSTRACT 20 

The COVID-19 epidemic, SARS-CoV-2, that began in December of 2019 has drastically altered 21 

the aspects of daily life across the global society. Time-effective treatment of those infected has 22 

since become a major goal with multiple treatment strategies having been designed to prevent the 23 

progression of the disease into severe pneumonia. To date, no drug has been found to be 100% 24 

effective against SARS-COV-2, possibly because each candidate drug was targeting only one 25 

particular mechanism of action (MoA). Neither proposed up-to-date anti-SARS-COV-2 vaccine 26 

are 100% effective. To contribute to the process of finding a more robust small-molecule solution, 27 

utilizing several anti-SARS-COV-2 MoAs, a novel framework is presented; where the in silico 28 

generated set of virtual library compounds is compared to six known reference drugs: Chloroquine, 29 

Favipiravir, Remdesivir, JQ1, Apicidine, and Haloperidol which have been already used for 30 

SARS-CoV-2 treatment. The aims were: a) to present a universal search framework for potential 31 

candidate compounds based on the comparison of multiple similarities between compounds’ 32 

conformers and b) to identify candidate compounds that are simultaneously “close” to each of the 33 

six known reference compounds that counteract SARS-CoV-2 via different mechanisms of action.  34 

 35 

KEYWORDS 36 

COVID-19, conformers, multi-reference, poly-conformational, in silico, ligand-based, structure-37 

based, SARS-COV-2, fingerprints, cheminformatics, similarity, virtual library, computational 38 

framework 39 

 40 

 41 
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INTRODUCTION 42 

The necessity of the transparent algorithm. The novel coronavirus SARS-CoV-2 was 43 

introduced into the human population in the Chinese city of Wuhan in the Province of Hubei in 44 

December of 2019 [1–4].  Since then the epidemic of SARS-CoV-2 has rapidly spread Worldwide. 45 

The World Health Organization (WHO) has officially declared the SARS-CoV-2 pandemic in 46 

March 2020 just three months after its emergence [5]. The novel coronavirus received an official 47 

name SARS-CoV-2 and the virus pandemic was called COVID-19 [6]. As of November 2020, 48 

there has been no virus-specific treatment for SARS-CoV-2 [7] but multiple drugs have been 49 

proposed, such as remdesivir [8], talampicillin, lurasidone, rubitecan, loprazolam [9, 10], 50 

chloroquine, and hydroxychloroquine [9, 10],  atazanavir [11],  azithromycin, quercetin, 51 

chloroquine, rapamycin, and doxycycline  [12]. The formal evaluation and comparison of drugs 52 

can be performed by studying the compound properties by treating patients and performing clinical 53 

trials [7–10, 12] or by studying the properties of the corresponding compounds in silico  [9, 11]. 54 

The computational methods are preliminary and exploratory, but are less invasive than clinical 55 

trials and allow the simultaneous study of large quantities of potential compounds. Since none of 56 

the proposed small molecules were found to be 100%-effective, we present a new computational 57 

method that combines the best features from the earlier individually imperfect small-molecule 58 

treatments. 59 

Conformers as independent molecular entities. In real life, most compound molecules exist in 60 

multiple conformations (shapes) based on the surrounding environmental conditions. In particular, 61 

each 3D shape of a molecule dictates its biological activity and enables the molecule to fit into the 62 

binding pockets of proteins. Often, distinctly different chemical compounds that have similar 63 

shapes (and similar charge distributions along the molecular surface) can bind as long as the 64 

https://paperpile.com/c/VKxIJg/bVZV5+VgIQq+hAC8+vRhq
https://paperpile.com/c/VKxIJg/lGTCD
https://paperpile.com/c/VKxIJg/I3yUa
https://paperpile.com/c/VKxIJg/prsxS
https://paperpile.com/c/VKxIJg/yG9V5
https://paperpile.com/c/VKxIJg/O7sdL+UJsA
https://paperpile.com/c/VKxIJg/O7sdL+UJsA
https://paperpile.com/c/VKxIJg/MjXBe
https://paperpile.com/c/VKxIJg/C1aKW
https://paperpile.com/c/VKxIJg/prsxS+yG9V5+O7sdL+C1aKW+UJsA
https://paperpile.com/c/VKxIJg/O7sdL+MjXBe
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ligand’s partial charges are positioned in the binding pocket the same way (i.e., form the same 65 

hydrogen bonds). Therefore, it is beneficial to compare the shapes and surface distribution charges 66 

for target query and reference compounds on a conformer-by-conformer basis. If one of the 67 

conformers of the query molecule matches one of the conformers (especially bound-to-target) of 68 

the reference molecule, then there is a chance that the reference compound will also exhibit similar 69 

binding properties to the same target. 70 

Alignment-free 3D-similarity scoring. OpenEye Scientific Software Inc. pioneered an algorithm 71 

and the corresponding tool ROCS [13] for comparing shapes of molecules by overlaying and 72 

measuring their molecular structures in silico and comparing differences between a query and 73 

target molecule. ROCS identifies potentially active compounds by comparing their shapes. 74 

Moreover, the ROCS tool is competitive and often superior to structure-based approaches in virtual 75 

screening [14, 15] both in terms of overall performance and consistency [16]. As a result novel, 76 

molecular scaffolds have been identified by using ROCS against various targets which have been 77 

considered very difficult to address computationally [17]. 78 

Challenges with overlaying. The process of molecular shapes overlaying remains 79 

computationally intensive and often is a bottleneck in the search process for similar molecules. 80 

This remains despite the recent so-called PAPER implementation of ROCS on GPU [18] and the 81 

development of FastROCS [19] for large (>1B) compound libraries. Recently, alternative methods 82 

for overlaying have been introduced as a substitute for the ROCS approach. The alternative 83 

overlaying is performed by comparing shape-based descriptors (a.k.a conformer-level 3D 84 

fingerprints). An example of such an approach is ElectroShape implemented in the ODDT package 85 

[20] and is based on the algorithm that incorporates shape, chirality, and electrostatics [21, 22], 86 

and represents each conformer via a fixed-length vector of real-valued numbers. Similarly the 87 

https://paperpile.com/c/VKxIJg/HLHyk
https://paperpile.com/c/VKxIJg/ZVLj4+BdnKp
https://paperpile.com/c/VKxIJg/Y4q7g
https://paperpile.com/c/VKxIJg/pYFtn
https://paperpile.com/c/VKxIJg/ejTMT
https://paperpile.com/c/VKxIJg/NuYMR
https://paperpile.com/c/VKxIJg/UcPHe
https://paperpile.com/c/VKxIJg/tSvvt+Yv5Ub
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E3FP package [23] also utilizes an alignment-invariant 3D representation of molecular conformers 88 

as a fixed-length binary vector for each conformer. These fingerprint-based approaches allow to 89 

calculate the similarity between two molecular shapes either as a Tanimoto distance (for binary 90 

fingerprints) or Euclidean distance (for real-valued fingerprints) computations. Such computations 91 

are orders of magnitude faster in comparison to alternative methods that require the actual 92 

alignment of the two compared conformers. Even though the calculation of a shape-based 93 

fingerprint for each conformer can be a rather computationally involved procedure, as soon as all 94 

conformers for the virtual library are fingerprinted and stored in a database, the similarity search 95 

for the query molecule in such a database is computationally quick. Therefore the computationally 96 

efficient method proposed here is expected to be very useful for finding candidate drugs for multi-97 

target disease indications, ligand-based drug design, and drug repurposing applications.  98 

 99 

METHODS 100 

Conformer-by-conformer comparison. The proposed computational algorithm extends the 101 

currently available methods [20–23] and introduces additional search flexibility via the use of the 102 

compound conformers. The proposal is to compare multiple possible shapes, adopted via varying 103 

environmental conditions, of the same molecule (i.e., conformers) rather than just a single shape 104 

that was used before. In particular, the suggested approach is based on the matching of ligand-105 

ligand fingerprints and goes beyond the known docking methods that utilize the simulated physical 106 

binding of a ligand to the target.  The supporting theory behind the method is based on the decision 107 

to treat conformers, which might have different binding characteristics and properties, as 108 

independent entities. In such an approach each conformer has the corresponding independent 109 

alignment-free 3D-similarity scoring using the known multi-references. All conformers were 110 

https://paperpile.com/c/VKxIJg/Sd4oB
https://paperpile.com/c/VKxIJg/UcPHe+tSvvt+Yv5Ub+Sd4oB
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generated using the ETKDG algorithm implemented in RDkit [24]. Benchmarking studies have 111 

found ETKDG to be the best-performing freely available conformer generator up-to-date [25, 26] 112 

providing diverse and chemically-meaningful conformers reproducing crystal conformations. 113 

The authors have called the approach MultiRef3D to emphasize that it is a fast, alignment-free 114 

multi-objective optimization protocol that maximizes the 3D overlap of a query molecule’s 115 

conformational ensemble with conformational ensembles of multiple reference ligands. 116 

Efficiency and a conformer scoring. In the algorithm, each conformation is treated as an 117 

independent entity and is characterized by a vector of features (fingerprint) which describes its 3D 118 

shape along with the distribution of electrostatic charge across its molecular surface.  The 119 

generated fingerprints reflect both 3D and surface charge (both denoted further as 3D+charge) for 120 

each query molecule conformer as well as for all conformers of the reference compound.  In this 121 

case, each conformer is coded within the algorithm by a single fingerprint represented as a  vector 122 

of numbers which ensures computational efficiency. Those fingerprints for each of the query 123 

molecule conformers are individually scored by Euclidean distance as a similarity measure 124 

concerning each conformer of the reference compound.  The Euclidean distance can be viewed as 125 

an extension of the Tanimoto similarity measure for non-binary fingerprints. The fingerprinting of 126 

individual conformers for alignment-free comparisons became popular in the past couple of years 127 

[23, 27–29] so the proposed method is built on those.  128 

Objective Function Optimization.  The sum of the conformer-to-conformer similarity scores 129 

between the query and a reference compound are compared via an objective similarity function 𝑊𝑐 130 

for each reference compound c. The goal is to maximize the sum of those individual objective 131 

similarity functions across all reference compounds of interest c=1,2,...,C where c is a summation 132 

index for the desired set of reference compounds: 133 

https://paperpile.com/c/VKxIJg/r5xx
https://paperpile.com/c/VKxIJg/Q3IW+BJIq
https://paperpile.com/c/VKxIJg/Sd4oB+qa7Rx+WLcxy+cbGuc
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𝑊𝐴𝑙𝑙 = ∑ 𝑊𝑐𝐶𝑐=1 = ∑ ∑ ∑ 𝑆𝑞,𝑟.(𝑐)𝑅𝑟=1𝑄𝑞=1𝐶𝑐=1   (1) 134 

In formula (1) the summand 𝑆𝑞,𝑟(𝑐)
 is the similarity (overlap) of the query conformer q (q=1,2,...,Q) 135 

with the conformer r (r=1,2,...,R) for each reference compound c (c=1,2,...,C).  For the real-valued 136 

fingerprints, the similarity summand between the pair of conformers of interest indexed by query 137 

index 𝑞 and reference index 𝑟 for compound c is calculated as:  138 

𝑆𝑞,𝑟(𝑐) = 1 − (1/𝑁)√∑ (𝑥𝑞,𝑛(𝑐) − 𝑥𝑟,𝑛(𝑐))2𝑁𝑛=1    (2) 139 

where 𝑥𝑞,𝑛(𝑐)
 and 𝑥𝑟,𝑛(𝑐)  are the corresponding normalized fingerprint vector coordinates for 140 

n=1,2,...,N. The length (the number of coordinates) of the fingerprint 𝑁 is determined based on 141 

the problem-specific target-ligand interaction characteristics. Since the fingerprint coordinates 𝑥𝑞,𝑛(𝑐)
 142 

and 𝑥𝑟,𝑛(𝑐)
 are normalized (i.e. have values between 0 and 1 for each coordinate n) the resulting 143 

overlap 𝑆𝑞,𝑟(𝑐)
 is maximized with the value equal to 1 when the fingerprints of both conformers are 144 

identical and can take the smallest value equal to 0 when all the fingerprint coordinates have a 145 

difference equal to 1 i.e. as different as possible at the normalized scale. 146 

When the objective is to identify a novel compound for just a single active conformation (r=1) of 147 

one (c=1) reference compound (e.g. a reference ligand co-crystallized with one particular target) 148 

then all conformers for the query molecule are scored against only one active reference conformer.  149 

However, in the case when multiple reference compounds are bound to the same target (or sets of 150 

reference compounds bound to multiple targets), the total objective function comes into play.  It is 151 

important to point out that the proposed method is not limited to the structure-based design 152 

situations: when several reference compounds are found to be active in a functional assay (and 153 

either the target(s) is unknown or the crystal structure of the target is not available) - the formula 154 
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works just as well (as long as the ligand structure is known). The method becomes especially 155 

handy, when there is a great diversity among active reference compounds, whether the target 156 

structural information is known or not – the objective function will extract and sum up the 157 

similarities for all of the relevant parts of the fingerprinted conformer representations responsible 158 

for the observed activity. 159 

The query compound can be evaluated against multiple reference compounds on a conformer-by-160 

conformer basis.  In such a case, the corresponding similarity scores are summed and constitute 161 

the multi-reference conformer-level objective function to maximize. This can be readily used in a 162 

typical ligand-based design setting. However, instead of just searching for a shape analog of one 163 

of the conformers of a reference compound, in the case of multiple references, the algorithm 164 

performs a search for such a compound in the virtual library whose conformers have overlapped 165 

with conformers of each of those reference compounds. The latter will increase the chances that 166 

the selected virtual compound binds the same way to the corresponding targets of each of the 167 

references (i.e. the selected compound is capable of forming conformations that resemble active 168 

conformations responsible for the Mechanism-of-Action (MoA) of each of the references). 169 

Selection of the reference compounds and conformers. In total six diverse compounds from 170 

ClinicalTrials.gov [30] that are currently undergoing clinical trials for SARS-CoV-2 treatment 171 

have been selected as reference compounds. These compounds are diverse in the sense that their 172 

chemical structures differ substantially (i.e. Tanimoto distance < 0.7) from each other, and they all 173 

have specificity for different targets, i.e. different Mechanism-of-Action (MoA). Three of these 174 

compounds (Chloroquine [31], Remdesivir [32], and Favipiravir [33]) have recently demonstrated 175 

significant efficacy against SARS-COV-2, whereas JQ1, Apicidin, and Haloperidol are already 176 

marketed compounds well-known for their efficacy against other disease indications. One hundred 177 

https://paperpile.com/c/VKxIJg/37AUM
https://paperpile.com/c/VKxIJg/VET2U
https://paperpile.com/c/VKxIJg/WosS
https://paperpile.com/c/VKxIJg/djsV
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conformers for each of the reference molecules were generated at the MMFF94 level of theory 178 

[34] and each conformer was ODDT-fingerprinted [20] and saved in the MongoDB database [35]. 179 

The ODDT implementation [20] of ElectroShape fingerprints [22] has been selected to 180 

demonstrate the proposed approach because these fingerprints are considered to be state-of-the-art 181 

in ligand-based virtual screening experiments  [36, 37], and they are not limited to binary values.  182 

Sometimes (e.g. at the beginning of a drug discovery program) a good virtual library might not 183 

exist yet and fingerprinting the entire ZINC15 database [38] or Enamine REAL database [39] can 184 

be computationally expensive (it may take several months to ODDT-fingerprint either of these 185 

databases on a single CPU). Therefore in this work, two simplified approaches have been used to 186 

illustrate the method. The first one is a focused virtual library approach that screened “only” 187 

100,000 compounds from focused Enamine libraries, such as “anti-viral-like”. The second one is 188 

an optimization based on a focused reference compound which is already known to be effective 189 

for the target goals (e.g., start the optimization from a SARS-COV-2 reference compound, such as 190 

chloroquine). 191 

Focused virtual library screening. For the first approach, the virtual library (query compounds) 192 

consisted of Enamine focused virtual sets (antiviral and other specialized libraries) from the 193 

Enamine REAL database [39]. Molecules from this virtual library were simultaneously evaluated 194 

against several antiviral reference drugs with different mechanisms of action (e.g. in the SARS-195 

COV-2 case the three major currently pursued MoA-s are: ACE2 binding, Mpro and RdRP 196 

inhibition). A query molecule for which some of the conformers are similar in shape with 197 

conformers for all the reference drugs would receive a higher score. In this approach, multiple 198 

virtual compounds can be identified to have a good conformer overlap with the reference drugs. 199 

https://paperpile.com/c/VKxIJg/nAH7C
https://paperpile.com/c/VKxIJg/UcPHe
https://paperpile.com/c/VKxIJg/yazgm
https://paperpile.com/c/VKxIJg/UcPHe
https://paperpile.com/c/VKxIJg/Yv5Ub
https://paperpile.com/c/VKxIJg/PC7JK+FlDk4
https://paperpile.com/c/VKxIJg/vcWEf
https://paperpile.com/c/VKxIJg/6hALf
https://paperpile.com/c/VKxIJg/6hALf
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The proposed in silico optimization algorithm from a focused reference compound (i.e. 200 

chloroquine) is as follows: 201 

1. Start in-silico synthesis (transformation) of any active compound in the training set by 202 

applying chemical transformation rules from chemical reaction databases that ensure 203 

tractability ("synthesizability") of each new "in-silico" compound obtained using these 204 

rules (i.e each rule is a documented feasible transformation of a particular compound class 205 

or compound substructure). 206 

2. After each transformation, fingerprint all conformers from the obtained novel in-silico 207 

compound and calculate the total overlap score with the reference conformers. 208 

3. Based on the value of the total overlap score: 209 

a. reject novel compounds with low scores. 210 

b. keep transforming the top 𝑁 (e.g. 𝑁 = 10) highest scored compounds. 211 

4. Stop the optimization procedure when the top score at the current iteration is no longer 212 

higher than the top score in the previous iteration. 213 

 214 

RESULTS 215 

Focused virtual library screening for SARS-CoV-2 compounds. For the first approach, scoring 216 

has been performed for the six compounds that are used for SARS-CoNV-2 treatment i.e.  217 

Chloroquine, Remdesivir, Favipiravir, JQ1, Apicidine, and Haloperidol. The algorithm visual 218 

summary is displayed in Fig. 1 for the 𝑊𝐴𝑙𝑙 objective function. Table 1 summarizes the direct 219 

application results of the focused antiviral Enamine virtual sub-library screening. The first two 220 
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columns of Table 1 contain query compounds from the Enamine REAL database [39] and their 221 

computed overlap scores. The rows are sorted according to the total sum overlap score displayed 222 

in the second column. The first two compared virtual compounds (Virt-cpd-001 thorough Virt-223 

cpd-004) have the maximum sum of scores without “gaps”, i.e. none of the compounds have a 224 

score equal to zero indicating no overlap. This is different from compound Virt-cpd-014 whose 225 

conformers had no overlap with any of the conformers of Chloroquine, Remdesivir, and JQ1 but 226 

had a “good” overlap (in terms of the score) with conformers of  Favipiravir, Apicidin, and 227 

Haloperidol.  228 

Table 1. The query compounds from a virtual library (the first column) are sorted by their total 229 

overlap score 𝑊𝐴𝑙𝑙 (the second column). The values in the other columns correspond to the sums 230 

of the overlap scores of the conformers for the corresponding reference compounds. 231 

Virtual 

Compound 

𝑊𝐴𝑙𝑙  
Choloroquine Remdesivir Favipiravir JQ1 Apicidin Haloperidol 

Virt-cpd-001 354.37 58.25 58.30 59.14 59.38 59.34 59.94 

Virt-cpd-002 283.28 48.73 24.64 36.07 50.53 61.31 62 

Virt-cpd-003 282.95 48.1 25.8 37.26 49.85 60.61 61.34 

Virt-cpd-004 269.63 37.87 23.46 46.09 39.12 61.06 62.03 

Virt-cpd-005 241.03 29.27 0 59.51 29.87 60.58 61.78 

Virt-cpd-006 209.92 34.42 34.61 34.93 34.94 35.35 35.67 

Virt-cpd-007 182.34 21.04 22.94 38.17 21.41 38.08 40.7 

Virt-cpd-008 173.60 45.31 20.82 0 46.62 21 39.85 

https://paperpile.com/c/VKxIJg/6hALf
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Virt-cpd-009 172.77 32.23 32.1 0 45.28 29.81 33.36 

Virt-cpd-010 168.55 32.29 11.72 16.28 33.49 31.1 43.67 

Virt-cpd-011 165.05 0 18.2 31.89 20.03 42.59 52.34 

Virt-cpd-012 155.42 39.85 0 11.76 34.63 34.39 34.8 

Virt-cpd-013 152.10 39.57 0 0 39.44 26.97 46.12 

 232 

When interpreting the results displayed in Table 1, the individual scores for each reference 233 

compound should be taken into account along with the total score. For example, while compounds 234 

Virt-cpd-012 and Virt-cpd-013 have very similar scores, conformers for Virt-cpd-014 have no 235 

overlap with conformers of Remdesivir or Favipiravir, whereas conformers of Virt-cpd-012 have 236 

no overlap only with conformers of Remdesivir.  Since the objective is to find a compound whose 237 

conformers have overlap with conformers for all of the reference compounds that have been 238 

selected for the algorithm it is concluded that Virt-cpd-013 is substantially worse than Virt-cpd-239 

012. The other illustrative example is a total score comparison of Virt-cpd-005 vs Virt-cpd-006. 240 

Even though the score for Virt-cpd-005 is higher than that for Virt-cpd-006, none of the conformers 241 

of Virt-cpd-005 have any overlap with conformers of Remdesivir. The total score of Virt-cpd-005 242 

is higher because the overlap of its conformers with those of Apicidin and Haloperidol is a lot 243 

higher than the corresponding overlaps for Virt-cpd-006.  Therefore based on Table 1. the 244 

compounds Virt-cpd-006, Virt-cpd-007, Virt-cpd-008, Virt-cpd-011, Virt-cpd-012, and Virt-cpd-245 

013 are not recommended for the followup in-vivo tests since those compounds have no overlap 246 

with any of the conformers for one of the reference compounds.  A filter can be imposed for those 247 

virtual compounds that have zero overlap with at least one of the references since the multi-248 
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objective goal is to identify those virtual compounds that have the potential to exhibit all aspects 249 

of the therapeutic intervention for each of the reference compounds. Therefore the compounds 250 

with at least one such zero overlap are not recommended for the follow-up in-vivo testing 251 

experiments. 252 

For the visual illustration of the algorithm results two compounds with the highest scores from 253 

Table 1. have been presented in Fig. 1. It is with noting that these compounds form very flexible 254 

molecules due to their either sulphonyl or ether bridge around which the ring substructures can 255 

rotate, which ensures the ability of those molecules to accommodate different targets. 256 

 257 

Fig 1. The compounds presented in panels A and B from the antiviral Enamine virtual sub-library 258 

collection that were found to maximize conformer overlap scores with the six reference 259 

compounds. In addition to that sulphonyl bridge in panel B (circled in red) is a signature of the 260 

classic antiviral compounds (e.g. well-known drug sulfapyridine), as well as the ether bond. The 261 

bridge allows for 3D flexibility for the molecule to change conformation and bind to multiple 262 

targets. 263 

In-silico optimization of a specific drug (chloroquine).  For the second approach chloroquine 264 

drug has been selected for the illustration of the optimization from a focused single reference 265 

compound.  The selected chloroquine has been used as a starting point for the algorithm. For this 266 

starting point, it has been discovered that the in-silico modification/optimization procedure quickly 267 

converges to a series of novel compounds with high scores exceeding the highest score in the 268 

original starting compound. The visual summary of the optimization results based on NOVA [40] 269 

in-silico synthesis and selection for higher overall overlap are presented in Fig 2. 270 

https://paperpile.com/c/VKxIJg/Z9gw


14 

 

 271 

Fig 2. The original chloroquine is presented in panel A, while the chloroquine analogs optimized 272 

in the modify-score-select algorithm are presented in panels B and C. 273 

 274 

In Fig. 2 the compounds in panels B and C can be visually compared to the original chloroquine 275 

structure in panel A. One can see that the two joined rings, the structural signature of chloroquine, 276 

remained in the final optimized structures untouched by the optimization process (modifications 277 

to that moiety would decrease the score and thus were rejected for the next iteration). This 278 

approach can be viewed as building and scoring virtual library on-the-fly where the seed is chosen 279 

to be one of the reference compounds. This can save a lot of compound generation scoring effort 280 

(in contrast to scoring a comprehensive 140-billion conformation) library but might not hop too 281 

far from the chemical neighborhood of the seed compound (the latter is not a drawback but rather 282 

a desired feature during lead optimization effort around e.g. a patented chemotype or well-283 

researched chemical space in an already advanced lead optimization program). 284 

 285 

DISCUSSION 286 

Application for drug-repurposing. Depending on what is known about the indication or 287 

marketed drug of interest (targets, MoAs, other existing drugs for the same indication) the 288 

proposed methods (or a combination thereof) can be used to find other non-obvious molecules 289 

whose shape and the surface electrostatic charge is similar to that of the marketed drug. The 290 

methods can also be used to search for the cumulative similarity to conformers of the multiple 291 

drugs used to treat this disease indication. 292 
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Special note on the use of non-lowest energy conformations and SARS-CoV-2. Unlike what 293 

the majority of computational methods had assumed a couple of decades or so ago (e.g. in the 294 

CoMFA method [41]), recent research indicates that the bioactive conformation is not necessarily 295 

the lowest-energy conformation in the absence of the receptor [42–44]. In particular, as long as an 296 

increase in energy for less favorable conformation is compensated by its binding to the target, i.e. 297 

the total ligand-target energy is lower than the sum of the energies for the non-bound target and 298 

ligand, the bound state is favored. The proposed method emphasizes and relies on this ligand’s 299 

ability to use its higher energy conformations depending on the target it attempts to bind. 300 

Moreover, in the proposed method multiple conformers of the query ligand have been compared 301 

with conformers from multiple reference compounds whose therapeutic effect of interest is 302 

achieved via different mechanisms of bindings to different targets, e.g. by inhibiting Main protease 303 

(Mpro) [45] and RNA-dependent RNA polymerase (RdRP) [46], while at the same time elevating 304 

pH in lysosomes to arrest the intracellular proliferation of SARS-CoV-2 [47, 48]. An “ideal drug” 305 

would contain conformers that resemble (some) conformers of all of the reference drugs, thus by 306 

increasing chances that the drug inhibits SARS-CoV-2 via multi-MoA routes and is more effective 307 

than each individual reference drug. 308 

Note on applications for structure-based designs. When the crystal structure of the target protein 309 

is known and the reference ligand is co-crystallized in its active conformation (structure-based 310 

design), we can use this information about the reference compound and evaluate the query 311 

molecules against only one, the active (co-crystallized) reference ligand conformation (r = ractive) 312 

in formulas (1) and (2). Confirmation by direct docking for the fingerprint-matched queries can be 313 

used to confirm the match.  314 

https://paperpile.com/c/VKxIJg/BW1vZ
https://paperpile.com/c/VKxIJg/TGpKm+oxcXk+yuPz9
https://paperpile.com/c/VKxIJg/ZcwTO
https://paperpile.com/c/VKxIJg/8zwWr
https://paperpile.com/c/VKxIJg/fFV9R+fNAM6


16 

 

Our methodology emphasizes pursuit of candidate compounds that achieve therapeutic effect (e.g. 315 

stops SARS-CoV-2 proliferation) by multiple MoA routes. A successful candidate compound 316 

would contain conformers targeting M-protease, RdRP and endosome virus trafficking MoAs all 317 

at the same time by increasing chances that the compound would protect against SARS-CoV-2 318 

much more effectively. Naturally, all successful candidates would need to be further screened and 319 

filtered for proper ADME-Tox and other drug-likeness properties. Binding to anti-targets, e.g. 320 

hERG, can be explicitly incorporated to this methodology by adding the corresponding terms 321 

(similarities to known hERG-binding ligands) to the overlap sum with a negative sign. Even 322 

though many computational methods exist to evaluate hERG in particular as well as other common 323 

tox liabilities, when an anti-target is very specific and less commonly known as “pure tox target” 324 

(e.g. undesired binding to D2 receptor for many modern CNS drugs), the explicit inclusion of 325 

similarity score to such anti-target with a negative sign can greatly streamline the overall drug  326 

optimization process. 327 

 328 

CONCLUSION 329 

We have demonstrated the usefulness of the multi-reference optimization approach in various in-330 

silico drug discovery settings and illustrated its application for de-novo ligand-based design, 331 

optimization, and repositioning of pharmaceutical compounds. The results allow the representation 332 

of each molecule as an ensemble of flexible conformers that would choose the best possible 333 

conformation for each presented target-binding opportunity that can be applied in multiple settings. 334 

Application of this approach to SARS-CoV-2 produced several antiviral drug candidates that are 335 

designed to protect against SARS-CoV-2 by multiple mechanisms simultaneously. 336 
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LIST OF ABBREVIATIONS 341 

ADME-Tox - Absorption, Distribution, Metabolism, Excretion and Toxicity 342 

GPU - Graphics processing unit  343 

CNS - Central nervous system 344 

CoMFA - Comparative molecular field analysis 345 

COVID-19 - Coronavirus Disease of 2019 346 

CPU - Central processing unit  347 

hERG - Human Ether-a-go-go-related Gene 348 

MoA(s) - Mechanism of Action(s) 349 

ODDT - Open Drug Discovery Toolkit  350 

RNA - Ribonucleic acid 351 

ROCS - Rapid overlay of chemical structures  352 

SARS-CoV-2 - Severe acute respiratory syndrome coronavirus 2 353 

WHO - World Health Organization   354 
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Figures

Figure 1

The compounds presented in panels A and B from the antiviral Enamine virtual sub-library collection that
were found to maximize conformer overlap scores with the six reference compounds. In addition to that
sulphonyl bridge in panel B (circled in red) is a signature of the classic antiviral compounds (e.g. well-
known drug sulfapyridine), as well as the ether bond. The bridge allows for 3D �exibility for the molecule
to change conformation and bind to multiple targets.

Figure 2



The original chloroquine is presented in panel A, while the chloroquine analogs optimized in the modify-
score-select algorithm are presented in panels B and C.


