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* Correspondence: milosz.kadzinski@cs.put.poznan.pl

Abstract: Lipinski’s Rule of Five and Ghose filter are empirical guidelines for evaluating the drug-
likeness of a compound, suggesting that orally active drugs typically fall within specific ranges for
molecular descriptors such as hydrogen bond donors and acceptors, weight, and lipophilicity. We
revisit these practices and offer a more analytical perspective using the Dominance-based Rough
Set Approach (DRSA). By analyzing representative samples of drug and non-drug molecules and
focusing on the same molecular descriptors, we derived decision rules capable of distinguishing
between these two classes systematically and reproducibly. This way, we reduced human bias and
enabled efficient knowledge extraction from available data. The performance of the DRSA model
was rigorously validated against traditional rules and available machine learning (ML) approaches,
showing a significant improvement over empirical rules while achieving comparable predictive
accuracy to more complex ML methods. Our rules remain simple and interpretable while being
characterized by high sensitivity and specificity.

Keywords: drug-likeness; multiple criteria decision analysis; drug design; biological activity;
dominance-based rough set approach; decision rules

1. Introduction

Almost 30 years have passed since the discovery of the well-known Lipinski Rule of
Five [1,2]. It allows for quick resolution if a particular compound is likely to pose expected
solubility and tissue permeability properties, which are essential in drug distribution. The
main idea behind the Rule of Five (RO5) is to describe the compound with four simple
molecular descriptors, namely the number of hydrogen bond (HB) donors, number of
HB acceptors, molecular weight, and octanol–water partition coefficient (log P). Based on
experimental data, scientific intuition, and simple math, Lipinski et al. formulated approxi-
mate, high-level binary descriptors as simple inequalities capturing expected druggability
properties. In the classical form, the RO5 says that a compound is likely to have poor
solubility and permeability properties if the following are met:

• It contains more than five HB donors.
• It contains more than 10 HB acceptors.
• Its molecular weight > 500.
• Its octanol–water coefficient log P > 5.0 (or Moriguchi M log P > 4.15).

Lipinski intended to predict whether the investigated compound will likely possess
physiochemical properties, allowing for its successful distribution in the human circulatory
system. From a practical perspective, it gives medicinal chemists an easily applicable tool
capable of providing the first information about a compound’s druggability. The simplicity
of utilized molecular descriptors makes an overall computational cost low and thus is
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suitable for large-scale virtual screening procedures. In particular, the least promising
candidates can be excluded before clinical trials.

Besides the Lipinski et al. contribution, nowadays, we know more than a dozen
other similar rules. They involve various molecular descriptors, are based on slightly
different assumptions, and are trained on varying data sets. The Ghose filter is an ex-
cellent example of another, well-established druggability index [3]. It also involves four
molecular descriptors, but this time, they are water–octanol partition coefficient, molar
refractivity, molecular weight, and the number of non-hydrogen atoms. Ghose et al. used
the Comprehensive Medicinal Chemistry (CMC) database and found specific qualifying
ranges of mentioned physiochemical properties covering at least 80% of the database
compounds. They created several filter variants, depending on the drug class considered,
e.g., anti-inflammatory, anti-depressant, or anti-hypertensive. In the literature, one can
also find various drug-like scores [4–11], lead-like scores [12,13], the classification system
BDDCS [14], and the exciting idea of Quantitative Estimate of Drug-Likeness (QED) [15].
Other efforts focused on the description the drug-likeness of molecules cover the appli-
cation of Neural Network (NN) [16–20], Recursive Partitioning (RP) [21,22], and Support
Vector Machine (SVM) [17,23].

The primary aims of this paper are three-fold. First, we construct an original data set
comprising a few thousand drug and non-drug compounds. Second, we demonstrate the
applicability of a suitably adapted variant of DRSA to structure the data set and automat-
ically infer simple, reproducible, and data-driven decision rules, reflecting druggability
conditions or lack thereof. Third, we rigorously validate their predictive capabilities—
captured by five performance metrics—against selected empirical rules and various DRSA
approaches.

2. Materials and Methods

This work considers a carefully created data set containing drug and non-drug
molecules. On the one hand, we have extracted all approved drugs from the most re-
cent version of the ChEMBL database (version 3.3) [24]. After removing the proteins,
oligosaccharides, oligonucleotides, and molecules belonging to the class “unknown” and
applying the standardization procedure on a SMILES representation of molecules, we
ended up with 2197 compounds reflecting the so-far registered small-molecule drugs. On
the other hand, the non-drug component was derived from the ZINC-22 database contain-
ing ca. 37 billion commercially available, enumerated, and searchable compounds [25]. To
ensure this component comprises the same number of molecules as its drug counterpart, we
sampled ZINC-22 uniformly. Since such a choice is non-unique, we repeated the sampling
three times to estimate the influence of the composition of non-drug components on the
quality of the resulting models. The final data sets comprised 4394 compounds containing
both drug and non-drug components. They were subsequently randomly split into training
and test sets, where the size of the latter component was set to 20%. The construction of
the data sets was conducted while bearing in mind the study’s central aim, which was to
compare the existing decision analysis and machine learning approaches with the classical
procedures. Therefore, we intentionally limited the training data set while leaving only
small molecules and considering the same descriptor space as in the RO5 and the Ghose
filter.

The data sets were subsequently structured using DRSA. It is an extension of the
seminal work of Pawlak [26], handling the inconsistencies typical in multi-criteria decision-
aiding processes [27]. Then, the approach leads to rules of the type "if..., then...". They
capture the conditions (i.e., values of one or more attributes) capable of distinguishing
molecules representing two classes, drug and non-drug molecules, hence resembling the
classical druggability rules. Therefore, they can be considered their natural extension ob-
tained in a systematic, objective, and efficient way. This algorithm has been widely applied
in domains such as finance [28], urban development [29], sustainability [30], energy [31],
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portfolio optimization [32], and risk assessment [33]. Due to the lack of strict monotonicity
of the data, we used a variant of DRSA supporting local monotonicity changes [34].

To obtain the rules, we first calculated the appropriate molecular descriptors. Here,
we applied the Mordred [35] and RDkit [36] libraries. We aimed to separately consider
the performance of the DRSA model against the Lipinski RO5 and Ghose filter. To achieve
that, we used suitable sets of molecular descriptors in accordance with both reference
approaches. For the comparison with Lipinski RO5, we provided the data spanned by
the following features: molecular weight (MWt), number of HB donors (nHdon), number
of HB acceptors (nHacc), and octanol–water partition coefficient (log P). To confront the
performance of the DRSA model with the Ghose procedure, we utilized the data set
containing molecular weight (MWt), molar refractivity (MR), number of non-hydrogen
atoms (nAtoms), and again octanol–water partition coefficient (log P). In both cases, the
DRSA rules were inferred with the DOMLEM algorithm [37] and then used to classify
molecules from the test set [38]. The following subsection provides a detailed description
of the applied method.

2.1. Dominance-Based Rough Set Approach

The decision problem in the DRSA framework is represented by a matrix where the
rows correspond to a set of evaluated alternatives, A = {a1, a2, . . . , an}, and the columns
represent the evaluation criteria G = {g1, g2, . . . , gm} along with the decision attribute
D. The evaluation of each alternative ai ∈ A on criterion gj ∈ G is denoted by gj(ai).
Alternatives are split into a reference set AR ⊂ A used in a training phase and a non-
reference set ANR ⊂ A for which the value of a decision attribute D has to be determined.
Each criterion shall be defined as either cost or gain type. When a given criterion is neither,
but the local monotonicity holds, it can be duplicated [34] with one copy treated as a
cost component and the other as a gain counterpart. In what follows, we present the
steps of DRSA when considering the specificity of the tackled problem. It involves binary
classification and non-monotonic criteria.

2.1.1. Lower and Upper Approximations of Class Unions

The initial step involves data structuring that allows for identifying potential incon-
sistencies. For this purpose, the lower and upper approximations of class unions are
established. In the case of binary classification with Cl0 (negative class) and Cl1 (positive
class), we can directly consider decision classes instead of unions. The lower approximation
P includes all alternatives that definitively belong to a specific class. When all criteria are po-
tentially non-monotonic, P(Clr) contains all alternatives in Clr that are not indifferent to any
alternative from Cl1−r, i.e., P(Clr) = {ai ∈ AR : ∄ak ∈ Cl1−r, ∀gj ∈ G : gj(ai) = gj(ak)}.
In turn, the upper approximation P contains alternatives that possibly belong to the class.
In our setting, P(Clr) contains all alternatives that are indifferent to any alternative from
Clr, i.e., P(Clr) = {ai ∈ AR : ∃ak ∈ Clr, ∀gj ∈ G : gj(ai) = gj(ak)}. Hence, if a pair of
alternatives shared the same performances on all criteria while being assigned to different
classes, they would belong only to an upper approximation while not being contained in
the lower one.

To explain the structuring step of DRSA, we will refer to the decision matrix from
Table 1. Three of five alternatives (a1, a2, and a3) are assigned to class Cl0, and the remaining
two are assigned to class Cl1. Let us first focus on the lower and upper approximations
of class Cl0. The performances of a1 on all criteria match those of a4, which is assigned
to Cl1. Therefore, a1 cannot be included in P(Cl0). However, both alternatives belong to
P(Cl0). Next, a1 has the same performances as a2, but since both of them are assigned to
Cl0, there is no inconsistency, and the alternatives belong to P(Cl0) and P(Cl0). Overall,
P(Cl0) is equal to {a2, a3}, whereas P(Cl0) is {a1, a2, a3, a4}. Analogously, the lower and
upper approximations of Cl1 are P(Cl1) = {a5} and P(Cl1) = {a1, a4, a5}.
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Table 1. Example decision matrix used to illustrate the structuring step of DRSA.

Alt. g1 g2 D

a1 3 2 Cl0
a2 5 1 Cl0
a3 5 1 Cl0
a4 3 2 Cl1
a5 4 3 Cl1

2.1.2. Inference of Decision Rules

In the next step, knowledge is extracted from the already structured data. For this
purpose, DRSA is coupled with decision rules, capturing the conditions capable of dis-
tinguishing the classes, hence relating performances on one or more criteria to a desired
category. In the most common scenario that we implement in this work, the analysis in-
volves inference of certain rules based on the lower approximations. This is due to their high
reliability. In the case of non-monotonic criteria and binary classification, such rules take the
following form: gj1(ai) ≥ rj1 ∧ . . .∧ gjk (ai) ≤ rjk ∧ . . .⇒ ai ∈ Clr, where gj1 , . . . , gjk , . . . ∈ G
and rj1 , . . . , rjk , . . . correspond to the performances of alternatives contained in P(Clr).

To induce decision rules, we use DOMLEM (see Algorithm 1) [37]. It is applied sep-
arately to each decision class. The procedure is based on a greedy approach, iteratively
constructing a conjunction of conditions to cover only alternatives from the given approx-
imation. To select the best condition, firstly, its credibility, expressed as the fraction of
correctly classified alternatives, is used. In case of a tie, generality, expressed as the total
number of covered alternatives, is employed. Once the rule covering only alternatives
from the lower approximation is created, a search for redundant conditions is performed.
If, after removing some condition, the rule still covers only the desired alternatives, then
such a condition is removed to ensure its minimality. The procedure of creating new rules
is continued until all alternatives from the lower approximation are covered. Finally, if
after removing some rule, the remaining ones still cover all alternatives from the lower
approximation, then the rule is removed to ensure the minimality of the inferred set.

To demonstrate the operating steps of DOMLEM, we refer to a decision matrix given
in Table 2. There are four alternatives in class Cl0 (a1 − a4) and three alternatives in class
Cl1 (a5 − a7). For both classes, the lower and upper approximations are equal. Let us first
infer certain rules for Cl1. In the initial iteration, there are six potential conditions: g1 ≥ 2,
g1 ≥ 1, g1 ≤ 2, g1 ≤ 1, g2 ≥ 2, and g2 ≤ 2. Among them, g2 ≥ 2 has the highest credibility
of 3

4 since it covers four alternatives, of which three belong to Cl1. Therefore, it is added
to the working condition part of the rule. Since it does not exclusively cover alternatives
from the lower approximation of Cl1, further conditions have to be included. There are
five possible conditions left. Each is evaluated only on the set of alternatives covered by
the constructed rule (in this case, a4 − a7). For example, condition g1 ≥ 2 covers two out
of four alternatives (a5 and a7). In this iteration, conditions g1 ≥ 1 and g1 ≥ 2 share the
highest credibility of one, but the former covers three alternatives while the latter only two.
The conjunction of g2 ≥ 2 and g1 ≥ 1 covers only alternatives from P(Cl1), so there is no
need to add further conditions. Moreover, eliminating either condition will result in a rule
covering alternatives from Cl0. Thus, rule “if g2 ≥ 2 and g1 ≥ 1, then Cl1” is minimal. It
also covers all alternatives from P(Cl1), so no more rules need to be inferred.
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Algorithm 1 Induction of a set of certain rules using the DOMLEM algorithm
Input:

P—a lower approximation from which the rules are to be induced
AR—a reference set

Output:
R—a minimal set of certain decision rules

Procedures:
alternatives(r)—returns a set of alternatives covered by rule r
eval(c)—evaluates a set of conditions c using two metrics: credibility and generality

1: le f tToCover ← P
2: R← ∅
3: while |le f tToCover| > 0 do
4: Rule← ∅
5: repeat
6: best← None
7: for gj ∈ G do
8: for x ∈ {gj(a) for a ∈ le f tToCover \ alternatives(Rule)} do
9: ▷ Greedy search for the best condition

10: for d ∈ {≤, ≥} do
11: condition← {gj d x}
12: ▷ Credibility and generality are compared lexicographically
13: if eval(condition ∪ Rule) > eval(best ∪ Rule) then
14: best← condition
15: end if
16: end for
17: end for
18: end for
19: Rule← Rule ∪ best
20: until alternatives(Rule) ⊆ P
21: for condition ∈ Rule do
22: if alternatives(Rule \ condition) ⊆ P then
23: Rule← Rule \ condition
24: ▷ If a condition is redundant, it is removed
25: end if
26: end for
27: R← R ∪ {Rule}
28: le f tToCover ← le f tToCover \ alternatives(Rule)
29: end while
30: for Rule ∈ R do
31: if P = alternatives(R \ Rule) then
32: R← R \ Rule
33: ▷ If a rule is redundant, it is removed
34: end if
35: end for

Table 2. Example decision matrix used to illustrate the operating steps of DOMLEM.

Alt. g1 g2 D

a1 1 0 Cl0
a2 2 0 Cl0
a3 0 0 Cl0
a4 0 2 Cl0
a5 2 2 Cl1
a6 1 2 Cl1
a7 2 2 Cl1
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The same procedure is repeated for class Cl0. Taking into account the unique perfor-
mances on g1 and g2 of four alternatives contained in P(Cl0), ten conditions are considered
in the first iteration. Among them, g2 ≤ 0 is the best since it has the highest possible credi-
bility of one and covers three alternatives. In comparison, g1 ≤ 0 also has the credibility
of one but covers only two alternatives. Rule “if g2 ≤ 0, then Cl0” covers three desired
alternatives (a1 − a3), being minimal. To infer another rule covering a4, we consider four
possible conditions and favor g1 ≤ 0 with the credibility of one. Rule “if g1 ≤ 0, then Cl0”
covers two desired alternatives (a3 and a4), being minimal. Moreover, the two rules are
needed to cover all alternatives in P(Cl0), so they are both included in the returned set.
Note that the rules can overlap. In this case, both rules cover alternative a3. Therefore,
the sum of the coverage coefficients of all rules can be greater than the size of the data set.
However, the algorithm ensures that the inferred set of rules is minimal in the sense that
eliminating any of them would leave at least one alternative uncovered.

2.1.3. Classification of Non-Reference Alternatives

The induced rules help classify non-reference alternatives from set ANR. For each
a ∈ ANR, we identify all rules matching the performances of a. Then, three possible
scenarios are possible in the case of binary classification [39]:

• No matching rule—an alternative is assigned to the majority class;
• One matching rule—an alternative is assigned to the class from the rule’s decision

part;
• A set of multiple matching rules R = {ri, 1 ≤ i ≤ l} with |R| > 1—an alternative is

assigned to class Cli with the highest value of scoreR(Cli, a), according to the algorithm
presented in [38]:

scoreR(Cli, a) =
|(Condr1 ∩ Cli) ∪ (Condr2 ∩ Cli) ∪ · · · ∪ (Condrl ∩ Cli)|2

|Condr1 ∪ Condr2 ∪ · · · ∪ Condrl ||Cli|
,

where Condri is a set of alternatives from AR covered by rule ri.

Section 3 provides an illustrative example of classification.

3. Results and Discussion
3.1. Overview of Decision Rules Obtained with DRSA

Each DRSA model was trained on 3515 compounds, which constitutes 80% of con-
sidered compounds. The rest was held out and used for model quality estimation. There
were three independent resampling procedures of the non-drug set, each followed by the
application of the DRSA rule inference algorithm. The drug molecule counterpart was kept
the same. For example, the resulting DRSA1 model comprises 402 decision rules (they are
all provided in the online Supplementary Materials). Among them, 164 are responsible for
drug case classification, whereas the remaining 238 support the non-drug cases. Although
the number of rules is relatively high, they are simpler than the already-known alternatives.
Most are based on three or fewer conditions while using at most two descriptors. Only
around 15% of rules involve more than four conditions and less than 3% more than five
conditions. Some are generic enough to support hundreds of cases, while others cover
only a few training observations. Removing the weakest rules simplifies the DRSA model
without significantly influencing the performance on a test set. For instance, excluding the
rules covering at most five training examples reduces the total number of rules from 402 to
275, with only a slight effect of the sensitivity decrease by 1%.

The condition parts of the most supported rules for each class, along with their
coverage, are presented in Table 3. Each row of the table represents a conjunction of
conditions on the upper or lower limits of descriptor values that should be coupled with a
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decision part in the form of either “then drug” or “then non-drug”. In addition, the strongest
drug rule (the first row in Table 3a)

if MW ≤ 242.1 and nHBDon ≥ 1, then drug,

covering 302 drug cases is presented in Figure 1a, and the strongest non-drug rule (the first
row in Table 3b)

if MW ≥ 388.2 and 2.6 ≤ SLogP ≤ 3.5 and nHBAcc ≤ 4 and nHBDon ≤ 1, then non-drug,

covering 143 non-drug cases is shown in Figure 1b.

(a) The strongest rule for a drug case.

(b) The strongest rule for a non-drug case.

Figure 1. Graphical representations of the strongest rules for both classes. The colored areas reflect
the supported descriptor ranges.
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Table 3. The strongest rules induced for both classes.

MW≥ MW≤ SLogP≥ SLogP≤ nHBDon≥ nHBDon≤ nHBAcc≥ nHBAcc≤ Coverage

(a) Drug case rules with a decision part “then drug”

- 242.1 - - 1 - - - 302
- 284.1 - 1.8 1 - - - 300

379.2 - 4.2 - - - - - 294
- 311.1 - 1.3 - - - - 294
- 284.1 - 1.4 - - - - 277

(b) Non-drug case rules with a decision part “then non-drug”

388.2 - 2.6 3.5 - 1 - 4 143
398.2 - 2.6 3.7 - 1 - 4 137
395.1 429.1 2.6 3.5 - 1 - 5 132
397.1 434.1 - 3.5 - 1 - 4 119
337.3 435.1 - 3.5 - - 4 5 118

The first drug rule imposes restriction exclusively on two descriptors: nHBAcc and
nHBDon. It supports the cases with relatively low molecular weights and at least one HB
donor. The second drug rule, of almost the same strength, additionally involves the octanol–
water partition coefficient and enforces moderate lipophilicity to classify a molecule as
a drug. On the other hand, the strongest non-drug rule involves all four descriptors. It
assumes that the compounds of non-drug nature are relatively heavy (MW ≥ 388.2), of
moderate lipophilicity lying in a relatively narrow range, and have at most 1 and 4 HB
donors and acceptors, respectively. Some of these conditions are intuitively obvious. For
instance, molecular weight apparently influences the classification process, which is clearly
reflected in non-overlapping conditions involving this attribute. Similarly, restricted ranges
of the number of HB donors and acceptors of the strongest non-drug rule can be related
to severe limitations to establishing the HB interactions between these compounds and
enzymes or receptors, which is often necessary to achieve biological activity. Interpreting
some other conditions, e.g., those involving narrow ranges of the SlogP descriptor, is more
challenging and requires training examples.

Independent of this, the predictions based on decision rules can easily be understood
and interpreted. Their transparent nature supports the trust, possibly encouraging society
to adopt the use of DRSA models. In particular, each prediction can be connected to the
analysis of supporting rules. For example, let us consider the case of Xylometazoline,
a widely applied drug that reduces the symptoms of nasal congestion. The positive
prediction of the DRSA model is based on the following pair of rules:

• if MW ≤ 266.2 and SLogP ≤ 3.7 and nHBAcc ≤ 2, then drug;
• if MW ≤ 255.1 and nHBAcc ≤ 2, then drug.

A non-drug example, properly classified by the DRSA model, is supported by the
following three rules:

• if 398.2 ≤ MW ≤ 406.1 and SLogP ≤ 3.7 and nHBAcc ≤ 4 and nHBDon ≤ 3.0 , then
non-drug;

• if 403.2 ≤ MW ≤ 461.1 and SLogP ≤ 3.7 and nHBAcc ≤ 3, then non-drug;
• if 379.2 ≤ MW ≤ 408.2 and 3 ≤ SLogP ≤ 3.3 and nHBAcc ≤ 3, then non-drug.

Table 4 shows the descriptors, structures, and predictions delivered by the DRSA,
Lipinski, and Ghose models for both structures (upper and middle parts). In the case of the
non-drug example, only DRSA is successful. The Lipinski and Ghose approaches are too
liberal to exclude this compound from the set of potential drugs.
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Table 4. Three exemplary compounds from the test set representing the drug and non-drug cases.
The upper part reflects the drug molecule, whereas the middle and bottom sections represent the
non-drug examples.

nHBAcc nHBDon SLogP MW PDRSA PLip PGho

Example drug: Xylometazoline (CHEMBL312448)

2 1 3.15 244.19 1 1 1

Upper

Example non-drug: ZINCrB000003GBgp

3 2 3.17 404.17 0 1 1

ine Middle

Complex example non-drug: ZINCnz000000hm6C

7 0 2.93 325.1 0 1 1

Bottom

Nonetheless, the characteristics of a compound may also align with the rules support-
ing conflicting assignments. For illustrative purposes, let us consider a molecule presented
at the bottom of Table 4 consistent with the following three rules:

• if MW ≤ 346.1 and nHBAcc ≥ 7 and nHBDon = 0, then drug;
• if MW ≤ 331.1 and SLogP ≥ 1.3 and nHBAcc ≥ 7, then drug;
• if MW ≤ 399.1 and 2.9 ≤ SLogP ≤ 3.2 and nHBAcc ≥ 6, then non-drug.

The rules covering the alternative are used for computing the scores reflecting the
support for assigning a compound to each class. The score is calculated by dividing the
squared number of examples from the given class covered by these rules by the product of
the total number of examples covered by these rules and the size of the given class in the
reference set AR [38]. For the considered compound, the two positive rules jointly cover
9 drugs out of 1767 in the training set. The non-drug rule covers 19 compounds out of
1748 non-drugs. Thus, the score for the class “drug” is equal to 92

9∗1767 = 0.0051, and for the

class “non-drug”— 192

19∗1748 = 0.011. Finally, we recommend the class with the highest score.
Therefore, the considered molecule is classified as a non-drug, and again, only the DRSA
model predicts the non-drug nature of this compound properly.

3.2. Comparison of DRSA with Domain-Specific Methods

As demonstrated in Table 5, DRSA is superior with respect to the reference approaches
proposed by Lipinski [1] and Ghose [3]. In both cases, DRSA reaches all classification
quality metrics at the level of at least 80%. For example, the models run on the same
attributes as the Ghose filter, which correctly indicated the “drug” class for 97% of all
molecules they predicted as drugs, as captured by precision. They also correctly predicted
the class for 91% of molecules overall, whether they were drugs or not, as reflected by
accuracy.
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Table 5. Classification quality measure comparison between the DRSA method, the reference ap-
proaches of Lipinski RO5 and Ghose filter, and selected ML classification methods. The columns with
the “avg” subscript contain the average of three runs with different data samples. All results were
obtained with a randomly chosen held-out data set containing 20% of all observations. The bold font
indicates the best algorithm given a specific measure.

Run on the same attributes as applied in the Lipinski RO5
Measure DRSA1 DRSA2 DRSA3 DRSAavg Lipavg XGBavg NNavg SVMavg KNNavg AMLavg ChPavg

Sensitivity 0.80 0.80 0.80 0.80 0.78 0.87 0.85 0.80 0.82 0.87 0.91
Specificity 0.94 0.95 0.94 0.95 0.01 0.91 0.89 0.92 0.92 0.92 0.94

Precision 0.93 0.94 0.93 0.93 0.43 0.91 0.89 0.91 0.91 0.91 0.94
Accuracy 0.87 0.88 0.87 0.87 0.39 0.89 0.87 0.86 0.87 0.89 0.93

F1 score 0.86 0.87 0.86 0.86 0.55 0.89 0.87 0.85 0.86 0.89 0.93
Run on the same attributes as applied in the Ghose filter

Measure DRSA1 DRSA2 DRSA3 DRSAavg Ghoseavg XGBavg NNavg SVMavg KNNavg AMLavg ChPavg

Sensitivity 0.83 0.85 0.85 0.84 0.62 0.89 0.85 0.75 0.85 0.87 0.91
Specificity 0.96 0.98 0.98 0.97 0.07 0.96 0.91 0.96 0.97 0.95 0.94

Precision 0.95 0.97 0.97 0.97 0.39 0.96 0.91 0.95 0.97 0.94 0.94
Accuracy 0.90 0.91 0.92 0.91 0.34 0.92 0.88 0.85 0.91 0.91 0.93

F1 score 0.89 0.91 0.91 0.91 0.49 0.92 0.88 0.84 0.90 0.90 0.93

On the contrary, the Lipinski RO5 and Ghose rules perform poorly on these real-world
data. Both marked a vast majority of the non-drug molecules as active. In particular, the
Lipinski rules misclassified over 99% non-drug examples, hence attaining extremely low
scores on the specificity metric. In turn, the Ghose filter attained less favorable results
on the remaining four metrics (e.g., its sensitivity was lower by 0.16 while its F1 score
was worse by 0.06). Such unfavorable performance of the classical techniques could be
anticipated given the simplicity of individual rules defined by only four conditions.

The DRSA rules are more capacious and thus capable of extracting the patterns from
provided data more thoroughly. The DRSA models perform well in specificity, while a
higher false negative rate causes a slightly worse absolute sensitivity value (though still
better than for the classical rules). This means that DRSA will tend to miss a small fraction
of real drugs rather than classifying non-drug molecules as drugs. Such conditioning
of the problem has certain benefits. Massive application of the DRSA model to a large
number of molecules will less often bring false positive cases, which may reduce the costs
of experimental verification of the molecule’s activity. Interestingly, DRSA attained better
results on all metrics when run on the attribute set applied by the Ghose procedure rather
than Lipinski RO5. For example, the average accuracy increased from 0.87 to 0.91 while the
F1 score rose from 0.86 to 0.91. This shows further potential for improving the method’s
performance when supplied with richer, more adequate information.

The DRSA models can easily be applied to support the early-stage drug discovery
process. As with any other statistical model, it can be trained on a selected set of compounds
for which the experimental data exist. Subsequently, carefully created and—what is equally
essential—thoroughly validated models can expose new, unseen compounds to deliver
predictions and their intuitive interpretations. Due to relative numerical simplicity and clear
potential for parallelization, these models can handle ultra-large, enumerated chemical
databases containing synthesizable compounds, such as Enamine REAL, WuXi, or e-
Molecules.

It is also worth mentioning that the presented methodology can naturally address
new chemical modalities involving the compounds that are beyond Rule of Five (bRO5).
In particular, DRSA can be applied to data associated with RNA therapeutics, protein
degraders, cyclopeptides, and other classes of molecules [40–42]. The obtained rules,
accounting for compounds from expanded chemical space, can be applied to, e.g., virtual
screening of databases or used as criticizers of new molecules obtained in the frame of
various generative chemistry approaches.
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3.3. Comparison of DRSA with Selected Machine Learning Methods

We also confronted the predictive capabilities of DRSA with six selected popular ML
methods. These included the following:

• eXtreme Gradient Boosting (XGB) [43]—a powerful ML algorithm based on decision
trees, using gradient boosting to optimize performance; it focuses on speed and per-
formance through regularization and efficient parallelization; we employed a variant
with the number of trees between 10 and 250.

• Neural Network (NN) [44]—a classical multilayer perceptron with two hidden layers
with the number of neurons between 32 and 512 each, relu activation, adam solver, and
L2 regularization.

• Support Vector Machine (SVM) [45]—a supervised ML algorithm mapping input data
into a higher-dimensional space using a kernel function (in our case, a radial variant),
identifying the optimal hyperplane that maximizes the margin between different
classes, and using this hyperplane to classify new data points by determining which
side of the margin they fall on.

• K-nearest neighbors (KNN) [46]—a classification method calculating the distance
(in our case, Euclidean) between the alternative to be classified and all reference
alternatives and assigning it to the class most common among its nearest K neighbors
(in our case, 3 ≤ K ≤ 19).

• AutoML (AML) [47]—a procedure automatically adjusting the entire prediction
pipeline, including a classification algorithm and a preprocessing phase using the
genetic optimization procedure.

• ChemProp (ChP) [48]—a deep learning graph-convolutional Neural Network based
on Message Passing Neural Network accompanied by a feature extraction module
accepting a chemical molecule as an input. This algorithm uses the full molecule
representation, not just simple descriptors like all remaining models used in this study.
Therefore, it has an unfair advantage. For that reason, the metrics associated with
the model should be considered as model performance at the prediction limit. They
are not accounted for selecting the best score, and for clarity, they are separated by a
vertical line.

The algorithms’ hyperparameter values were determined using a Bayesian optimiza-
tion procedure [49]. The use of all these approaches was preceded by the application of
min–max scaling of performances.

The results are shown in Table 5. The proposed DRSA algorithm performs comparably
to the state-of-the-art ML models. In both data sets, DRSA attained a very high score
on specificity and precision while losing to XGB on sensitivity, accuracy, and F1 score.
Note that depending on the context, maximizing the score on a different metric might be
desirable. Given the obtained results, DRSA seems to be more suitable when false positives
are costly (specificity) or their cost is high (precision). In turn, XGB is more adequate when
missing positive cases have high consequences (sensitivity), classes are well balanced and
false positives and false negatives carry similar costs (accuracy), or there is class imbalance
and you want a satisfying trade-off between precision and sensitivity (F1).

We have also investigated the influence of feature space extension on the performance
of the DRSA model as well as selected ML approaches. All considered methodologies
were applied to data sets containing molecular descriptors related to both the Lipinski and
Ghose filters, namely the number of HB donors, the number of HB acceptors, molecular
weight, octanol–water partition coefficient (log P), molar refractivity, and the number of
non-hydrogen atoms. The results are presented in Table 6. As expected, we observe
an improvement in model quality in nearly all cases. Specifically, for the DRSA model,
sensitivity and specificity increased by 0.06 and 0.01, respectively, compared to the DRSA
results obtained using only RO5 descriptors. Similarly, for the ML models, we also note
slightly better performance, except for the KNN model trained on Ghose descriptors, where
sensitivity and specificity decreased slightly. Again, selecting the best model depends on
which metric is the most important in a given scenario. There is not a single method that is
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objectively the best on all metrics. Both DRSA and XGB attained the highest performance
on different metrics, with the DRSA method having the additional advantage of easy
interpretability. In conclusion, the DRSA models presented here demonstrate the expected
behavior, with a vertical extension of the data leading to performance improvements.

Table 6. Classification quality measures of DRSA and selected ML models. In all cases, the quality
measure reflects the mean value of three independent resampling procedures of the non-drug data
set while the drug molecule counterpart is kept constant. The bold font indicates the best algorithm
given a specific measure.

DRSA XGB NN SVM KNN AML ChP
Sensitivity 0.86 0.89 0.86 0.81 0.84 0.83 0.91
Specificity 0.96 0.95 0.91 0.93 0.92 0.90 0.94

Precision 0.96 0.95 0.91 0.93 0.92 0.90 0.94
Accuracy 0.91 0.93 0.89 0.87 0.88 0.86 0.93

F1 score 0.91 0.93 0.88 0.87 0.88 0.86 0.93

4. Summary

Our study proposed a new tool supporting the early stages of drug discovery. The
DRSA method brings a vital instrument capable of creating well-performing, efficient, and
easily interpretable models. Conceptually, they are of the same class as the Lipinski RO5
or Ghose filter. However, they are inferred systematically, assuring efficient knowledge
extraction from data. Such rules can potentially improve the quality of the virtual search
by increasing the quality of the filter or targeting specific molecular properties. In the
application described here [50], the classical RO5 could be replaced with its DRSA analog,
which could bring a better selection of the compounds for further processing. As an
illustration, we learned the DRSA models from the original data set containing drug and
non-drug molecules. The models’ performance was estimated on the held-out data, proving
superior to their classical counterparts and comparable with state-of-the-art machine
learning models characterized by low interpretability capabilities. The straightforward
nature of the inferred rules strongly supports understanding the predictions and encourages
further applications in real-life scenarios. As a further study, we aim to apply the DRSA
method to selected data sets containing the biological activity of various receptors and
enzymes. We will also collect and explicitly include compounds related to new drug
modalities, like peptides, macrocycles, or recently popular proteolysis-targeting chimeras
(PROTACs).
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