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Aim: The explosion of data based technology has accelerated pattern mining. However, it is clear that
quality and bias of data impacts all machine learning and modeling. Results & methodology: A technique
is presented for using the distribution of first significant digits of medicinal chemistry features: logP,
logS, and pKa , experimental and predicted, to assess their following of Benford’s law as seen in many
natural phenomena. Conclusion: Quality of data depends on the dataset sizes, diversity, and magnitudes.
Profiling based on drugs may be too small or narrow; using larger sets of experimentally determined or
predicted values recovers the distribution seen in other natural phenomena. This technique may be used
to improve profiling, machine learning, large dataset assessment and other data based methods for better
(automated) data generation and designing compounds.
Lay abstract: Machine learning and other technology depends critically on quality of data
Benford’s law can indicate data follows natural phenomena easy, fast, statistical
Drug design impacted by FSD of experiment and predicted logP, pKa, solubility distributions
Method suited for large datasets
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Benford’s (also called Newcomb-Benford, anomalous numbers, or first digit) law is a description of the distribution
of first significant digits (FSD) in data and their counter-intuitive proportions [1]. A wide variety of natural and
human phenomena have been proven to observe Benford’s law as seen by the distribution of FSDs following a
frequency of 1 (30.1%) >> 2 (17.6%) > 3 (12.5%) > 4 (9.7%) > 5 (7.9%) > 6 (6.7%) > 7 (5.8%) > 8 (5.1%)
> 9 (4.6), and in very specific ratios [1]. The probability P of a number having the FSD d is thus given by [1]:
P (d ) = log10 (1 + 1/d )

(Eq. 1)

Newcomb observed that in tables of physical constants, numbers are more likely to begin with a smaller rather
than a larger digit [1]. A possible reasoning is that for a number with an FSD of 1 to increase to an FSD of 2, it
requires a 100% increase, whereas from FSD 2 to FSD 3 only a 50% increase is needed, 3–4 a 30% increase, and
so on.
Such phenomena seen to follow Benford’s law include those in geology and seismology [1], biological pathway
kinetic rate constants [2], inhibition constants (IC50 ) and PhysProp solubility values [3,4], molecular dynamics of
fluids and Lorenz chaotic systems [5], among others. The larger the natural variation and amplifications in the
data, the better it will comply to Benford’s law since several orders of magnitude will better show the distribution
of FSDs. Also, the prevalence of small objects versus large ones has been proposed as a cause for Benfords’ FSD
distribution [6]. In fact, even human activity follows Benford’s law and this has been used to detect fraudulent
data by comparing the distribution of frequencies and their deviation from expected Benford’s law values [7].
There has been a very intense effort in chemistry and pharmacy to profile compounds according to their druglikeness [8–10], oral biovailability [11], blood–brain barrier penetration [12], as well as antitarget [13–15], ADME [16],

C 2019 Newlands Press
10.4155/fmc-2019-0006 

Future Med. Chem. (2019) 11(17), 2247–2253

ISSN 1756-8919 2247

Short Communication

Garcı́a-Sosa

and pan-assay interference properties [17,18]. Famous and widely-followed rules include Lipinksi’s ‘rule of five’ for
oral bioavailability using molecular mass (MW), octanol/water partition coefficient (logP), number of donors,
and number of acceptors [11]. Also popular are the ‘rule of three’ for lead compounds [19], and ligand efficiency
metrics [20–22]. However, underlying all of these attempts are the actual compounds used to profile compound sets
as well as their diversity. The importance of these profiles is justified by an early identification of compounds that
may produce problems further along in optimization [14]. But for such profiling to work, the compounds used for
training need to be well-sampled and relevant, as well as covering as much chemical space and relevant structural
features as possible.
The present work shows how in medicinal chemistry, important features for describing and characterizing
compounds as well as their profiling into popular tools, such as logP, acid dissociation equilibrium constant (pKa ),
and solubility (S and logS), are distributed by their FSDs and how these features correspond to other observed
natural phenomena distribution. This may help to improve compound (such as drug-like) profiling, as well as to
assess the suitability of compound datasets and their (automatic) composition such as for machine learning [23,24],
and as an added benefit, to indicate how well computational tools can predict the expected distribution of molecular
phenomena.
Methods
Data collection
Experimentallydetermined octanol/water partition coefficient (logP) values for approved-drug compounds were
downloaded from PubChem [25], and calculated values for drug compounds (ALOGPS and JChem) were downloaded from the DrugBank [26]. The same sources were used for pKa values (minus logarithm of the acid dissociation
equilibrium constants) for drugs (predictions available only by JChem), as well as for logS values (logarithm of
solubility, only predictions by ALOGPS were available) and also the separately-reported experimental ‘solubility’
(in mg/ml). Experimentally-determined logP values for all of the compounds in the National Cancer Institute
(NCI) compound database were also downloaded [27].
Statistics

Logarithmic values (pKa , logP, logS) were converted to base 10 numbers and absolute values taken. The separatelyreported solubility was left unchanged. The FSD was extracted through bash shell scripting.
χ2 (Excel 2010) and Wilcoxon rank sum (R v. 3.4.4) statistics and tests were both performed as two-sided
unpaired samples.
Results & discussion
The number of values for approved drugs obtained from the PubChem was n = 192 for logS, n = 452 for pKa , and
n = 1000 for logP. N = 685 for Solubility.
pKa
Acid dissociation constants are important features of compounds given their relevance to binding, solubility,
metabolism, and transport at the different pH conditions in the microenvironment where the drug may be present
or act. It also dictates the ratio of ionization states and relative abundance of their (active) forms in the several
physiological conditions (gut, blood, intracellular, etc.).
The distribution of FSDs for drug compounds shows that the predicted values follow Benford’s law more closely
than the experimental compounds (Figure 1), though the latter also follow a monotonically decreasing trend. The
reason for this could be the larger size of the training set for the predicted values (JChem) than the experimental
set. The statistics for the distributions (Figure 2) also are closer between Benford’s law and the predicted JChem
value distributions, than between Benford’s law and the experimental values.
The statistical χ 2 and Wilcoxon ranks sum tests can be applied to compare the distributions and to discard or
not the null hypothesis that the deviation of the distributions are due to random variation [6]. These statistics were
not statistically-significant at the 95% level (i.e., p > 0.05) for any of the pKa distributions (Table 1), indicating
that all of the FSD distributions: experimental and predicted, do not statistically deviate from Benford’s law.
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Figure 1. Distribution (percent, %) of first significant
digits of pKa values (transformed to 10-pKa ).
Benford’s: According to Benford’s law; pKa exp:
Experimentally determined values; pKa JCHEM:
Predicted by JChem.
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Figure 2. Statistic values for the distributions of pKa .
Benford’s: According to Benford’s law; pKa exp:
Experimentally determined values (transformed to
10-pKa exp ); pKa JCHEM: Predicted by JChem (transformed
to 10-pKa JCHEM ).
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Table 1. p-values for χ 2 and Wilcoxon rank sum (W) test statistics for first significant digit distributions
FSD distribution†

n

χ 2 p-value

W p-value

Experimental pKa

452

0.1420

0.8633

JChem pKa

9080

0.9999

1.0000

Experimental logS

192

0.9796

1.0000

ALOGPS logS

9290

0.9999

1.0000

Experimental solubility

685

0.5571

0.3865

ALOGPS solubility

9080

0.8498

0.4894

Experimental drugs’ logP

1000

0.1108

0.8251

ALOGPS logP

9080

0.9999

1.0000

JChem logP

9290

0.9999

1.0000

Experimental NCI logP

3576

† Distributions

of FSD were taken from the transformed values, pKa to

0.9939
10-pKa ,

logS to

10-logS ,

logP to

0.9314
10-logP .

logS
Solubility (reported as logS) is also a critical feature of drug compounds, which can impact their efficacy as
importantly as pharmacodynamic properties. It has a direct effect on the quantity of substance required for
producing an effect, as well as on the ease of delivering the substance to its place of action.
Here, only ALOGPS had predicted values, and both these and the experimentally reported values had FSD
distributions that followed Benford’s law (Figure 3 & Supplementary Figure 1) with statistical test p-values that
did not reject the null hypothesis of random variation with respect to Benford’s law (Table 1).
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Figure 3. Distribution (percent, %) of first significant
digits of logS values (transformed to 10-logS ).
Benford’s: According to Benford’s law; LogS ALOGPS:
Predicted by ALOGPS (transformed to
10-LogS ALOGPS ); LogS exp: Experimentally determined
values (transformed to 10-LogS exp ); .
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Figure 4. Distribution (percent, %) of first significant
digits of solubility values.
Benford’s: According to Benford’s
law; Solubility ALOGPS: Predicted by ALOGPS;
Solubility exp: Experimentally determined values.

Solubility
The separately-reported solubility (in mg/ml) presented a similar case as for logS, with FSD distributions following
Benford’s law (Figure 4 & Supplementary Figure 2) with statistically undistinguishable (Table 1) ALOGPS and
experimental values with respect to Benfords’ law, respectively.
Octanol/water partition coefficient (logP)
LogP is one of the most widely-used properties to profile compounds since logP values can correlate to multiple
chemical, pharmacological, and toxicological activities [28]. It is also used as a model for membrane permeability
since it describes the ratio of distribution in moderately hydrophobic and aqueous environments.
The distribution of FSD for logP values are shown in Figure 5, where experimental values for logP followed
Benford’s law, but not as well as the predicted JChem or ALOGPS values. This is also shown in Supplementary
Figure 3, where the values for mean, variance, skewness, and kurtosis were closer to Benford’s law for JChem and
ALOGPS. In any case, these distributions were not statistically different from Benford’s law (Table 1).
This effect is most likely due to the number of values sampled, since both the predicted JChem (n = 9290)
and ALOGPS (n = 9080) logP sets have a larger number of datapoints and magnitudes. Such data motivated
the inclusion of a larger experimentally-determined set of logP values, which was found in the NCI database [27].
Including the NCI experimental logP values (see Figure 5 & Supplementary Figure 3), which is a larger dataset
(n = 3576) than the number of drug compounds, shows a much better similarity to Benford’s law distribution.
The results in the present work highlight the fact that making assumptions or conclusions on a small-sized
sample, such as the number of approved drugs, can give imperfect distributions. The drug compounds do not have
the variation of a larger sample of compounds, but this is most likely due to the limited number of drug compounds
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Figure 5. Distribution (percent, %) of first significant
digits of logP values (transformed to 10-logP ).
Benford’s: According to Benford’s law; LogP ALOGPS:
Predicted by ALOGPS; LogPexp DB: Experimentally
determined values for drugs in DrugBank; LogP JCHEM:
Predicted by JChem; LogPexp NCI: Experimentally
determined values for drugs in the National Cancer
Institute.
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available, rather to any drug-likeness variance. This also prompts the need for better compound profiling, including
better drug compound profiling. The ever-growing number of approved drugs that extend beyond well-known
parameters (such as the number of non-Lipinski complying 2018 FDA-approved drugs), as well as more diverse
datasets, which can be produced automatically, can help in redressing these unbalances.
Reassuring is the fact that predicted values, if generated from large samples of training sets with values of multiple
magnitudes, such as those of JChem and ALOGPS, can generate reasonable predictions that follow distributions seen
in other natural phenomena. All data used in this work is available at https://hermes.chem.ut.ee/∼alfx/index.html
in the download section.
Conclusion
The distribution of FSDs of important compound features in medicinal chemistry such as logP, pKa , and solubility
(as logS, and in mg/ml) show that they all agree with Benford’s law, being statistically undistinguishable. Predicted
properties complied just as well or even better than experimental values for drug compounds, given that they were
trained on large training sets. Including larger datasets of experimentally determined values such as logP from the
NCI database recovered a better fit to Benford’s law distributions than smaller-sized sets. Profiling of compounds,
especially of drug compounds, should be revised to include larger datasets with more diversity in magnitudes
that can better cover the observed ranges of natural phenomena, as these have statistically-closer conformance to
Benford’s law of observed distributions.
The results of this work can be used to check if predicted values are reasonable in their imitation of natural
phenomena distributions. In addition, they can also help in measuring how well a sample set, such as a set of drug
or candidate compounds, agrees with natural phenomena distribution, which can be useful for machine learning,
data mining, and drug design. Using sample sets that are too small may introduce artefacts or biases in distributions,
which are especially relevant to be tracked if they are widely used as drug-likeness, oral bioavailability filters, or for
machine learning, as is the case in practice.
Future perspective
Machine learning and artificial intelligence will continue to grow at a fast pace in medicinal chemistry and in
other fields. The concern over the appropriate data to use and to (automatically) generate for machine learning and
modeling will be ever stronger. Methods such as the one presented here can assess the distribution and adequateness
(lack of bias) of data for use by further tools and may help improve technology based on data. One example is in
the continuous testing of the FSD of generated data to observe at what point the distribution of FSD is statistically
indistinguishable to natural phenomena. This represents a fast and simple way to measure quality of data generation
and compilation, especially useful with very large datasets.
Supplementary data
To view the supplementary data that accompany this paper please visit the journal website at: www.future-science.com/doi/suppl
/10.4155/fmc-2019-0006
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Summary points
• Machine learning and other technologies are growing in use and relevance in medicinal chemistry and other
fields
• These methods depend critically on the quality of the data underlying them
• Quality of data depends on the dataset size, diversity, and magnitudes
• Benford’s law of first significant digit distribution and their ratios, as seen in many natural phenomena, can
improve data assessment
• Experimental and predicted logP, pKa , and solubility distributions better approximate Benford’s law, statistically
and qualitatively, the better the quality of their data
• Profiling for drug compound properties must extend present limits
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Sambridge M, Tkalčić H, Jackson A. Benford’s law in the natural sciences. Geophys. Res. Lett. 37, L22301 (2010).

2.

Grandison S, Morris RJ. Biological pathway kinetic rate constants are scale-invariant. Bioinformatics 24(6), 741–743 (2008).

3.

Orita M, Moritomo A, Niimi T, Ohno K. Use of Benford’s law in drug discovery data. Drug Discov. Today 15(9–10), 328–331 (2010).

4.

Orita M, Hagiwara Y, Moritomo A, Tsunoyama K, Watanabe T, Ohno K. Agreement of drug discovery data with Benford’s law. Expert
Opin. Drug Discov. 8(1), 1–5 (2013).

5.

Tolle CR, Budzien JL, LaViolette RA. Do dynamical systems follow Benford’s law? Chaos 10(2), 331–336 (2000).

6.

Formann AK. The Newcomb-Benford law in its relation to some common distributions. PLoS ONE 5(5), e10541 (2010).

•

Suitability of Chi-squared test for comparing distributions of first significant digits with respect to Benford’s law

7.

Diekmann A. Not the first digit! Using Benford’s law to detect fraudulent scientific data. J. Appl. Stat. 34(3), 321–329 (2007).

8.

Ghose AK, Viswanadhan VN, Wendoloski JJ. A knowledge-based approach in designing combinatorial or medicinal chemistry libraries
for drug discovery. 1. A qualitative and quantitative characterization of known drug databases. J. Comb. Chem. 1(1), 55–68 (1999).

9.
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