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The molecular set of this study comprises 32 carbon acids with their corresponding pKa values in water ranging from 25 to –6.2;
molecular and topological parameters comprise ∆E, Σ∆qX, atom and bond descriptors. 

According to the Brönsted definition, any compound which has
a hydrogen atom is an acid, since it may be lost as an acidic
proton. Depending on the molecule, this process requires more
or less energy, and the process may be spontaneous. As proton
transfer reactions are crucial in chemistry, it is important to
quantify the tendency of the molecule to lose its hydrogen atom
as an acidic proton. This is the role played by the quantity
defined as pKa. The equilibrium of dissociation of a Brönsted
acid depends on the interaction of the acid and its conjugate base
with the solvent molecules. Therefore, the pKa value depends
on the solvent medium where the measurement took place, and
any reference to the pKa value of a certain compound will be
meaningful only if the solvent is specified. Experimentally, the
most studied medium is water, which justifies the choice for the
medium used in this paper. Although water is itself a Brönsted
acid, the processes studied will not be affected by the solvent self-
ionization because even the least acidic compound considered is
still approximately 1×109 times more acidic than pure water. The
experimental pKa values of several compounds, mainly organic
acids in water1,2 are determined through very well established
methods,3 such as spectroscopy, potentiometry, conductimetry,
competitive reactions, etc. A detailed discussion of the impor-
tance of pKa in chemistry, as well as the role of the proton in
organic chemistry can be found in two seminal papers.4,5

The experimental pKa measurements of organic compounds
always involve some artifice and approximations.6 Theoretical
models to calculate pKa data for compounds in solution have
been proposed.4,7–14 However, they all furnish pKa values which
differ, in a greater or lesser extent, from the experimental
results.14

With the exception of some work on a small number of
benzoic acids, carboxylic acids have been conspicuously absent
from the QSAR literature.15–17 The aim of this work was to
study the acidity of 32 carbon acids in water, with pKa values
ranging from 25.6 to –6.2 resorting to a QSAR analysis based
upon rather simple molecular descriptors and comparing results
with other theoretical and experimental data in order to test the
possibility to obtain confident theoretical estimations.

Recently, various theoretical molecular descriptors were inves-
tigated in the search of correlations with gas-phase acidity of
compounds of the form MeZ.18 With a modest HF/3-21G
method, a reasonable correlation (r = 0.961) between the gas-
phase acidity of the compounds and their calculated deprotona-
tion enthalpies was obtained. Interestingly, the employment of
larger basis sets and polarization [6-31G(d)] or diffuse functions
[6-31+G(edf,2p)] did not improve the correlations, in agreement
with similar remarks.19,20 Soon afterwards, results derived in
ref. 18 were extended to include the acid behaviour in water of a
larger set of compounds, exhibiting greater structural variations.
The pKa values in water of 32 different carbon acids of the form
CHWYZ, where W, Y, and/or Z are electron-withdrawing groups,
were correlated with theoretical descriptors reflecting charge and
energy variations upon deprotonation, yielding reasonable cor-
relations with readily obtained descriptors (r ³ 0.95).21 Experi-
mental data were correlated with two-parameter equations, involv-
ing the theoretical descriptors ∆E and Σ∆qX calculated with HF
and DFT methods. We have chosen the same molecular set to
make a QSAR analysis based on simple molecular descriptors,

and it is shown in Table 1 together with available experimental
data in water.

The topological indices (or topological descriptors) are numeri-
cal quantities derived from molecular graphs representing mole-
cules. The algorithms transforming the mathematical representa-
tions of molecular graphs into topological indices can be divided
into three groups: simple, combinatorial and complex. Into the
first group one can include algorithms performing simple func-
tions on matrix elements or polynomial coefficients such as
counting, multiplying and squaring. The second group includes
algorithms performing, additionally, a combinatorial analysis over
the elements of graph representations. The algorithms of the third
group are based on complicated transformations (diagonalization)
of the graph matrix representations.22 Topological indices have
been used so far in the correlation and prediction of a host of
molecular properties, such as physicochemical, thermodynamic,
biophysical, and physiological properties. To date, more than
1000 different topological descriptors have been put forward in
the chemical literature, though only a handful of them have
been widely employed for correlative or/and predictive studies.23

Despite the existence of such a large number of molecular
descriptors, it has been observed that most properties and physi-
cal chemistry indices of organic molecules correlate well with
the simplest and intuitively sensible topological indices: the atom

Table 1 Molecular set of carbon acids CHWYZ with their corresponding
pKa values in water. 

Molecule 
number W Y Z pKa

1 H H CO2Et 25.6
2 H H CN 25.0
3 H H SO2Me 23.0
4 H H COSEt 21.0
5 H H COMe 19.3
6 H H COPh 18.3
7 H Cl COMe 16.5
8 Cl Cl COMe 15.0
9 H SO2Me SO2Me 14.0

10 H CO2Et CO2Et 13.3
11 F F NO2 12.4
12 H CN CN 11.2
13 Me COMe COMe 11.0
14 H COMe CO2Me 10.7
15 H H NO2 10.2
16 Cl F NO2 10.1
17 H COMe SO2Me 10.0
18 H COMe COMe 9.0
19 H Me NO2 8.6
20 H Cl NO2 7.2
21 Cl Cl NO2 6.0 
22 COMe COMe COMe 5.9
23 H CONH2 NO2 5.2
24 H COMe NO2 5.1
25 Cl NO2 NO2 3.8
26 H NO2 NO2 3.6
27 CH2CN NO2 NO2 2.3
28 CONH2 NO2 NO2 1.3
29 NO2 NO2 NO2 0.1
30 CO2Me CN CN –2.8
31 CN CN CN –5.1
32 CN NO2 NO2 –6.2
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number and the chemical bonds.24–31 The regression equation
adopts the mathematical form

where AX is the number of X atoms, BX – Y is the number of
X–Y bonds, W is a constant term and aX, bX–Y are coefficients
associated to the X atom and X–Y bond, respectively. aX, bX–Y
and W are determined through a multiple regression analysis.
Each bond is characterised in the usual chemical sense so that,
for example, X–Y and X=Y bonds are considered different.

Rezende21 correlated pKa values for 32 carbon acids in water
with two and three parameters equations

where descriptors ∆E, ∆qc and Σ∆qX were calculated with the
HF/3-21G and the hybrid DFT B3LYP/6-31G(d) methods; a, b,
c, d, e, f and g are regression coefficients. Thus, in order to look
for better pKa predictions, we have employed the following fitting
equations:

where coefficients have the same meaning as before.
Many correlations need not be linear. In general, one should

also test multivariate regression analysis for larger than linear
polynomial order and if warranted for other functional depend-
ence.32 We have computed several fitting polynomial orders and
have found that it is not necessary to go beyond the second order
to improve significantly the final results.

Calculations were performed resorting to the standard
MATHEMATICA® software33 and the fitting procedure in the
multivariate regression analysis was made for first-, second-
and third-order polynomials.

Table 2 summarises the results for pKa estimations for the
series of carbon acids CHWYZ studied in this work, together
with Rezende’s data, experimental values in water and absolute
average deviations for both methods: HF/3-21G//HF/3-21G
(Method 1) and B3LYP/6-31G(d)//HF/3-21G (Method 2), re-
spectively. The W, Y and/or Z groups comprised in addition to
alkyl groups, the following substituents: CN, NO2, COMe,
CO2Me, CO2Et, COSEt, CONH2, SO2Me, F, Cl and Br.

Statistical results for regression equations are displayed in
Table 3.

Before analysing the estimations of the property under study,
we must take into account that some of the experimental data
are estimated values, the quoted experimental value refers to the
gross acid constant, uncorrected for enol content, and significant
discrepancies in pKa values are found in the literature.21 These
features showing a lack of desirable accuracy and uniformity on
available experimental data bestow that the average deviations
obtained in the present regressions are quite reasonable, consider-
ing the uncertainty of some of the data taken from the standard
literature.

The fitting equations are better than previous results derived
for Rezende’s work,21 so that atom and bond corrections are
suitable parameters for this sort of correlations. Besides, second-
order regression equations give better predictions than linear
ones. However, third-order equations (unpublished results) do
not improve significantly predictions. In order to judge properly
the merits of the present approximation, one have to consider
the relatively wide range of experimental values {–6.2, 25.6}
and the large variety of W, X, and Y substituents in the chosen

molecular set. Particularly noticeable are the relatively low average
absolute deviations obtained from equations (3) and (4) (compare
these deviations with similar data for previous results, last row
in Table 2). Besides, results derived from the DFT method, which
takes into account correlation energy contributions and utilises
a larger basis set, is superior to the rather modest estimations
obtained from the rather modest HF/3-21G procedure (i.e. com-
pare results reported for calculations 3 and 4 with respect to
calculations 5 and 6 in Table 2).

The improvement of pKa estimations when corrections in-
volving atom and bond parameters are in line with previous
results.24–29 This feature is significant, since atom and bond
parameters are the simplest ones among the host of molecular
and topological descriptors, but they are not widely applied.

Since the training set is rather small, it is necessary to con-
firm the predictive quality of our models via a cross-validation
(also known as ‘jack-knifing’) method.34 This involves leaving

Property = Σ aXAX + Σ bX–YBX–Y + W
atoms bonds

X X–Y

(1)

pKa = a∆E + bΣ∆qX + cqc + d (2)

pKa = e∆E + f Σ∆qX + g (3)

pKa = A∆E + ΣaXAX + ΣbX–YBX–Y + W (4)
atoms bonds

X X–Y

pKa = A∆E + A'(∆E)2 + ΣaXAX + Σa'X AX
2 + 

atoms

X

atoms

X

+ ΣbX–YBX–Y + Σb'X-Y B2
X–Y + W',

bonds

X–Y

bonds

X–Y

(5)

Table 2 Experimental and theoretical estimations of pKa for carbonic acids. 

Molecule Exp. Calc.1a

aEquation (3), Method 1.21 bEquation (4), Method 2.21 cEquation (4),
Method 1, this work. dEquation (5), Method 1, this work. eEquation (4),
Method 2, this work. fEquation (5), Method 2, this work.

Calc.2b Calc.3c Calc.4d Calc.5e Calc.6f

1 25.6 21.8 21.7 22.5 23.7 21.8 23.9
2 25.0 21.4 22.1 23.9 24.4 22.3 23.4
3 23.0 20.6 19.7 21.8 23.9 21.0 23.9
4 21.0 20.1 21.0 21.0 21.0 21.0 21.0
5 19.3 20.3 19.8 21.6 19.7 19.8 18.7
6 18.3 19.7 19.0 18.3 18.3 18.3 18.3
7 16.5 17.3 16.6 16.5 15.2 16.5 15.8
8 15.0 16.9 15.8 14.5 14.6 12.0 14.5
9 14.0 11.7 9.7 13.7 14.0 13.5 14.0
10 13.3 13.3 12.8 12.7 13.3 12.6 13.3
11 12.4 9.8 13.3 12.5 12.7 12.3 12.8
12 11.2 8.4 9.3 7.6 10.6 6.6 11.6
13 11.0 14.3 13.7 12.3 11.7 11.3 11.7
14 10.7 12.3 11.4 11.5 11.4 11.2 11.2
15 10.2 11.6 12.5 13.0 10.5 15.5 10.3
16 10.1 9.4 10.9 10.0 10.2 10.4 10.2
17 10.0 11.3 10.9 11.9 9.1 12.9 9.2
18 9.0 11.4 10.1 9.0 9.9 8.0 10.4
19 8.6 11.8 12.4 12.2 11.7 14.2 12.1
20 7.2 9.2 10.2 6.0 6.2 10.5 8.2
21 6.0 9.2 8.9 7.9 8.0 8.6 7.5
22 5.9 4.1 5.4 3.6 5.1 6.2 5.0
23 5.2 5.6 5.6 4.2 5.2 4.6 5.2
24 5.1 5.7 5.0 4.9 5.7 4.4 5.7
25 3.8 2.3 1.1 2.2 2.1 1.0 0.6
26 3.6 0.6 –0.6 –0.1 0.0 –1.0 –0.2
27 2.3 1.6 –0.5 1.6 0.4 1.6 –0.2
28 1.3 –0.6 –0.1 2.3 1.3 1.8 1.3
29 0.1 –3.8 –3.2 1.0 1.8 –0.8 2.4
30 –2.8 1.5 2.7 0.7 –1.6 2.0 –1.6
31 –5.1 –2.3 –0.7 –4.6 –5.3 –4.4 –5.6
32 –6.2 –5.8 –6.0 –5.7 –4.3 –5.2 –3.8
Average 
absolute 
deviation

 —  1.99  1.95  1.32  0.93  1.78  1.05

Table 3 Statistical parameters corresponding to equations (4) and (5).a 

aComplete results including the coefficients in the fitting equations are
available upon  request to one of us (E.A.C.).

Equation Correlation 
coefficient

Standard 
error

Durbin–
Watson 
Statistic

Average 
absolute 
deviation

Equation (4) 
Method 1 0.9754 2.5888 1.7295 1.32

Equation (5) 
Method 1 0.9871 2.7580 1.4791 0.93

Equation (4) 
Method 2 0.9510 3.6346 1.3389 1.78

Equation (5) 
Method 2 0.9827 3.1891 1.0278 1.05

Equation (3)21 0.9580 — — 1.99
Equation (4)21 0.9500 — — 1.95
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out a number of samples from the data set, calculating the re-
gression model and then predicting values for the samples which
were left out. One obvious way to choose these samples is to
leave one out at a time (LOO) and this is probably the most
commonly used form of cross-validation. Using the LOO method
it is possible to calculate a cross-validate r, by comparison of
predicted values (when the samples were not used to calculate
the model) with the measured dependent variable values. Such
correlation coefficients will normally be lower than a ‘regular’ cor-
relation coefficient and are said to be more representative of the
performance (in terms of prediction) than can be expected from
a regression. Cross-validation can give a measure of the likely
performance of a regression model; it can also be used to asses
how ‘robust’ or stable the model is. If the model is generally
well fitted to a set of data, then omission of one or more points
should not greatly disturb the regression coefficients. The results
for the present cross-validation calculations are given in Table 4.

The analysis of this validation data shows that the present
model is robust, since both sets of correlation coefficients are
similar. In fact, for linear equations they are the same and just
minor differences are noted for quadratic fitting polynomials.
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