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Introduction to Assignments #7 & #8:  Writing a Scientific Paper  

Science at its very core is “data-based, rational analysis” and the overwhelming majority of 

scientific papers contain original data. Aspects related to the acquisition of the original data are 

described in the “Materials and Methods” section and the original data are documented either in 

the paper or in an appendix. An authentic exercise in scientific writing must be concerned with 

the rational analysis of original data. Yet, there are obvious limits to original data generation in a 

writing class and the question is “How to write a scientific paper without original data?” To 

resolve this paradox, we will create a near-authentic experience by pretending that we have 

synthesized a number of new molecules and/or that we have measured one important property 

for one or more molecules and we will analyze the structure-activity relationships. Specifically, 

we will pretend that we have synthesized two new disubstituted benzoic acids, that we have 

measured the pKa values of these new molecules in solution, and that we have measured the pKa 

values of one other disubstituted benzoic acid. We further agree on the following points:   

[1] A “disubstituted benzoic acid” contains 2 substituents in addition to the CO2H.  

[2] Synthetic details and data for the spectroscopic characterization of the 2 new 

molecules will be relegated to “Supporting Information.”   

[3] Experimental details of the pKa measurements will be given in the M&M section.   

[4] Your analysis should consider (i) benzoic acid itself, (ii) 3 disubstituted benzoic acids, 

(iii) all monosubstituted benzoic acids with the substituents occurring in any of the 

disubstituted benzoic acids, and (iv) no more that 10 benzoic acids overall.   

[5] Assume that the pKa values of all relevant monosubstituted benzoic acids are known.   

Everybody will write a paper on Substituent Effects on Benzoic Acid Acidity, either alone or 

together with another student, and this commonality makes the assignment manageable and 

guarantees well-educated peer review. And yet, the resulting papers will vary greatly because of 

the students’ selections of “their casts”. This selection needs to be made before starting to work 

on A07 and A08. Some changes can be made later, of course, but it will cost time and 

effort better to plan ahead as much as possible.   
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Selection of “the Cast” for Assignments #7 & #8:  Some Guidelines   

The paper entitled “QSPR Prediction of pKa for Benzoic Acids in Different Solvents” (Jover, J.; 

Bosque, R.; Sales, J. QSAR Comb. Sci. 2008, 27, 563-581) is provided and its Table 1 lists 519 

experimental pKa values of benzoic acids in a number of solvents (including aspirin).  

[1] Select three disubstituted benzoic acids. The substituents in compound n are Xn and Yn (n = 1 

- 3) and there are many options for the identities of X and Y and also for their positions. You 

might consider Xn = Yn = Cl (i.e., 2,3-, 2,4-, and 3,4-isomers). You might consider X = 4-Cl and 

vary 3-Y (i.e., F, Cl, Br). You might consider Xn = NO2 and Yn = Cl and look at three isomers…. 

[2] Include the “parent system” in your data set, i.e., benzoic acid itself.   

[3] Select monosubstituted benzoic acids. For an analysis of the effects of double-substitution by 

Xn and Yn (n = 1 - 3), you want to refer to the pKa values of the monosubstituted benzoic acids 

with substituent Xn or Yn in the same position. Doing so will add at most 6 molecules to your 

cast for a maximum of 10 molecules in your data set.  

[4] Consider the solvent. You can select “to work in one solvent” and compare acidities in 

DMSO for example. The analysis might become more complicated (and more interesting) if you 

used data measured in different solvents.   

[5] Consider the pKa ranges. The Ka values vary by about 18 magnitudes! Do you want to argue 

about tiny changes or do you want to explain larger differences?   

[6] Select the two “new” disubstituted benzoic acids. You will need to research and describe 

their syntheses and spectroscopic properties.   

Outline the introduction to your paper while you make these choices. Why do acidities 

matter? Why would we want to know about acidities of substituted benzoic acids? Why would 

we want to know about acidities of disubstituted benzoic acids? Why did you want to know 

about the acidities of these disubstituted benzoic acids? 
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Assignments #7:  Material, Methods and Appendix   

Assignments #7 & #8 concern the writing of an original scientific paper on Substituent Effects 

on Benzoic Acid Acidity. This paper will have two sections:  The paper itself and its appendix.  

The appendix often is provided as a separate file. For our purposes, we will think of paper and 

appendix as two separate entities, but we will keep them together in one file for convenience. In 

Assignment #7 you will organize the outline of the paper, write the “Materials and Methods” 

section of the paper and tabulate your data, assemble the appendix, and provide all necessary 

bridges between paper and appendix. Your work on Assignment #7 will be evaluated by rubric-

based peer-review. Your work in Assignments #8 - #10 will build on A#7 but the MMA section 

will not be evaluated again.   

(a) Organize the Outline of Paper and Appendix. Open a Word file, set all margins to 1.25 

inches, type the entire document in Times New Roman, 12 pt, with a line spacing of “at least 24 

pt”. On page 1 type the title in bold, provide the author line, and provide affiliation information. 

Starting on top of page 2, type the first-level headlines of your paper in bold (Introduction, 

Materials and Methods, Results and Discussion, Conclusion, References). References should be 

cited at the end of this first section. Create a section-break, start the second section on a new 

page, and restart page numbering in this section: the appendix goes in this section.   

(b) Materials and Methods. Provide an overview of the syntheses of the two new compounds, 

provide a detailed description of the method(s) you used to measure the pKa values of the three 

disubstituted benzoic acids, and create your data table.  

Search the literature for syntheses of the two “new” compounds, pick the syntheses of your 

choice (if you find many), and “adopt” those synthetic methods as your own. Search the 

literature for the publications that originally reported the measurements of the pKa values of the 

three disubstituted benzoic acids you selected and “adopt” those methods as your own. Search 

the literature for the publications that originally reported the measurements of the pKa values of 

benzoic acid itself and of the monosubstituted benzoic acids you included in your cast. Create 
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your data table (i.e., Table 1) with one row for every member of your cast. Columns should list 

compound names, compound numbers, solvent(s), pKa value, source of data, etc.  

(c) Appendix. Provide a detailed description of the syntheses and provide the results of the com-

prehensive spectroscopic characterization of the two new compounds. Show spectra as images as 

much as possible (i.e., as with Assignment #5). On page 1 of the appendix, write “Supporting 

Information”, and then provide the title of the paper, its author line, and the author affiliation 

information. On page 2 of the appendix, provide a “Table of Contents” for the appendix.   

(d) Bridges. Page 1 of the Appendix provides the bridge from appendix to paper. The bridge 

from paper to appendix comprises several items: After “Conclusions” and before “References”, 

insert a one-paragraph statement that begins with “Supplemental Material Available: The 

appendix contains…” to inform the reader that the paper comes with an appendix, to describe 

very briefly what type of information are contained in the appendix, and to guide the reader to 

the source of the appendix. In the “Materials and Methods” section, at the most logical place(s), 

add a statement that guides the detail-seeking reader to the appendix.   

Submission & Target Dates: The assignment must be completed using MS Word 2007 with JOC 

formatting. Submit one Word file “A7_’your name’.docx” by Tuesday, 04/06/10, midnight. Dr. 

Glaser will review your submissions and provide feedback in class on Wednesday, 04/07/10, so 

that you can update your assignment before it is peer-reviewed. Bring one hardcopy to class on 

Friday, 04/09/10, for peer-review.   
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Assignments #8:  Manuscript Preparation and Submission   

Assignments #7 & #8 concern the writing of an original scientific paper on Substituent Effects 

on Benzoic Acid Acidity. In Assignment #7 you organized the outline of the paper, you wrote the 

“Materials and Methods” section and created your main data table, you created the appendix, and 

you provided all necessary bridges between paper and appendix. Feel free to make minor 

adjustments to the “Materials and Methods” section as you write the paper. Now, in Assignment 

#8 it is your task to write/complete all other parts of the paper and these are: Final Title & 

Abstract, Introduction, Results and Discussion, and Conclusion.   

(a) Introduction. Provide a three-paragraph introduction to explain acidity as an important 

concept and discuss its significance, to explain why the acidities of benzoic acids matter, and to 

explain your specific aims. The third paragraph must start with “Here we report the results of 

….” and it is in this paragraph where you state your hypothesis (i.e., expectation) and where you 

justify your effort (i.e., why the outcome of the experiments matters).   

Much of the thinking that goes into “Introduction” occurred or should have occurred at the time 

you selected your cast. You might add one or two schemes to “Introduction”. Refine and revise 

the introduction as the analysis of your data progresses.   

(b) Results and Discussion. Use as many paragraphs as you see fit, but there should be three 

recognizable parts to “R&D” and they should appear in the standard sequence “RRD” (New 

Results, Reference Data, Discussion).  

Provide an overview of what you actually did to obtain the new data listed in your main data 

table. Describe what existing data you will use in your analysis, provide/discuss the sources of 

these reference data, and add the most pertinent reference data to your main data table. The 

discussion consists in the analysis of the new data in the context of the reference data. Use as 

many Schemes and Figures as you see fit. Your analysis might include attempts to correlate the 

acidity data with other properties of the molecules / substituents (electronegativity,…). In that 
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case, you might add the additional parameters to the main data table or you may chose to present 

the parameters in an additional table or just in the text.   

(c) Conclusion. Write two paragraphs. Summarize your accomplishments in the first paragraph, 

i.e., the work you did and that facts that you claim to have established beyond any reasonable 

doubt. In the second paragraph, explain the meaning and the significance of the new results and 

describe consequences that flow from your insights.   

(d) Final Title & Abstract. “Substituent Effects on Benzoic Acid Acidity” is the working title of 

your paper and you should refine the title after you complete your analysis. The final title should 

reflect as much as possible any general conclusions you have reached. When all parts of the 

paper are complete and in final form, then write the abstract.  

Submission & Target Dates: The assignment must be completed using MS Word 2007 with JOC 

formatting. Submit one Word file “A8_’your name’.docx” by Tuesday, 04/13/10, midnight. Dr. 

Glaser will review your submissions and provide feedback in class on Wednesday, 04/14/10, so 

that you can update your assignment before it enters peer review. Bring three hardcopies to class 

on Friday, 04/16/10, for peer-review.   
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Abstract
A Computational Neural Network (CNN) derived model is proposed for the pKa

prediction of benzoic acids in different solvents. The system studied contains 519 pKa

values corresponding to 136 benzoic acids determined in water and in 8 organic solvents.
The benzoic acids were described by the usual molecular descriptors and the solvents by
a number of physical properties and by several parameters of the most widely used
polarity solvent scales. The model is composed of seven descriptors – five of them
corresponding to the solute and the other two to the solvents – and was validated by an
external prediction set. The three sets of values needed in the analysis, training,
prediction, and cross-validation, have the same squared correlation coefficient (0.998) and
Root-Mean Square Error (RMSE) (0.21) values. The robustness of the model is also
given for the statistical results for small subsets, such as ortho- and non-ortho-substituted
acids, those obtained in protic or aprotic solvents, those obtained in each solvent, and
even those for the set of pKa values of one specific acid in several solvents. The
descriptors encode information about the chemical nature of the solutes and the solvents
that is clearly related to the interactions present in the dissociation process in solution.
The derived model also has the ability to predict pKa values of a larger set of aromatic
neutral acids, containing both phenols and benzoic acids.

1 Introduction

The acid dissociation constant, Ka, which describes the ex-
tent to which a compound dissociates in the gas phase or
in solution, is a fundamental property of any chemical
compound. It is a key feature, which governs the chemical
reactivity of the substances with other compounds in any
solvent, and also the interaction with the solvent itself. In
aqueous solution, the pKa is responsible for several phar-
macokinetic properties. Jointly with integrity, lipophilicity,
solubility, and permeability, pKa has been considered one
of the five key physiochemical profiling screens to provide
an early understanding of the key properties that affect
ADME characteristics [1]. Although most of the experi-
mental pKa values have been determined in water, nowa-
days pKa values of different types of organic and inorganic
compounds in several solvents are known, as a conse-
quence of the growing use of non-aqueous solvents in or-
ganic synthesis as well as in inorganic and organometallic
chemistry. A precise knowledge about the acidity and ba-
sicity of molecular compounds in organic solvents is of cru-
cial significance for the understanding of mechanisms in a
wide variety of chemical reactions and synthetic processes;
moreover, these properties also play a fundamental role in

many analytical procedures such as acid – base titrations,
solvent extraction, complex formation, and ion transport.
Thanks to the development of computational chemistry,
the acidity and basicity of chemical compounds in the gas
phase can now be calculated with equivalent or greater ac-
curacy than that obtained experimentally. However, the
situation is less satisfactory in solution, since it is not easy
to describe the solvation effects that exert profound influ-
ence on proton transfer processes. Using dielectric contin-
uum methods, however, it is possible to calculate the acidi-
ty of various organic molecules in water, with a precision
of about 0.5 – 2.2 pKa units [2]. Recently, these methods
have been applied with good results to several organic
acids in Acetonitrile (AN) [3] and in dimethylsulfoxide
(DMSO) [2 – 4], demonstrating the increasing interest in
the chemistry of non-aqueous solvents. The Quantitative
Structure – Property Relationship (QSPR) approach is a
widely used method to predict different physical and
chemical properties of chemical compounds, from numeri-
cal descriptors which are derived from the molecular struc-
ture. Several studies are known on the estimation of pKa

of different types of organic compounds in aqueous solu-
tion; thus, recently pKa values for carboxylic acids and al-
cohols have been predicted with empirical atomic charge
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descriptors [5]. Regarding benzoic acids, a three-term
equation obtained by multiple linear regression, has been
derived from a set of 31 benzoic acids and a correlation co-
efficient (R2) of 0.85 was obtained [6]. Another QSPR
study on a set of 99 benzoic acids has been published; the
model contains four quantum mechanical descriptors and
gives an R2 of 0.66 and a standard deviation of 0.57 [7]. In
non-aqueous solutions, other approaches have been ap-
plied; thus, a comparative study of Hammett – Taft and
Drago models for the prediction of pKa of benzoic acids,
carboxylic acids, phenols, and protonated amines, in meth-
anol has been published [8]. On the other hand, Pytela and
coworkers in a series of papers, have developed the AISE
theory (Alternative Interpretation of Substituent Effects)
and applied it to the analysis of pKa values of benzoic acids
in different solvents [9], through a detailed study on the ef-
fect of the nature and position of the substituents in the ar-
omatic ring on the pKa values. In nearly all the cases re-
ported, the QSPR approach has been applied to the pre-
diction of physical and chemical properties that depend
only on the chemical nature of the set of compounds ana-
lyzed and not on the characteristics of other components,
such as the solvent. Thus, the references given above on
the pKa prediction of acids only consider water as solvent.
In contrast, studies reported on more complex systems in
which the property is determined by varying the solvents
or the physical conditions are extremely scarce. In these
cases, descriptors of the different elements of the system
must be used simultaneously and, due to the fact that the
feature usually depends nonlinearly on all of these condi-
tions, it is convenient to use Computational Neural Net-
works (CNNs) in the derivation of the QSPR model. Tem-
perature is, in general, the additional descriptor used in
the prediction of several temperature dependent physical
properties, such as vapor pressure, viscosity, and density of
organic compounds [10 – 12]. On the other hand, another
study on the kinetics of the acid hydrolysis of carboxylic
acid esters at various temperatures and in different sol-
vents has also been reported [13].

In a previous paper, we applied the QSPR approach to
a complex multicomponent system, in order to predict the
pKa values of a set of phenols in ten solvents. Using de-
scriptors of the solutes and the solvents simultaneously, we
proposed a seven-descriptor model, CNN derived, which
gave good correlation coefficients (R2�0.98), and Root-
Mean Square Errors (RMSEs) lower than one unit of pKa

(�0.8) [14]. Now, we report here the results obtained in
the prediction of pKa values of a wide set of benzoic acids
determined in water and in eight organic solvents (set A),
using descriptors of the two components. The derived
model is also able to estimate the pKa values of a larger set
containing both types of neutral aromatic acids: benzoic
acids and phenols (set B).

2 Data and Computational Methods

2.1 Data Set

The data set A was comprised of 519 pKa values, corre-
sponding to 136 benzoic acids in nine solvents, four protic:
isopropanol, ethanol, methanol, and water, and five aprot-
ic: N,N-dimethylacetamide (DMA), N,N-dimethylforma-
mide (DMF), acetone, AN, and DMSO. The experimental
pKa values have been taken mainly from the series of pa-
pers by Pytela et al. [15 – 20], Bosch and coworkers [21,
22], the Izutsku compilation [23], Kolthoff and coworkers
[24, 25], and others [7, 26]. The 136 benzoic acids contain
different substituents in the aromatic ring, and besides the
benzoic acid itself there are 49 mono-, 68 di-, 14 tri-, 3 tet-
ra-, and 1 penta-substituted compounds. Twenty-four types
of substituents with very different electronic and steric ef-
fects, such as halogens, alkyl, alkoxy, hydroxy, nitro, amino,
cyano, acetamido, etc. are present in ortho-, meta-, and
para-positions of the aromatic ring. Two hundred eighty-
one values belong to acids with only substituents in para-
and/or meta-positions, and the remaining 238 values corre-
spond to ortho-substituted benzoic acids. The number of
solutes in each solvent is: methanol (107), water (105),
DMSO (84), AN (63), DMF (58), acetone (55), ethanol
(23), isopropanol (18), and DMA (6). Thus, to sum up,
there are 253 values in protic solvents and 266 in aprotic
ones. The pKa values ranged from 0.65 for the 2,4,6-trini-
trobenzoic acid in water to 21.29 for 3-methyl-4-methoxy-
benzoic acid in AN, with a mean value of 10.41. The full
data set of 519 values was divided randomly in three sub-
sets: the training set consists of 379 values (72%), the pre-
diction set is composed of other 98 values (19%), and the
cross-validation set contains the remaining 42 pKa values
(9%). The random selection was done to ensure that the
prediction and the cross-validation sets contain values in
all the solvents studied and with all the types of the sub-
stituents. The training set is used exclusively to derive the
model. The prediction set, formed by pKa values that were
not included in the model development, is used to probe
the predictive ability of the model. The third set, the cross-
validation set, is used to determine when to stop training
the neural network, in order to prevent its overtraining
and to ensure that the network would have good and gen-
eral predictive capacity. Table 1 contains all the experi-
mental and calculated pKa values.

2.2 Solute Descriptors

The generation of the structural descriptors of the benzoic
acids was performed with the CODESSA program [27].
The structures of the compounds were drawn with Hyper-
Chem Lite and the geometries were fully optimized, with-
out symmetry restrictions, using the semi-empirical meth-
od AM1 [28] implemented in the MOPAC 6.0 program
[29]. In all cases, frequency calculations were performed in
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Table 1. Experimental and calculated pKa for the training, prediction, and cross-validation sets.

No. Seta Compound Solvent Experimental Calculated

1 c 2,3,4,5,6-Pentamethylbenzoic acid DMSO 11.31 11.08
2 t 2,3,4,5,6-Pentamethylbenzoic acid MeOH 8.66 8.25
3 p 2,3,4,5-Tetramethylbenzoic acid DMSO 11.58 11.71
4 t 2,3,4,5-Tetramethylbenzoic acid MeOH 9.24 9.38
5 t 2,3,4,6-Tetramethylbenzoic acid DMSO 11.17 11.12
6 t 2,3,4,6-Tetramethylbenzoic acid MeOH 8.61 8.71
7 t 2,3,4-Trimethylbenzoic acid DMSO 11.26 11.15
8 c 2,3,4-Trimethylbenzoic acid MeOH 9.19 8.97
9 t 2,3,5,6-Tetramethylbenzoic acid DMSO 10.89 11.22

10 t 2,3,5,6-Tetramethylbenzoic acid MeOH 8.51 8.57
11 t 2,3,5-Trimethylbenzoic acid DMSO 11.24 11.69
12 p 2,3,5-Trimethylbenzoic acid MeOH 9.05 9.50
13 t 2,3,6-Trichlorobenzoic acid Water 1.50 1.44
14 t 2,3,6-Trimethylbenzoic acid DMSO 11.07 11.03
15 t 2,3,6-Trimethylbenzoic acid MeOH 8.42 8.55
16 c 2,3-Dihydroxybenzoic acid Water 2.91 2.81
17 t 2,3-Dimethoxybenzoic acid Water 3.98 4.00
18 t 2,3-Dimethylbenzoic acid DMSO 11.09 11.51
19 t 2,3-Dimethylbenzoic acid Water 3.74 4.33
20 t 2,3-Dimethylbenzoic acid MeOH 8.98 9.48
21 t 2,4,5-Trimethylbenzoic acid DMSO 11.58 11.89
22 t 2,4,5-Trimethylbenzoic acid MeOH 9.60 9.75
23 t 2,4,6-Trimethylbenzoic acid AN 20.55 20.33
24 t 2,4,6-Trimethylbenzoic acid DMSO 10.88 10.77
25 t 2,4,6-Trimethylbenzoic acid Water 3.45 3.52
26 t 2,4,6-Trimethylbenzoic acid MeOH 8.57 8.57
27 t 2,4,6-Trinitrobenzoic acid Water 0.65 0.88
28 p 2,4-Dichlorobenzoic acid AN 18.40 18.82
29 t 2,4-Dichlorobenzoic acid DMSO 9.12 9.06
30 p 2,4-Dichlorobenzoic acid Water 2.76 2.63
31 t 2,4-Dichlorobenzoic acid MeOH 7.80 7.81
32 t 2,4-Dimethoxybenzoic acid Water 4.36 4.22
33 t 2,4-Dimethylbenzoic acid DMSO 11.42 11.49
34 c 2,4-Dimethylbenzoic acid Water 4.22 4.35
35 p 2,4-Dimethylbenzoic acid MeOH 9.50 9.53
36 t 2,4-Dinitrobenzoic acid Water 1.43 1.81
37 t 2,4-Dinitrobenzoic acid MeOH 6.45 6.81
38 p 2,5-Dichlorobenzoic acid Water 2.47 2.42
39 t 2,5-Dihydroxybenzoic acid Water 2.95 2.77
40 t 2,5-Dihydroxybenzoic acid MeOH 8.04 7.95
41 p 2,5-Dimethylbenzoic acid DMSO 11.36 11.43
42 t 2,5-Dimethylbenzoic acid Water 3.98 4.29
43 p 2,5-Dimethylbenzoic acid MeOH 9.29 9.45
44 t 2,6-Dibromobenzoic acid Isopropanol 8.61 8.68
45 t 2,6-Dibromobenzoic acid Acetone 15.89 15.83
46 c 2,6-Dibromobenzoic acid AN 18.04 17.90
47 p 2,6-Dibromobenzoic acid DMF 9.72 9.75
48 t 2,6-Dibromobenzoic acid DMSO 8.61 8.37
49 c 2,6-Dibromobenzoic acid EtOH 7.93 8.00
50 t 2,6-Dibromobenzoic acid MeOH 7.14 7.27
51 t 2,6-Dibutoxybenzoic acid Isopropanol 11.48 11.28
52 t 2,6-Dibutoxybenzoic acid Acetone 19.00 18.89
53 t 2,6-Dibutoxybenzoic acid AN 21.13 21.10
54 t 2,6-Dibutoxybenzoic acid DMF 12.90 12.90
55 t 2,6-Dibutoxybenzoic acid DMSO 11.45 11.38
56 t 2,6-Dibutoxybenzoic acid EtOH 10.19 10.28
57 t 2,6-Dibutoxybenzoic acid Water 3.60 3.69
58 t 2,6-Dibutoxybenzoic acid MeOH 9.13 9.12
59 p 2,6-Dichlorobenzoic acid Isopropanol 8.71 8.60
60 c 2,6-Dichlorobenzoic acid Acetone 15.68 15.99
61 t 2,6-Dichlorobenzoic acid AN 18.16 18.16
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Table 1. (cont.)

No. Seta Compound Solvent Experimental Calculated

62 t 2,6-Dichlorobenzoic acid DMF 9.71 9.81
63 t 2,6-Dichlorobenzoic acid DMSO 8.31 8.45
64 t 2,6-Dichlorobenzoic acid EtOH 8.03 7.90
65 t 2,6-Dichlorobenzoic acid Water 1.82 1.67
66 t 2,6-Dichlorobenzoic acid MeOH 7.26 7.18
67 t 2,6-Diethoxybenzoic acid Isopropanol 11.09 11.10
68 p 2,6-Diethoxybenzoic acid Acetone 18.88 18.73
69 t 2,6-Diethoxybenzoic acid AN 20.97 20.93
70 t 2,6-Diethoxybenzoic acid DMF 12.97 13.00
71 c 2,6-Diethoxybenzoic acid DMSO 11.38 11.46
72 p 2,6-Diethoxybenzoic acid EtOH 10.03 10.05
73 c 2,6-Diethoxybenzoic acid MeOH 9.05 8.91
74 t 2,6-Difluorobenzoic acid Isopropanol 8.93 8.98
75 t 2,6-Difluorobenzoic acid Acetone 16.03 15.96
76 t 2,6-Difluorobenzoic acid AN 18.30 18.24
77 t 2,6-Difluorobenzoic acid DMF 9.91 9.93
78 t 2,6-Difluorobenzoic acid DMSO 8.59 8.57
79 t 2,6-Difluorobenzoic acid EtOH 8.22 8.24
80 t 2,6-Difluorobenzoic acid MeOH 7.39 7.45
81 p 2,6-Dihydroxybenzoic acid Water 1.22 1.43
82 c 2,6-Diiodobenzoic acid Isopropanol 9.18 8.79
83 t 2,6-Diiodobenzoic acid Acetone 16.34 16.44
84 t 2,6-Diiodobenzoic acid AN 18.27 18.27
85 p 2,6-Diiodobenzoic acid DMF 10.13 10.47
86 p 2,6-Diiodobenzoic acid DMSO 8.75 8.85
87 t 2,6-Diiodobenzoic acid EtOH 8.22 8.12
88 p 2,6-Diiodobenzoic acid MeOH 7.29 7.42
89 t 2,6-Diisopropoxybenzoic acid Isopropanol 11.61 11.46
90 t 2,6-Diisopropoxybenzoic acid Acetone 19.06 19.20
91 t 2,6-Diisopropoxybenzoic acid AN 21.17 21.23
92 t 2,6-Diisopropoxybenzoic acid DMF 12.95 13.37
93 p 2,6-Diisopropoxybenzoic acid DMSO 11.50 11.80
94 t 2,6-Diisopropoxybenzoic acid EtOH 10.34 10.34
95 t 2,6-Diisopropoxybenzoic acid MeOH 9.13 9.08
96 p 2,6-Dimethoxybenzoic acid Isopropanol 10.81 11.08
97 t 2,6-Dimethoxybenzoic acid Acetone 18.65 18.49
98 p 2,6-Dimethoxybenzoic acid AN 20.87 20.73
99 c 2,6-Dimethoxybenzoic acid DMF 12.72 12.79

100 t 2,6-Dimethoxybenzoic acid DMSO 11.29 11.23
101 t 2,6-Dimethoxybenzoic acid EtOH 9.84 10.09
102 t 2,6-Dimethoxybenzoic acid Water 3.44 3.56
103 p 2,6-Dimethoxybenzoic acid MeOH 8.57 8.99
104 t 2,6-Dimethylbenzoic acid Isopropanol 10.32 10.50
105 t 2,6-Dimethylbenzoic acid Acetone 17.74 17.99
106 t 2,6-Dimethylbenzoic acid AN 20.31 20.59
107 t 2,6-Dimethylbenzoic acid DMF 11.96 12.01
108 t 2,6-Dimethylbenzoic acid DMSO 10.68 10.94
109 t 2,6-Dimethylbenzoic acid EtOH 9.42 9.66
110 t 2,6-Dimethylbenzoic acid Water 3.25 3.80
111 t 2,6-Dimethylbenzoic acid MeOH 8.57 8.78
112 t 2,6-Dinitrobenzoic acid Isopropanol 7.59 7.34
113 t 2,6-Dinitrobenzoic acid Acetone 14.28 14.37
114 t 2,6-Dinitrobenzoic acid AN 16.67 16.63
115 t 2,6-Dinitrobenzoic acid DMF 8.26 8.33
116 t 2,6-Dinitrobenzoic acid DMSO 6.72 6.89
117 p 2,6-Dinitrobenzoic acid EtOH 7.15 6.84
118 t 2,6-Dinitrobenzoic acid water 1.14 1.07
119 t 2,6-Dinitrobenzoic acid MeOH 6.49 6.37
120 t 2,6-Dipropoxybenzoic acid Isopropanol 11.43 11.47
121 t 2,6-Dipropoxybenzoic acid Acetone 18.98 18.77
122 t 2,6-Dipropoxybenzoic acid AN 21.08 20.91
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Table 1. (cont.)

No. Seta Compound Solvent Experimental Calculated

123 p 2,6-Dipropoxybenzoic acid DMF 12.92 12.99
124 t 2,6-Dipropoxybenzoic acid DMSO 11.52 11.50
125 t 2,6-Dipropoxybenzoic acid EtOH 10.19 10.34
126 t 2,6-Dipropoxybenzoic acid MeOH 9.19 9.02
127 t 2-Acetamidobenzoic acid Water 3.67 3.75
128 t 2-Acetylbenzoic acid Acetone 17.67 17.41
129 t 2-Acetylbenzoic acid AN 20.51 20.10
130 t 2-Acetylbenzoic acid DMF 11.68 11.49
131 t 2-Acetylbenzoic acid EtOH 10.07 9.73
132 t 2-Acetylbenzoic acid Water 4.13 3.83
133 t 2-Acetylbenzoic acid MeOH 9.28 8.84
134 t 2-Aminobenzoic acid Water 4.87 4.41
135 p 2-Bromobenzoic acid DMSO 9.57 9.24
136 t 2-Bromobenzoic acid EtOH 8.98 9.03
137 p 2-Bromobenzoic acid Water 2.85 2.85
138 p 2-Bromobenzoic acid MeOH 8.19 8.12
139 p 2-Chloro-3-nitrobenzoic acid Water 2.02 1.84
140 t 2-Chloro-4-nitrobenzoic acid DMSO 7.96 7.85
141 t 2-Chloro-4-nitrobenzoic acid Water 1.92 2.14
142 t 2-Chloro-4-nitrobenzoic acid MeOH 7.12 7.21
143 p 2-Chloro-5-nitrobenzoic acid DMSO 7.95 7.92
144 t 2-Chloro-5-nitrobenzoic acid Water 2.17 2.24
145 c 2-Chloro-6-methylbenzoic acid Water 2.75 2.98
146 p 2-Chloro-6-nitrobenzoic acid Acetone 15.12 15.27
147 t 2-Chloro-6-nitrobenzoic acid AN 17.53 17.67
148 t 2-Chloro-6-nitrobenzoic acid DMF 9.14 9.03
149 t 2-Chloro-6-nitrobenzoic acid DMSO 7.66 7.66
150 t 2-Chloro-6-nitrobenzoic acid Water 1.34 1.70
151 t 2-Chloro-6-nitrobenzoic acid MeOH 6.86 6.90
152 p 2-Chlorobenzoic acid AN 19.00 19.17
153 t 2-Chlorobenzoic acid DMA 9.60 9.51
154 t 2-Chlorobenzoic acid DMSO 9.16 9.51
155 c 2-Chlorobenzoic acid EtOH 9.08 9.21
156 t 2-Chlorobenzoic acid Water 2.92 3.06
157 t 2-Chlorobenzoic acid MeOH 8.31 8.23
158 p 2-Cyanobenzoic acid Acetone 16.65 16.72
159 c 2-Cyanobenzoic acid AN 19.07 19.02
160 p 2-Cyanobenzoic acid DMF 10.37 10.75
161 p 2-Cyanobenzoic acid Water 3.08 2.99
162 t 2-Cyanobenzoic acid MeOH 8.15 8.09
163 t 2-Fluorobenzoic acid EtOH 9.52 9.35
164 t 2-Fluorobenzoic acid Water 3.57 3.36
165 t 2-Fluorobenzoic acid MeOH 8.41 8.51
166 t 2-Formylbenzoic acid Acetone 17.39 17.41
167 t 2-Formylbenzoic acid AN 20.38 20.48
168 t 2-Formylbenzoic acid DMF 11.21 11.11
169 t 2-Formylbenzoic acid Water 4.55 4.05
170 t 2-Formylbenzoic acid MeOH 9.19 8.91
171 t 2-Hydroxy-3,5-dinitrobenzoic acid MeOH 5.88 6.03
172 c 2-Hydroxy-5-bromobenzoic acid Water 2.54 2.58
173 p 2-Hydroxy-5-bromobenzoic acid MeOH 7.76 7.70
174 t 2-Hydroxy-5-chlorobenzoic acid Water 2.59 2.64
175 c 2-Hydroxy-5-chlorobenzoic acid MeOH 7.81 7.80
176 p 2-Hydroxy-5-fluorobenzoic acid Water 2.70 2.62
177 t 2-Hydroxy-5-fluorobenzoic acid MeOH 7.91 7.89
178 p 2-Hydroxy-5-iodobenzoic acid Water 2.62 2.64
179 t 2-Hydroxy-5-nitrobenzoic acid Water 2.05 1.94
180 t 2-Hydroxy-5-nitrobenzoic acid MeOH 7.25 7.04
181 t 2-Hydroxybenzoic acid EtOH 8.45 8.50
182 t 2-Hydroxybenzoic acid Water 2.77 2.88
183 t 2-Hydroxybenzoic acid MeOH 7.92 8.03
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No. Seta Compound Solvent Experimental Calculated

184 p 2-Iodobenzoic acid DMSO 9.90 9.54
185 t 2-Iodobenzoic acid EtOH 9.09 8.99
186 t 2-Iodobenzoic acid Water 2.96 2.86
187 p 2-Iodobenzoic acid MeOH 8.24 8.10
188 t 2-Methoxy-6-chlorobenzoic acid Acetone 17.24 17.30
189 t 2-Methoxy-6-chlorobenzoic acid AN 19.33 19.50
190 t 2-Methoxy-6-chlorobenzoic acid DMF 11.24 11.35
191 t 2-Methoxy-6-chlorobenzoic acid DMSO 9.76 9.96
192 t 2-Methoxy-6-chlorobenzoic acid MeOH 8.06 8.11
193 t 2-Methoxy-6-nitrobenzoic acid Acetone 16.65 16.72
194 t 2-Methoxy-6-nitrobenzoic acid AN 18.98 18.87
195 t 2-Methoxy-6-nitrobenzoic acid DMF 10.65 10.49
196 t 2-Methoxy-6-nitrobenzoic acid DMSO 9.16 8.85
197 t 2-Methoxy-6-nitrobenzoic acid MeOH 7.65 7.60
198 p 2-Methoxybenzoic acid EtOH 10.21 9.79
199 p 2-Methoxybenzoic acid Water 4.09 3.86
200 t 2-Methoxybenzoic acid MeOH 9.26 9.13
201 p 2-Methyl-6-chlorobenzoic acid Acetone 16.74 16.60
202 t 2-Methyl-6-chlorobenzoic acid AN 19.17 19.11
203 t 2-Methyl-6-chlorobenzoic acid DMF 10.89 10.63
204 c 2-Methyl-6-chlorobenzoic acid DMSO 9.48 9.49
205 t 2-Methyl-6-chlorobenzoic acid Water 2.75 2.71
206 t 2-Methyl-6-chlorobenzoic acid MeOH 7.91 7.99
207 p 2-Methyl-6-methoxybenzoic acid Acetone 18.24 18.24
208 t 2-Methyl-6-methoxybenzoic acid AN 20.52 20.65
209 t 2-Methyl-6-methoxybenzoic acid DMF 12.34 12.20
210 p 2-Methyl-6-methoxybenzoic acid DMSO 10.95 10.71
211 t 2-Methyl-6-methoxybenzoic acid Water 3.46 3.98
212 t 2-Methyl-6-methoxybenzoic acid MeOH 8.70 9.21
213 c 2-Methyl-6-nitrobenzoic acid Acetone 16.13 16.16
214 t 2-Methyl-6-nitrobenzoic acid AN 18.63 18.64
215 p 2-Methyl-6-nitrobenzoic acid DMF 10.13 10.01
216 t 2-Methyl-6-nitrobenzoic acid DMSO 8.85 8.63
217 t 2-Methyl-6-nitrobenzoic acid Water 2.21 2.50
218 p 2-Methyl-6-nitrobenzoic acid MeOH 7.56 7.59
219 t 2-Methylbenzoic acid DMSO 11.07 11.15
220 t 2-Methylbenzoic acid EtOH 10.23 10.18
221 t 2-Methylbenzoic acid Water 3.91 4.24
222 c 2-Methylbenzoic acid MeOH 9.31 9.40
223 t 2-Methylesterbenzoic acid Acetone 17.34 17.53
224 p 2-Methylesterbenzoic acid AN 19.78 19.99
225 t 2-Methylesterbenzoic acid DMF 11.33 11.60
226 c 2-Methylesterbenzoic acid Water 3.18 3.62
227 t 2-Methylesterbenzoic acid MeOH 8.47 8.55
228 t 2-Nitrobenzoic acid Acetone 15.98 15.64
229 t 2-Nitrobenzoic acid AN 18.54 18.21
230 c 2-Nitrobenzoic acid DMF 9.96 9.46
231 p 2-Nitrobenzoic acid DMSO 8.18 8.09
232 p 2-Nitrobenzoic acid EtOH 8.27 8.23
233 t 2-Nitrobenzoic acid Water 2.19 2.38
234 t 2-Nitrobenzoic acid MeOH 7.59 7.44
235 t 3,4,5-Trihydoxybenzoic acid Water 4.21 4.00
236 t 3,4,5-Trimethoxybenzoic acid DMSO 10.30 10.37
237 t 3,4,5-Trimethylbenzoic acid DMSO 11.54 11.49
238 t 3,4,5-Trimethylbenzoic acid MeOH 9.66 9.57
239 t 3,4-Dichlorobenzoic acid Isopropanol 9.80 10.14
240 p 3,4-Dichlorobenzoic acid Acetone 16.70 16.76
241 t 3,4-Dichlorobenzoic acid AN 19.42 19.47
242 t 3,4-Dichlorobenzoic acid DMF 10.79 10.84
243 t 3,4-Dichlorobenzoic acid DMSO 9.60 9.51
244 t 3,4-Dichlorobenzoic acid Water 3.64 3.56
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245 t 3,4-Dichlorobenzoic acid MeOH 8.64 8.60
246 t 3,4-Dihydroxybenzoic acid Water 4.48 4.18
247 t 3,4-Dimethoxybenzoic acid Acetone 18.59 18.61
248 t 3,4-Dimethoxybenzoic acid AN 20.95 20.95
249 t 3,4-Dimethoxybenzoic acid DMF 12.65 12.41
250 t 3,4-Dimethoxybenzoic acid DMSO 11.40 11.18
251 p 3,4-Dimethoxybenzoic acid Water 4.44 4.43
252 t 3,4-Dimethoxybenzoic acid MeOH 9.54 9.60
253 t 3,4-Dimethylbenzoic acid Isopropanol 11.60 11.11
254 t 3,4-Dimethylbenzoic acid Acetone 18.71 18.61
255 t 3,4-Dimethylbenzoic acid AN 21.05 20.89
256 t 3,4-Dimethylbenzoic acid DMF 12.70 12.64
257 p 3,4-Dimethylbenzoic acid DMSO 11.46 11.33
258 t 3,4-Dimethylbenzoic acid Water 4.40 4.37
259 t 3,4-Dimethylbenzoic acid MeOH 9.63 9.55
260 t 3,4-Dinitrobenzoic acid Acetone 15.07 15.00
261 p 3,4-Dinitrobenzoic acid AN 17.50 17.37
262 t 3,4-Dinitrobenzoic acid DMF 9.07 9.09
263 t 3,4-Dinitrobenzoic acid DMSO 7.88 7.77
264 t 3,4-Dinitrobenzoic acid Water 2.82 2.57
265 t 3,4-Dinitrobenzoic acid MeOH 7.44 7.64
266 t 3,5-Dibromobenzoic acid Acetone 16.23 16.47
267 c 3,5-Dibromobenzoic acid AN 18.86 19.22
268 p 3,5-Dibromobenzoic acid DMF 10.11 10.54
269 t 3,5-Dibromobenzoic acid DMSO 8.88 9.21
270 t 3,5-Dibromobenzoic acid MeOH 8.29 8.47
271 t 3,5-Dichlorobenzoic acid AN 18.75 19.12
272 t 3,5-Dichlorobenzoic acid DMF 10.43 10.39
273 t 3,5-Dichlorobenzoic acid DMSO 8.81 9.10
274 t 3,5-Dichlorobenzoic acid Water 3.10 3.29
275 t 3,5-Dichlorobenzoic acid MeOH 8.26 8.32
276 t 3,5-Dihydroxybenzoic acid Water 4.04 3.98
277 t 3,5-Dimethoxybenzoic acid Acetone 18.02 18.05
278 t 3,5-Dimethoxybenzoic acid AN 20.39 20.59
279 t 3,5-Dimethoxybenzoic acid DMF 12.04 11.92
280 t 3,5-Dimethoxybenzoic acid DMSO 10.71 10.73
281 t 3,5-Dimethoxybenzoic acid Water 3.97 4.17
282 t 3,5-Dimethoxybenzoic acid MeOH 9.27 9.29
283 t 3,5-Dimethylbenzoic acid Acetone 18.54 18.60
284 p 3,5-Dimethylbenzoic acid AN 20.95 20.90
285 t 3,5-Dimethylbenzoic acid DMF 12.57 12.62
286 c 3,5-Dimethylbenzoic acid DMSO 11.29 11.34
287 p 3,5-Dimethylbenzoic acid Water 4.30 4.32
288 c 3,5-Dimethylbenzoic acid MeOH 9.59 9.46
289 t 3,5-Dinitrobenzoic acid Isopropanol 8.30 8.50
290 p 3,5-Dinitrobenzoic acid Acetone 14.87 15.14
291 t 3,5-Dinitrobenzoic acid AN 17.36 17.42
292 t 3,5-Dinitrobenzoic acid DMF 8.76 9.10
293 t 3,5-Dinitrobenzoic acid DMSO 7.38 7.67
294 t 3,5-Dinitrobenzoic acid Water 2.67 2.37
295 t 3,5-Dinitrobenzoic acid MeOH 7.64 7.39
296 c 3,6-Dichloro-2-methoxybenzoic acid Water 1.97 2.09
297 t 3-Acetamidobenzoic acid Water 4.06 4.17
298 t 3-Acetamidobenzoic acid MeOH 9.25 9.28
299 t 3-Acetylbenzoic acid DMSO 10.22 10.50
300 t 3-Acetylbenzoic acid Water 3.83 4.07
301 t 3-Acetylbenzoic acid MeOH 8.87 9.25
302 t 3-Amino-2,5-dichlorobenzoic acid Water 3.40 2.82
303 t 3-Aminobenzoic acid DMSO 11.60 11.08
304 t 3-Aminobenzoic acid Water 4.74 4.25
305 t 3-Bromo-4-methoxybenzoic acid Acetone 17.82 17.93
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306 p 3-Bromo-4-methoxybenzoic acid AN 20.38 20.42
307 c 3-Bromo-4-methoxybenzoic acid DMF 11.83 11.98
308 t 3-Bromo-4-methoxybenzoic acid DMSO 10.61 10.63
309 t 3-Bromo-4-methoxybenzoic acid MeOH 9.27 9.34
310 c 3-Bromo-4-methylbenzoic acid Acetone 17.59 17.51
311 t 3-Bromo-4-methylbenzoic acid AN 20.03 20.11
312 t 3-Bromo-4-methylbenzoic acid DMF 11.49 11.62
313 c 3-Bromo-4-methylbenzoic acid DMSO 10.30 10.29
314 t 3-Bromo-4-methylbenzoic acid Water 3.29 3.64
315 p 3-Bromo-4-methylbenzoic acid MeOH 9.06 9.10
316 t 3-Bromobenzoic acid Isopropanol 10.11 10.26
317 t 3-Bromobenzoic acid AN 19.50 19.76
318 t 3-Bromobenzoic acid DMF 11.20 11.16
319 t 3-Bromobenzoic acid DMSO 9.68 9.84
320 t 3-Bromobenzoic acid EtOH 9.40 9.65
321 c 3-Bromobenzoic acid Water 3.81 3.78
322 t 3-Bromobenzoic acid MeOH 8.80 8.89
323 t 3-Chloro-4-nitrobenzoic acid Acetone 15.78 15.98
324 p 3-Chloro-4-nitrobenzoic acid AN 18.28 18.52
325 t 3-Chloro-4-nitrobenzoic acid DMF 10.07 9.99
326 t 3-Chloro-4-nitrobenzoic acid DMSO 8.61 8.65
327 t 3-Chloro-4-nitrobenzoic acid MeOH 8.09 7.91
328 t 3-Chloro-5-nitrobenzoic acid Acetone 15.57 15.77
329 t 3-Chloro-5-nitrobenzoic acid AN 17.98 18.30
330 t 3-Chloro-5-nitrobenzoic acid DMF 9.60 9.68
331 t 3-Chloro-5-nitrobenzoic acid DMSO 8.37 8.30
332 t 3-Chloro-5-nitrobenzoic acid Water 3.13 2.66
333 t 3-Chloro-5-nitrobenzoic acid MeOH 8.03 7.67
334 p 3-Chlorobenzoic acid DMA 9.80 10.05
335 p 3-Chlorobenzoic acid DMF 10.95 11.39
336 p 3-Chlorobenzoic acid DMSO 9.51 10.05
337 t 3-Chlorobenzoic acid Water 3.80 3.90
338 p 3-Chlorobenzoic acid MeOH 8.83 8.99
339 t 3-Cyanobenzoic acid DMSO 9.44 9.69
340 t 3-Cyanobenzoic acid Water 3.60 3.64
341 t 3-Cyanobenzoic acid MeOH 8.53 8.75
342 p 3-Fluorobenzoic acid Water 3.88 3.71
343 t 3-Fluorobenzoic acid MeOH 8.87 8.74
344 t 3-Formylbenzoic acid Water 3.84 3.97
345 t 3-Hydroxybenzoic acid DMA 10.75 10.45
346 t 3-Hydroxybenzoic acid Water 4.03 3.97
347 p 3-Hydroxybenzoic acid MeOH 9.58 9.04
348 t 3-Iodobenzoic acid DMSO 10.16 9.96
349 t 3-Iodobenzoic acid Water 3.82 3.86
350 t 3-Iodobenzoic acid MeOH 8.89 9.02
351 t 3-Methoxy-4-chlorobenzoic acid Acetone 17.39 17.32
352 t 3-Methoxy-4-chlorobenzoic acid AN 20.02 19.97
353 t 3-Methoxy-4-chlorobenzoic acid DMF 11.58 11.42
354 p 3-Methoxy-4-chlorobenzoic acid DMSO 10.39 10.22
355 p 3-Methoxy-4-chlorobenzoic acid MeOH 8.98 8.88
356 p 3-Methoxy-4-methylbenzoic acid Acetone 18.32 18.27
357 t 3-Methoxy-4-methylbenzoic acid AN 20.76 20.69
358 t 3-Methoxy-4-methylbenzoic acid DMF 12.39 12.30
359 t 3-Methoxy-4-methylbenzoic acid DMSO 11.06 11.10
360 t 3-Methoxy-4-methylbenzoic acid Water 4.13 4.23
361 c 3-Methoxy-4-methylbenzoic acid MeOH 9.49 9.34
362 t 3-Methoxy-4-nitrobenzoic acid Acetone 16.21 16.57
363 t 3-Methoxy-4-nitrobenzoic acid AN 18.77 19.35
364 t 3-Methoxy-4-nitrobenzoic acid DMF 10.33 10.80
365 t 3-Methoxy-4-nitrobenzoic acid DMSO 9.22 9.58
366 t 3-Methoxy-4-nitrobenzoic acid MeOH 9.28 9.33
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367 t 3-Methoxy-5-bromobenzoic acid Acetone 17.03 17.25
368 p 3-Methoxy-5-bromobenzoic acid AN 19.73 19.85
369 t 3-Methoxy-5-bromobenzoic acid DMF 11.28 11.32
370 t 3-Methoxy-5-bromobenzoic acid DMSO 9.79 10.03
371 t 3-Methoxy-5-bromobenzoic acid MeOH 8.79 8.80
372 t 3-Methoxy-5-nitrobenzoic acid Acetone 16.31 16.03
373 c 3-Methoxy-5-nitrobenzoic acid AN 18.72 18.71
374 p 3-Methoxy-5-nitrobenzoic acid DMF 10.37 10.17
375 p 3-Methoxy-5-nitrobenzoic acid DMSO 9.01 8.90
376 t 3-Methoxy-5-nitrobenzoic acid MeOH 8.40 8.57
377 t 3-Methoxybenzoic acid DMSO 11.10 10.72
378 t 3-Methoxybenzoic acid Water 4.12 4.06
379 t 3-Methoxybenzoic acid MeOH 9.30 9.16
380 p 3-Methyl-4-chlorobenzoic acid Acetone 17.59 17.55
381 t 3-Methyl-4-chlorobenzoic acid AN 20.27 20.14
382 c 3-Methyl-4-chlorobenzoic acid DMF 11.70 11.67
383 t 3-Methyl-4-chlorobenzoic acid DMSO 10.54 10.39
384 t 3-Methyl-4-chlorobenzoic acid Water 4.07 3.95
385 p 3-Methyl-4-chlorobenzoic acid MeOH 9.12 9.07
386 t 3-Methyl-4-methoxybenzoic acid Acetone 19.01 18.90
387 t 3-Methyl-4-methoxybenzoic acid AN 21.29 21.09
388 t 3-Methyl-4-methoxybenzoic acid DMF 12.84 12.87
389 t 3-Methyl-4-methoxybenzoic acid DMSO 11.71 11.59
390 p 3-Methyl-4-methoxybenzoic acid Water 4.35 4.47
391 t 3-Methyl-4-methoxybenzoic acid MeOH 9.81 9.69
392 t 3-Methyl-4-nitrobenzoic acid Acetone 16.55 16.38
393 t 3-Methyl-4-nitrobenzoic acid AN 19.21 18.97
394 t 3-Methyl-4-nitrobenzoic acid DMF 11.03 10.55
395 t 3-Methyl-4-nitrobenzoic acid DMSO 9.48 9.29
396 c 3-Methyl-4-nitrobenzoic acid Water 3.65 3.31
397 t 3-Methyl-4-nitrobenzoic acid MeOH 8.54 8.40
398 t 3-Methyl-5-chlorobenzoic acid Acetone 17.40 17.40
399 p 3-Methyl-5-chlorobenzoic acid AN 19.85 19.99
400 t 3-Methyl-5-chlorobenzoic acid DMF 11.35 11.50
401 t 3-Methyl-5-chlorobenzoic acid DMSO 10.04 10.18
402 t 3-Methyl-5-chlorobenzoic acid MeOH 8.94 8.95
403 t 3-Methyl-5-methoxybenzoic acid Acetone 18.26 18.26
404 t 3-Methyl-5-methoxybenzoic acid AN 20.66 20.71
405 p 3-Methyl-5-methoxybenzoic acid DMF 12.32 12.26
406 t 3-Methyl-5-methoxybenzoic acid DMSO 10.93 11.08
407 t 3-Methyl-5-methoxybenzoic acid MeOH 9.44 9.27
408 p 3-Methyl-5-nitrobenzoic acid Acetone 16.62 16.37
409 t 3-Methyl-5-nitrobenzoic acid AN 19.18 18.98
410 t 3-Methyl-5-nitrobenzoic acid DMF 10.92 10.51
411 c 3-Methyl-5-nitrobenzoic acid DMSO 9.36 9.22
412 t 3-Methyl-5-nitrobenzoic acid MeOH 8.55 8.43
413 t 3-Methylbenzoic acid DMSO 11.26 10.98
414 t 3-Methylbenzoic acid Water 4.24 4.21
415 t 3-Methylbenzoic acid MeOH 9.47 9.36
416 p 3-Nitro-4-chlorobenzoic acid Isopropanol 9.30 9.52
417 c 3-Nitro-4-chlorobenzoic acid Acetone 15.98 15.99
418 t 3-Nitro-4-chlorobenzoic acid AN 18.57 18.67
419 t 3-Nitro-4-chlorobenzoic acid DMF 9.98 10.03
420 p 3-Nitro-4-chlorobenzoic acid DMSO 8.74 8.68
421 p 3-Nitro-4-chlorobenzoic acid Water 3.29 3.14
422 t 3-Nitro-4-chlorobenzoic acid MeOH 8.24 8.16
423 t 3-Nitro-4-methoxybenzoic acid Acetone 17.04 17.01
424 t 3-Nitro-4-methoxybenzoic acid AN 19.51 19.70
425 t 3-Nitro-4-methoxybenzoic acid DMF 11.18 11.12
426 t 3-Nitro-4-methoxybenzoic acid DMSO 9.85 9.79
427 p 3-Nitro-4-methoxybenzoic acid Water 3.72 4.07
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Table 1. (cont.)

No. Seta Compound Solvent Experimental Calculated

428 p 3-Nitro-4-methoxybenzoic acid MeOH 8.83 9.22
429 t 3-Nitro-4-methylbenzoic acid Acetone 16.75 16.59
430 p 3-Nitro-4-methylbenzoic acid AN 19.36 19.28
431 t 3-Nitro-4-methylbenzoic acid DMF 10.93 10.73
432 t 3-Nitro-4-methylbenzoic acid DMSO 9.45 9.41
433 p 3-Nitro-4-methylbenzoic acid Water 3.62 3.64
434 c 3-Nitro-4-methylbenzoic acid MeOH 8.61 8.74
435 t 3-Nitrobenzoic acid AN 19.29 19.06
436 t 3-Nitrobenzoic acid DMSO 9.17 9.12
437 p 3-Nitrobenzoic acid Water 3.46 3.43
438 t 3-Nitrobenzoic acid MeOH 8.32 8.50
439 t 3-Trifluoromethylbenzoic acid Water 3.75 4.07
440 t 3-Trifluoromethylbenzoic acid MeOH 8.69 8.94
441 t 4-(Dimethylamino)benzoic acid Water 5.03 4.86
442 t 4-(N,N-dimethylaminocarbonyl)benzoic acid Acetone 17.83 17.70
443 t 4-(N,N-dimethylaminocarbonyl)benzoic acid AN 20.55 20.21
444 p 4-(N,N-dimethylaminocarbonyl)benzoic acid MeOH 9.00 9.24
445 p 4-Acetamidobenzoic acid Water 4.30 4.52
446 t 4-Acetamidobenzoic acid MeOH 9.57 9.78
447 p 4-Acetylbenzoic acid Acetone 17.32 17.49
448 t 4-Acetylbenzoic acid AN 19.95 20.07
449 t 4-Acetylbenzoic acid DMF 11.38 11.65
450 t 4-Acetylbenzoic acid Water 3.74 3.89
451 t 4-Acetylbenzoic acid MeOH 8.84 9.02
452 t 4-Aminobenzoic acid Water 4.82 4.56
453 t 4-Aminobenzoic acid MeOH 10.25 9.84
454 t 4-Bromobenzoic acid AN 20.30 19.75
455 t 4-Bromobenzoic acid DMSO 10.20 9.79
456 t 4-Bromobenzoic acid Water 3.99 3.72
457 p 4-Bromobenzoic acid MeOH 8.93 8.84
458 t 4-Chlorobenzoic acid DMA 10.30 10.21
459 p 4-Chlorobenzoic acid DMSO 10.10 10.58
460 t 4-Chlorobenzoic acid Water 4.00 4.13
461 t 4-Chlorobenzoic acid MeOH 9.09 9.26
462 t 4-Cyanobenzoic acid Acetone 16.69 16.95
463 t 4-Cyanobenzoic acid AN 19.34 19.62
464 t 4-Cyanobenzoic acid DMF 11.02 11.05
465 t 4-Cyanobenzoic acid DMSO 9.27 9.73
466 t 4-Cyanobenzoic acid Water 3.53 3.56
467 t 4-Cyanobenzoic acid MeOH 8.49 8.66
468 c 4-Ethoxybenzoic acid DMSO 11.50 11.52
469 t 4-Ethoxybenzoic acid Water 4.80 4.44
470 p 4-Ethylbenzoic acid Water 4.35 4.27
471 t 4-Fluorobenzoic acid Water 4.15 3.99
472 p 4-Fluorobenzoic acid MeOH 9.23 9.13
473 t 4-Formylbenzoic acid Acetone 17.10 17.38
474 t 4-Formylbenzoic acid AN 19.74 20.04
475 t 4-Formylbenzoic acid DMF 11.19 11.49
476 t 4-Formylbenzoic acid Water 3.69 3.68
477 t 4-Formylbenzoic acid MeOH 8.94 8.68
478 t 4-Hydroxy-3,5-dimethoxybenzoic acid Water 4.34 4.38
479 t 4-Hydroxy-3-methoxybenzoic acid Water 4.51 4.31
480 t 4-Hydroxybenzoic acid AN 20.80 20.77
481 t 4-Hydroxybenzoic acid DMA 11.25 11.15
482 t 4-Hydroxybenzoic acid Water 4.55 4.38
483 t 4-Hydroxybenzoic acid MeOH 9.99 9.59
484 t 4-Iodo-3-nitrobenzoic acid DMSO 8.65 8.43
485 p 4-Iodobenzoic acid Water 3.98 3.70
486 t 4-Iodobenzoic acid MeOH 9.04 8.84
487 t 4-Methoxybenzoic acid DMSO 11.80 11.37
488 t 4-Methoxybenzoic acid Water 4.25 4.40
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order to ensure that all the calculated geometries corre-
spond to true minima. The MOPAC output files were used
by CODESSA to calculate some hundreds of molecular
descriptors which can be classified in: constitutional, topo-
logical, geometrical, electrostatic, quantum-chemical, and
Charge Partial Surface Area (CPSA) types.

2.3 Solvent Descriptors

The solvents were characterized by several physical prop-
erties (molecular weight, density, molar volume, refractive
index, dielectric constant, dipole moment, polarizability,
refractivity, standard molar vaporization enthalpy, stan-
dard internal energy of vaporization, and HildebrandOs sol-
ubility parameter), and also by parameters present in the
most popular empirical model-dependent solvents scales
[30 – 36]. In total, 25 descriptors were calculated for each
solvent.

The heuristic multilinear regression procedures of the
CODESSA program were used to make the first reduction
pool of the descriptors; the initial number of 629 was re-
duced, after the application of the collinearity control

methods, to 240 descriptors: 221 of the benzoic acids and
19 of the solvents.

2.4 CNN Methods (ADAPT)

The computations were performed with the ADAPT (Au-
tomated Data Analysis and Pattern recognition Toolkit)
program [37, 38], including feature selection routines (ge-
netic algorithm [39] and simulated annealing [40]) and
CNN procedures [41]. The CNNs used for this analysis are
three-layered, fully connected, feed-forward networks, and
they have been described in detail by Jurs and coworkers
[41, 42]. The number of neurons of the input layer corre-
sponds to the number of descriptors in the model. The
number of hidden neurons controls the flexibility of the
network and has to be adjusted until the optimal network
architecture is achieved. This step is done by means of a
building-up procedure that consists in starting with a lesser
number of hidden neurons and increasing it one unit until
the results achieved with that architecture are not better
than those obtained with the previous one. In this work,
we built architectures from 5 to 18 hidden neurons, stop-
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Table 1. (cont.)

No. Seta Compound Solvent Experimental Calculated

489 t 4-Methoxybenzoic acid MeOH 9.79 9.62
490 p 4-Methylbenzoic acid DMSO 11.42 11.20
491 c 4-Methylbenzoic acid Water 4.38 4.37
492 p 4-Methylbenzoic acid MeOH 9.61 9.55
493 t 4-Methylesterbenzoic acid Acetone 17.37 17.23
494 t 4-Methylesterbenzoic acid AN 19.91 19.82
495 p 4-Methylesterbenzoic acid DMF 11.45 11.50
496 t 4-Methylesterbenzoic acid Water 3.74 3.90
497 t 4-Methylesterbenzoic acid MeOH 8.84 9.07
498 t 4-Nitrobenzoic acid Isopropanol 9.60 9.60
499 t 4-Nitrobenzoic acid Acetone 16.42 16.16
500 t 4-Nitrobenzoic acid AN 19.08 18.78
501 c 4-Nitrobenzoic acid DMF 10.80 10.28
502 t 4-Nitrobenzoic acid DMSO 9.04 8.98
503 t 4-Nitrobenzoic acid EtOH 8.90 8.99
504 c 4-Nitrobenzoic acid Water 3.43 3.13
505 p 4-Nitrobenzoic acid MeOH 8.36 8.20
506 t 4-Propoxybenzoic acid Water 4.46 4.59
507 t 4-tert-Butylbenzoic acid Water 4.36 3.93
508 t 4-tert-Butylbenzoic acid MeOH 9.61 9.11
509 t Acetylsalicylic acid DMF 11.30 11.26
510 t Acetylsalicylic acid Water 3.69 3.73
511 p Benzoic acid Isopropanol 10.71 10.62
512 t Benzoic acid Acetone 18.20 18.00
513 c Benzoic acid AN 20.70 20.49
514 t Benzoic acid DMA 11.00 10.74
515 p Benzoic acid DMF 12.27 12.05
516 t Benzoic acid DMSO 11.00 10.73
517 t Benzoic acid EtOH 10.25 9.99
518 t Benzoic acid Water 4.21 4.07
519 c Benzoic acid MeOH 9.41 9.25

a Training set (t); prediction set (p); cross-validation set (c).
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ping at this point because the results obtained did not im-
prove those derived from a 7-17-1 architecture. So, the ar-
chitecture selected for the subsequent calculations will be
7-17-1. The output layer contains one neuron representing
the pKa value. The 240 descriptors selected with the previ-
ous heuristic method were imported to the ADAPT pro-
gram, these descriptors were then subjected to the objec-
tive feature selection procedures of this program, and a re-
duced pool of 82 descriptors was obtained: 73 from the sol-
utes and 9 from the solvents. Full CNNs were developed
using a genetic algorithm descriptor selection routine with
a CNN for evaluating the fitness of each subset of descrip-
tors selected. The fitness of descriptor subsets was calcu-
lated as COST¼TSETþ0.4 jTSET�CVSET j, where
TSET and CVSET denote rms errors for the training and
cross-validation sets, respectively. Models chosen with this
quality factor performed better than models chosen with
just training set rms error as the quality factor. That is,
CNNs that produce training and cross-validation set errors
that are low and similar in magnitude tend to perform well
in predicting the properties of interest for compounds not
used in the training process. A quasi-Newton method
BFGS (Broyden – Flectcher – Golfarb – Shanno) [42] is
used to train the network. It should be noted that the ratio
of training set observations to adjustable parameters
should be kept above 2.0 to avoid overtraining [43]. The
number of adjustable parameters is computed as AP¼
[(ILþ1)HL]þ [(HLþ1)OL], where IL, HL, and OL de-
note the number of neurons in the input layer, hidden lay-
er, and output layer, respectively. With this architecture,
the network contains 154 adjustable parameters, corre-
sponding to a ratio of 2.43 for training observations (379)
to adjustable parameters, above the minimum acceptable
ratio of 2.0. The ten models derived by ADAPT were ana-
lyzed and evaluated by the external prediction set and the
best one was selected.

2.5 CNN Methods (SVM)

The ADAPT program is restricted to work with not more
than 500 compounds, thus in the management of the com-
plete set containing the benzoic acids and the phenols (set
B), we have used Support Vector Machine (SVM) meth-
ods. This set B is composed of the 793 pKa values corre-
sponding to the benzoic acids studied here (set A) and to
the phenols reported in our previous paper [14]. The SVM
method has been developed by Vapnik [44]. A detailed de-
scription of the theory of SVM can be found in some
books and tutorials [45, 46]. In support vector regression,
the vectors of descriptors are mapped into a higher dimen-
sional feature space, with the use of a kernel function, in
which the model is developed. The generalization perfor-
mance of SVR depends on the kernel function selected be-
cause it defines the distribution of the training set samples
in the high dimensional feature space. The LibSVM [47]
package, which was used in our work, includes four types

of kernel functions for SVR studies: linear, polynomial,
sigmoid, and Gaussian. The Gaussian (or RBF) kernel
functions are often chosen for support vector regression
due to their effectiveness and speed in the training process.
The parameters that should be optimized in an SVR pro-
cedure with RBF kernel are: the width of the Gaussian
functions g, the regularization constant C, and the e of e-
insensitive loss function. The parameter g is a measure of
the interpolation capacity of the Gaussian function. C is a
regularization parameter that controls the trade-off be-
tween fitting the training data and the generalization capa-
bility of the model. If C is small, insufficient stress will be
placed in fitting the data; on the other hand, if C is too
large, overfitting may happen. Liu et al. [48] showed that
the prediction error of the model is not heavily influenced
by the value of C, and a high value of this parameter al-
lows to stabilize the model, i.e., C¼100. The parameter e

of e-insensitive loss function characterizes the prediction
error penalty; the optimal value of this parameter is relat-
ed with the type of noise present in the data, which is usu-
ally unknown. This value is critical because it directly af-
fects the number of support vectors used to establish the
model; as e gets bigger, lesser number of support vectors
are selected and worse prediction capability for the model
should be expected. The optimization of these three pa-
rameters: g, C, and e is done by means of recursive leave-
one-out procedures of minimization of training set cross-
validation error. In the present paper, all calculation im-
plementing SVM with RBF as kernel functions [49, 50] are
written in an M-file based on the MATLAB program and
all the models are constructed using the software LibSVM
[47]. The prediction set used to test the model contains 153
values and was formed by the addition of the correspond-
ing prediction sets of the benzoic acids and the phenols.
On the other hand, the training set was composed of the
640 pKa values contained in the training and cross-valida-
tion sets, of the benzoic acids and phenols, used in the
ADAPT program.

3 Results and Discussion

The derived model for set A contains the seven descriptors
shown in Table 2: five descriptors are of the solutes and
the other two are of the solvents. Concerning the solute
descriptors, the maximum partial charge for a hydrogen
atom is an electrostatic descriptor calculated by the meth-
od proposed by Zefirov et al. [51] based on the Sanderson
scale of electronegativity. The hydrogen atom involved in
all the cases corresponds to the carboxylic group. The sec-
ond descriptor, the Fractional Partial Positive Surface
Area (FPSA-2) belongs to the CPSA type [52], which
combines the surface area of the whole molecule and the
charge distribution in the molecule, and therefore is re-
sponsible for polar interactions between molecules. In gen-
eral, these CPSA descriptors are calculated from the con-
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tributions related to the atomic partial charges and the
molecular solvent-accessible surface area. In this case,
FPSA-2 corresponds to the ratio between the total
charged weighted Partially Positively Charged Surface
Area (PPSA-2) and the Total Molecular Surface Area
(TMSA). The other three descriptors are of the quantum-
chemical type; the third descriptor is the maximum elec-
tron – electron repulsion for an O atom. The electron –
electron repulsion energy for a given atomic species de-
scribes the electron repulsion-driven processes in the mol-
ecule and may be related to the atomic reactivity in the
molecule. The extreme values (maximum or minimum) of
this energy can be considered as global characteristics of a
compound [53]. In this case, the extreme value corre-
sponds to the oxygen atom of the carboxylic group; thus, it
specifies the particular chemical activity of this atom. The
fourth descriptor is the minimum resonance energy for the
O�H bond and is related with the energy of this bond. The
fifth descriptor is the minimum valency of a C atom; the
free valency of a given atomic species or its extreme value
in the molecule can be used as molecular stability descrip-
tors, and they are useful for predicting reactive centers in
the molecule [54]; the carbon atom involved belongs to
the carboxylic group. The other two descriptors complet-
ing the model correspond to the solvent; the hydrogen-
bond donation ability, a, belongs to the Kamlet – Taft scale
[30], which is one of the most used scales for the hydrogen
bonding ability of the solvents; it is based on solvatochro-
mic parameters and measures the ability to donate hydro-
gen bonds of the solvent molecules to a general solute.
The last descriptor is the standard internal energy of va-
porization (DvapU8) [55], and it measures the energy neces-
sary to bring the molecules of the liquid from their equilib-
rium distances to an infinite distance.

The statistical results obtained with this model are very
good, for the training set the correlation coefficient, R2, is
0.998 and the RMSE is 0.21; the same R2 and RMSE val-
ues are obtained for the prediction and cross-validation
sets, showing the robustness and the high prediction ca-
pacity of the model. Figure 1 shows a plot of the calculated
versus experimental pKa for all the compounds studied
(training, prediction, and cross-validation sets). Figure 2
shows the distribution of the predicted errors for the 519
pKa values. For 75% of these values, the prediction errors

are within 0.25 units, and only 2.5% have errors larger
than 0.5 units. To ensure that the model developed in this
QSPR study was not due to chance effects, Y-randomiza-
tion experiments were conducted. The average R2 and the
RMSE for the five experiments performed are 0.1 and 6,
respectively, showing that chance correlation did not play
any significant role in this study. We have repeated the
neural network analysis five more times varying in each
case the splitting of the original data set into training,
cross-validation, and prediction subsets. The statistical pa-
rameters obtained in each case are very similar to those re-
ported earlier. The average values for R2 and RMSE are
0.997 and 0.22, respectively, showing the goodness of the
proposed model.

As is well known, the dissociation reaction in solution is
a complex process that is highly dependent on the nature
of the solvent involved, since most of the solvents have
acidic or basic properties themselves. This process can be
represented by an equilibrium containing the remaining
non-dissociated solvated acid molecules and the solvated
conjugated base and proton formed. On the other hand,
the intermolecular solute/solvent interactions are also very
complex and have been conventionally divided into two
types [56]. The first is associated to non-specific effects.
These effects are related to the bulk of the solvent and in-
clude the solvent dielectric polarization in the field of the
solute molecule, the isotropic dispersion interactions, and
the solute cavity formation. The second type of solvent ef-
fects, the specific ones, involves the formation of chemical
bonds and other anisotropic interactions between the sol-
ute and solvent molecules in the solution. In most cases,
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Table 2. Seven descriptors forming the model.

Descriptor

Maximum partial charge for a H atom (solute)
Fractional partial positive surface area, FPSA-2 (solute)
Maximum electron – electron repulsion for an O atom (solute)
Minimum resonance energy for O�H bond (solute)
Minimum valency of a C atom (solute)
Hydrogen-bond donation ability (Kamlet and Taft), a (solvent)
Standard internal energy of vaporization or cohesive energy
(DvapU8) (solvent)

Figure 1. Plot of calculated vs. experimental pKa values for the
training, prediction, and cross-validation sets of benzoic acids
(set A).
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these specific effects are related to the Lewis donor– ac-
ceptor interactions or to hydrogen bonding between the
solute and the solvent molecules. From the pioneer works
of Hammett and Taft, the pKa values of benzoic acids and
other organic molecules have been analyzed by the steric
and electronic effects of the substituents present and their
position in the phenyl ring; however, it is now known that
the influence of these steric and electronic effects of the
substituents is also highly dependent on the solvent used
in the pKa determination [20]. Thus, for example, the stabi-
lization of conjugate bases of substituted derivatives is aid-
ed by the solvation of substituents that can form hydrogen
bonds; thus, the solvent has an important task in the solva-
tion of substituted salicylic acids and aminobenzoic acids.
Whereas in protic solvents the hydroxy groups present are
significantly solvated, in aprotic solvents, the formation of
intramolecular hydrogen bonds between OH or NH2

groups and the reaction center is observed. As, in general,
aprotic solvents do not solvate well the conjugate base, the
effect of substituents on its stabilization is more signifi-
cant. According to these arguments, the pKa values of ben-
zoic acids are the result of different delicate interactions
that are consequences of the nature and position of the
substituents in the ring and of the characteristics of the sol-
vent used.

Although one of the drawbacks of the neural networks
is the matter of interpretability, in spite of the complexity
of the dissociation process mentioned before, the descrip-
tors of the proposed model allow some explanations of the
dissociation process studied. Thus, four solute descriptors
of the model are clearly related to the stability, reactivity,

or the tendency to dissociate the carboxylic group. The
maximum partial charge for a hydrogen atom descriptor
reflects the polarity of the O�H bond that is cleaved in the
dissociation process, and consequently the facility of the
compounds to give protons and benzoate anions. Also, the
minimum resonance energy for the O�H bond descriptor
is related to the energy of the bond that dissociates and
the maximum electron – electron repulsion of oxygen and
the minimum valency of carbon atom descriptors account
for the reactivity of these atoms, respectively. On the other
hand, the fifth solute descriptor, FPSA-2, represents a den-
sity of charge of the solute and explains the intermolecular
interactions, in this case those between the benzoic acid
and the solvent. All these five solute descriptors can be as-
sociated to the non-specific solute/solvent interactions. Of
the two solvent descriptors, the standard internal energy
of vaporization or cohesive energy, DvapU8, indicates the
energy involved in the solute cavity formation in the bulk
of the solvent in the dissolution process and can also be as-
sociated to the non-specific solute/solvent interactions.
The other solvent descriptor, the solvent acidity, a, is obvi-
ously associated to the specific hydrogen-bonding interac-
tions and stands for the hydrogen-bond donor properties
of the solvents.

A simple method to measure the relative importance of
the descriptors in CNN derived models has been proposed
[57]. The first input descriptor is randomly scrambled, and
then the neural network model is used to predict the prop-
erty. Because the values of the descriptor have been
scrambled, the correlation between descriptor values and
property values is obscured. As a result, the RMSE for
these new predictions should be larger than the RMSE of
the model, the so-called base RMSE. The difference be-
tween this RMSE value and the base RMSE indicates the
importance of the descriptor to the predictive ability of
the model. The values of these increases in RMSE range
from 6.30 to 0.23; the solvent descriptors – the hydrogen-
bond acidity, a, and the DvapU8, with values of 6.30 and
3.70, respectively – being the most significant. This result
reflects the experimental fact that the variation in the pKa

values is larger for one benzoic acid in two solvents than
between two benzoic acids in the same solvent.

The calculated pKa values (Table 1) show that the high-
est residual is �0.59, lower than three times the RMSE;
the 31 entries with residuals greater than twice the RMSE
are collected in Table 3, ranging from �0.59 for the 2,3-di-
methylbenzoic acid to þ0.58 for the 3-amino-2,5-dichloro-
benzoic acid, the solvent being water in both cases. No
specific features derived from the molecular structure of
the benzoic acids, nor has the nature of the solvents been
observed for these residuals. Thus, these 31 values corre-
spond to 24 different benzoic acids in 6 solvents; there are
15 positive and 16 negative residuals, 17 of which were de-
termined in protic solvents and 14 in aprotic ones. On the
other hand, the position of the substituents in the aromatic
ring is not significant, since there are 12 values due to or-
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tho-substituted benzoic acids and 19 to meta- and/or para-
substituted ones. Table 4 shows the statistical results found
in the predicted values of pKa for several subsets of benzo-
ic acids The overall set of 519 values was separated into
subsets according to the presence or absence of the sub-
stituents in ortho-position, and depending on the protic or
aprotic nature of the solvents; even small subsets com-
posed of non-ortho- or ortho-substituted acids in protic or
aprotic solvents, have also been analyzed. The results giv-
en in Table 4 show the robustness of the model, since the
R2 (0.99) and the RMSE (0.21) are nearly equal for each
of these eight subsets, and also equal to the values ob-
tained for the global set. The results obtained for the spe-
cific subsets in each solvent, show that the values of R2 are
slightly smaller (0.94 – 0.98) and that of RMSE are similar
(0.23 – 0.16) to those of the training and the prediction
sets, thus confirming the goodness of the model and its ca-
pacity to predict the pKa for a wide set of solvents. A de-
tailed analysis of the results given in Table 4 shows that for
the protic solvents, mainly methanol and water, although
the regression coefficient is slightly worse (�0.94), the
standard deviation is the same as for the larger sets. We
also evaluated the subsets formed by the pKa values of
specific benzoic acids in several solvents. Table 5 shows

the results for the 38 benzoic acids whose pKa are known
in at least six different solvents, and the set includes ortho-
and non-ortho-derivatives. The statistical reports are excel-
lent again; the average for R2 and the standard deviation
are 0.999 and 0.14, respectively. The global analysis of
these results, collected in Tables 3 – 5, proves that the pro-
posed model is very robust and has a high capacity of pre-
diction, and that the descriptors contained are able to dis-
criminate between the subtle reasons that produce differ-
ent pKa values depending on the position, for example, or-
tho or para, of the substituents, since no significant differ-
ence in the accuracy of the predicted values of these
groups of compounds is observed.

In a previous paper [14], we studied a set of 276 pKa val-
ues corresponding to 94 phenols with a wide variety of
substituents in the ring, in ten solvents; a seven-descriptor
model was derived which gives a correlation factor, R2¼
0.98, and an RMSE of 0.8. The similarity between the de-
scriptors contained in that model and the one derived here
for the benzoic acids is noteworthy. In both cases, the mod-
els contain two descriptors of the solvent and five of the
solute. Of the two solvent descriptors, the hydrogen-bond
donation ability, a, is common in both cases. In the phe-
nols set dipole moment, m, appears instead of the DvapU8,
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Table 3. Predictions with residuals larger than twice the RMSE.

Benzoic acid Solvent Entry pKa exp. pKa calc. Residual

2,3-Dimethylbenzoic acid Water 19 3.74 4.33 �0.59
3-Methoxy-4-nitrobenzoic acid AN 363 18.77 19.35 �0.58
2,6-Dimethylbenzoic acid Water 110 3.25 3.80 �0.55
3-Chlorobenzoic acid DMSO 336 9.51 10.05 �0.54
2-Methyl-6-methoxybenzoic acid Water 211 3.46 3.98 �0.52
2-Methyl-6-methoxybenzoic acid MeOH 212 8.70 9.21 �0.51
2,3-Dimethylbenzoic acid MeOH 20 8.98 9.48 �0.50
4-Chlorobenzoic acid DMSO 459 10.10 10.58 �0.48
3-Methoxy-4-nitrobenzoic acid DMF 364 10.33 10.80 �0.47
4-Cyanobenzoic acid DMSO 465 9.27 9.73 �0.46
2,3,5-Trimethylbenzoic acid MeOH 12 9.05 9.50 �0.45
2,3,5-Trimethylbenzoic acid DMSO 11 11.24 11.69 �0.45
3-Chlorobenzoic acid DMF 335 10.95 11.39 �0.44
2-Methylesterbenzoic acid Water 226 3.18 3.62 �0.44
3,5-Dibromobenzoic acid DMF 268 10.11 10.54 �0.43
4-tert-Butylbenzoic acid Water 507 4.36 3.93 0.43
4-Methoxybenzoic acid DMSO 487 11.80 11.37 0.43
2-Acetylbenzoic acid MeOH 133 9.28 8.84 0.44
2-Aminobenzoic acid Water 134 4.87 4.41 0.46
3-Chloro-5-nitrobenzoic acid Water 332 3.13 2.66 0.47
3-Methyl-4-nitrobenzoic acid DMF 394 11.03 10.55 0.48
3-Aminobenzoic acid Water 304 4.74 4.25 0.49
3,4-Dimethylbenzoic acid Isopropanol 253 11.60 11.11 0.49
2-Formylbenzoic acid Water 169 4.55 4.05 0.50
4-tert-butylbenzoic acid MeOH 508 9.61 9.11 0.50
2-Nitrobenzoic acid DMF 230 9.96 9.46 0.50
3-Aminobenzoic acid DMSO 303 11.60 11.08 0.52
4-Nitrobenzoic acid DMF 501 10.80 10.28 0.52
3-Hydroxybenzoic acid MeOH 347 9.58 9.04 0.54
4-Bromobenzoic acid AN 454 20.30 19.75 0.55
3-Amino-2,5-dichlorobenzoic acid Water 302 3.40 2.82 0.58
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but these two descriptors give details about non-specific
solute/solvent interactions. Moreover, these two solvent
descriptors are the most important in both sets. Of the five
solute descriptors, there is one electrostatic, one CPSA,
and three quantum-chemical, in each model. The electro-
static descriptor, the maximum partial charge for a hydro-
gen atom, is common to both sets; in the phenol set, the
CPSA descriptor is the relative positive charged surface
area, RPCS. The model contains the quantum chemical
descriptor, the maximum e – n attraction energy for a C�O
bond, which analogously to the minimum resonance ener-
gy for the O�H bond in the benzoic acids set, is related to
the energy of the functional group that dissociates in each
case. The other two quantum descriptors are the polariza-
bility and the LUMOþ1 energy of the phenols. Given the
type of solute/solvent interactions involved, in both cases
it is possible to recognize non-specific interactions, of po-
lar type, and specific interactions of the hydrogen-bond
type. In the phenols set, the LUMOþ1 energy of the sol-
utes is clearly linked to Lewis acid – base interactions. Due
to the similarity between the descriptors contained in both
models, we made a new complete set (set B) containing
the pKa values of the phenols and the benzoic acids. The
model derived here from the benzoic acids was then ap-
plied to set B. As indicated above, the ADAPT program
does not make it possible to work with more than 500
compounds; thus, we employed neural networks within the
SVM methodology. In order to ensure that both types of
neural networks, the three-layer, fully connected, feed-for-
ward networks used in ADAPT, and the radial basis func-
tions employed in SVM, gave similar predicted values, we
used the SVM programs to calculate the 519 pKa values of
set A. The training procedure of the SVM model is made

by the optimization of the parameters of the kernel func-
tion selected. Since we used radial basis functions as ker-
nel, the parameters that should be optimized are the width
of the Gaussian functions g, the regularization constant C
and the e of e-insensitive loss function. The optimization
of these three parameters is done by means of recursive
leave-one-out minimization of training set cross-validation
error. The starting values for g, C, and e are 0.1, 0.1, and
100, respectively; and the optimized final values for these
parameters are 0.9, 0.09, and 100. The established model
contains 308 support vectors, extracted from the training
set compounds. The obtained values show clearly that the
results are equivalent, since the correlation coefficient
(R2¼0.998) and RMSE (0.21), in the fit of the experimen-
tal versus SVM derived values, are the same as those ob-
tained with the ADAPT program. This demonstrates that
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Table 4. Statistics of pKa estimation for different subsets.

Subset n R2 RMSE

Training 379 0.998 0.21
Prediction 98 0.998 0.21
Cross-validation 42 0.998 0.21
Protic 253 0.994 0.22
Aprotic 266 0.997 0.21
Ortho 238 0.998 0.21
Non-ortho 281 0.998 0.22
Protic and ortho 130 0.995 0.22
Aprotic and ortho 108 0.998 0.19
Protic and non-ortho 123 0.994 0.21
Aprotic and non-ortho 158 0.997 0.22
Water 105 0.937 0.22
MeOH 107 0.939 0.20
EtOH 23 0.963 0.19
Isopropanol 18 0.967 0.23
DMSO 84 0.966 0.23
AN 63 0.963 0.21
Acetone 55 0.980 0.16
DMF 58 0.962 0.23
DMA 6 0.925 0.17

Table 5. Statistics of pKa estimation for specific benzoic acids in
several solvents.

Benzoic acid na R2 RMSE

2,6-Dibromobenzoic acid 7 0.999 0.13
2,6-Dibutoxybenzoic acid 8 1.000 0.09
2,6-Dichlorobenzoic acid 8 0.999 0.14
2,6-Dietoxybenzoic acid 7 1.000 0.09
2,6-Difluorobenzoic acid 7 1.000 0.03
2,6-Diiodobenzoic acid 7 0.997 0.25
2,6-Diisopropoxybenzoic acid 7 0.998 0.22
2,6-Dimethoxybenzoic acid 8 0.999 0.16
2,6-Dimethylbenzoic acid 8 0.999 0.14
2,6-Dinitrobenzoic acid 8 0.999 0.17
2,6-Dipropoxybenzoic acid 7 0.999 0.12
2-Acetylbenzoic acid 6 1.000 0.10
2-Chloro-6-nitrobenzoic acid 6 0.999 0.18
2-Chlorobenzoic acid 6 0.999 0.18
2-Methyl-6-chlorobenzoic acid 6 1.000 0.13
2-Methyl-6-methoxybenzoic acid 6 0.998 0.13
2-Methyl-6-nitrobenzoic acid 6 0.999 0.18
2-Nitrobenzoic acid 7 0.999 0.17
3,4-Dichlorobenzoic acid 7 0.999 0.16
3,4-Dimethoxybenzoic acid 6 1.000 0.14
3,4-Dimethylbenzoic acid 7 0.999 0.17
3,4-Dinitrobenzoic acid 6 0.999 0.17
3,5-Dimethoxybenzoic acid 6 1.000 0.14
3,5-Dimethylbenzoic acid 6 1.000 0.08
3,5-Dinitrobenzoic acid 7 0.998 0.26
3-Dromo-4-methylbenzoic acid 6 1.000 0.12
3-Dromobenzoic acid 7 1.000 0.11
3-Chloro-5-nitrobenzoic acid 6 1.000 0.13
3-Methoxy-4-methylbenzoic acid 6 1.000 0.09
3-Methyl-4-chlorobenzoic acid 6 1.000 0.06
3-Methyl-4-methoxybenzoic acid 6 1.000 0.08
3-Methyl-4-nitrobenzoic acid 6 1.000 0.14
3-Nitro-4chlorobenzoic acid 7 1.000 0.12
3-Nitro-4-methoxyenzoic acid 6 0.999 0.21
3-Nitro-4-methylbenzoic acid 6 1.000 0.11
4-Cyanobenzoic acid 6 0.999 0.17
4-Nitrobenzoic acid 8 0.998 0.21
Benzoic acid 9 1.000 0.06

a Number of solvents.
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if the ADAPT program could be used for the complete set
B we would obtain equivalent values of pKa.

Set B contains 793 pKa values corresponding to 228
compounds: 136 benzoic acids and 92 phenols. Concerning
the solvents, the pKa values of the phenols were deter-
mined in the ten following solvents: water, methanol, iso-
propanol, tert-butanol, DMSO, DMF, AN, acetone, and
NM. That is, of the total of eleven solvents used, eight are
common to the two families of compounds (water, metha-
nol, isopropanol, DMSO, DMF, AN, acetone, and DMA).
However, three of these solvents only have one type of
compound: ethanol includes only benzoic acids and tert-
butanol and nitromethane contain only phenols. The opti-
mization of the three parameters, in the training of the
SVM model, is also done by means of recursive leave-one-
out minimization of training set cross-validation error. The
starting values for g, C, and e are 0.1, 0.1, and 100, respec-
tively; and the optimized final values for them are 1.95,
0.06, and 105. The model built with these optimized values
for the radial basis functions parameters has 562 support
vectors, selected from the 640 compounds of the training
set. For the training set, the correlation coefficient is 0.993
and the RMSE is 0.44, and a good statistical result was
also obtained for the prediction set of 153 compounds:
R2¼0.988, RMSE¼0.58. Figure 3 gives the plot of calcu-
lated versus experimental pKa values for these two sets.
Table 6 gives the distribution of these values in the usual
subsets: protic, aprotic, ortho-non-ortho-substituted, and
in each solvent, and also for the benzoic acids and the phe-
nols separately. Although the values of R2 and the RMSE
for the small sets of the specific solvents are slightly worse,

the figures are good enough to confirm the validity and
goodness of the QSPR approach for this type of studies.

4 Conclusions

The present study confirms the high capacity of the QSPR
approach to predict pKa values of benzoic acids in differ-
ent solvents. The set of experimental values is large, the
benzoic acids studied have very different chemical charac-
teristics and the number and types of the solvents is also
significant. All these facts are reflected in the large range
of the analyzed experimental values, which is larger than
20 units of pKa. The statistical results are good, with high
correlation coefficients and low RMSE. Moreover, the R2

and the RMSE are equal for the training, prediction, and
cross-validation sets. In the fit of a large set of experimen-
tal values, with several reasonable descriptors, often it is
possible to derive a model that gives satisfactory R2 and
RMSE values. But if the set of experimental values is rath-
er heterogeneous, for instance, if the compounds belong to
different types of chemical substances, or the studied prop-
erty has been taken in different conditions (solvent, con-
centration, temperature, etc.), then the statistical results
from small subsets of values, cannot be as good as the com-
plete set. In these cases, it is convenient to analyze the pre-
dicted values for small subsets corresponding to families of
compounds or values obtained in similar experimental
conditions. In the present case, the statistical parameters
obtained for several small subsets, protic or aprotic sol-
vents, ortho or non-ortho substituted acids, and even the
smaller subsets of each solvent are all very similar between
them as well as to those achieved with the training and
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Figure 3. Plot of calculated vs. experimental pKa values for the
training and prediction sets of benzoic acids and phenols (set
B).

Table 6. Statistics of pKa estimations for different subsets of
benzoic acids and phenols (set B).

Subset n R2 RMSE

Training 640 0.993 0.44
Prediction 153 0.988 0.59
Benzoic acids 519 0.997 0.26
Phenols 274 0.982 0.72
Protic 407 0.988 0.40
Aprotic 386 0.988 0.54
Ortho 377 0.992 0.46
Non-ortho 418 0.992 0.47
Water 188 0.976 0.45
MeOH 146 0.982 0.32
Isopropanol 34 0.975 0.41
EtOH 23 0.970 0.16
tert-BuOH 16 0.962 0.72
DMSO 127 0.971 0.50
AN 88 0.960 0.53
DMF 87 0.966 0.48
Acetone 65 0.922 0.54
DMA 10 0.990 0.25
NM 9 0.968 0.91
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prediction sets. The validity of the model is also reinforced
by the good statistics parameters found with the set of val-
ues of one specific benzoic acid in several solvents. The
comparison of the results presented here with those previ-
ously reported clearly shows the higher predictive capacity
of our model. Thus, QSPR methods applied to sets of 30
and 90 benzoic acids in aqueous solutions [6, 7] with quan-
tum descriptors, give correlation coefficients of 0.8, while
the RMSE value is 1. The comparison with the results de-
rived from the application of high-level theoretical calcula-
tions through continuum methods is not straightforward,
however, since the sets studied are rather heterogeneous
and contain diverse kinds of organic compounds. On the
other hand, the reported studies in water, DMSO, and AN
[2 – 4] offer precisions of 1 – 2 pKa units. So, in general the
predicted values by these top-level methods are less accu-
rate than those derived by the QSPR approach presented
here. In addition, the capacity of the model, which is CNN
derived, should be noted to relate the descriptors with the
complex dissociation process. Another gratifying aspect to
emphasize is the similarity between the descriptors capa-
ble of modeling the pKa values of both benzoic acids and
phenols. Consequently, the application of the model de-
rived from the benzoic acid values to the complete set B,
which also contains the values for the phenols, gives excel-
lent results, as can be seen from the statistics of the corre-
sponding training and prediction sets and of the other
small subsets analyzed. This set contains pKa values of an
important number of benzoic acids and phenols, which
hold a wide variety of substituents in all the positions of
the phenyl ring, in 11 solvents. The good results obtained
show that the model can be used in the pKa prediction of
benzoic acids or phenols with the same type of substituents
and in the solvents indicated.

To sum up, the QSPR approach is a satisfactory method-
ology to analyze quite complex multicomponent systems,
such as the pKa values of neutral aromatic acids in water
and in several organic solvents. The precision of the values
obtained can be favorably compared with other ap-
proaches, including high-level quantum calculations. On
the other hand, the model derived highlights two substan-
tial aspects of QSPR methods: their capacity to predict
properties and their capacity to correlate these properties
with the molecular structure of the compounds.
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