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ABSTRACT: The widespread application of computational techniques to studies in biological, chemical and
environmental sciences has led to a quest for important, characteristic molecular parameters that may be directly
derived from these computational methods. Theoretical linear solvation energy relationships (TLSER) combine
computational molecular orbital parameters with the linear solvation energy relationship (LSER) of Kamlet and Taft
to characterize, understand and predict properties which depend upon solute-solvent interactions. The TLSER
methodology was used to correlate and to attempt to understand and probe eight solvent scales commonly used ir
linear free energy relationships and physical organic chemistry. Correlations are presented which demonstrate the
ability of the TLSER not only to predict values for these solvent scales, but which also serve as a probe to attempt to
understand the underlying physical meaning of these solvent scales. This article is a US Government work and is in
the public domain in the United States.
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INTRODUCTION generates the most information, not only structure
deformities, but also explicit solute—-solvent and sol-
Inherent to chemistry is the concept that there is a vent—solvent bonding.
relationship between the macroscopic (bulk) properties of The second method is the implicit model, where the
chemical compounds and their microscopic (structural) solute is treated explicitly, but a continuum model or
features. Quantitative structure activity—property re- potential is used to portray the solvénalthough this
lationships (QSAR/QSPR) and linear free energy rela- does not generate specific solute-solvent or solvent—
tionships (LFER) attempt to quantify, usually in the form solvent bonding, it does generate free energies of
of a linear or a linearizable regression, the relationship solvation, and is rapid enough to permit computation
between structure and function. using ab initio or semi-empirical methods. This model
Solute—solvent properties have generated a great deahas generated the most interest in the past several years.
of interest in the computational chemistry community in ~ The third method for studying solute—solvent interac-
recent year§: In particular, the interaction between the tions is the extension of LFER or QSAR to the concept of
solvent and the solute including the effect of solvent on solvation, and represents the most empirical of the three
solute molecular structure and, therefore, the bulk methods ®°A relatively large set of property data is
properties of the solute is being studied through a wide required in order to generate a relationship. The
variety of techniques. There are three basic methodsadvantage of this methodology is that relatively little
which one can use to study solute—solvent interactions.information is needed about the correlated property/
The most rigorous is the explicit model case, where all system, and often very complex ‘solvent systems’ such as
solvent molecules are treated individually and explicitly. receptors may be characterized. The major disadvantage
This is by far the most time consuming, and although is that only inferences about the solvent system results
there are cases of its use in quantum chemical studies, ittan be made, and only information about the particular
has been used most frequently in molecular dynamics andinformation is generated. Further, the resulting correla-
Monte Carlo simulations. At the same time, this method tion is valid for the interpolation only, and may not be
valid for the extrapolations outside of the data set region.
o d 6. R. Famini. International P Office. US Still, for complex systems such as receptor sites, where it
Arr%g;essglcc)i?eregrfg Biollogicalargwé’m?c:{rgolr%ﬁané?%rggcsieenl(é’erbving IS umlkely that either of the first two methods can _be
Ground, Maryland 21010, USA. readily used, the QSAR/QSPR/LFER methods combined
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646 G.R.FAMINI AND L. Y. WILSON

with theoreticaldescriptorscangive usefulinsightsinto
importantfeatures.This paperwill focuson the use of
this third methodology, LFER, QSAR and relevant
subsetsof thesetwo methods,to study solute—solvent
interactions.

Quantitativestructure—activityrelationshipsasorigin-
ally developedy Hanschwereintendedo aid medicinal
and pharmaceuticathemistsin identifying new drugs
from biological activity data.An obviousextensionwas
to examiningnot just drug activity but drug (chemical)
toxicity.'” ResearcherhaveemployedHansch’sQSAR
approachto correlate different types of tonicities of
compounds.Using the general QSAR methodology,a
wide rangeof theoreticaldescriptordiavebeenidentified
that correlatewell with a variety of biological activ-
ities.8'13'18_20

A major step forward in applying LFER to solute—
solventinteractionswas the work of Kamlet and Taft,
who developed an empirical molecular parameter
approacho characterizewide numberof solute—solvent
interactionsin a subsetapproachof linear free energy
relationships(LFER)?*72* This approach,termed the
linear solvation energy relationship (LSER), has been
used successfully to characterizea wide range of
physical, chemicaland biological propertieswhich are
affected by, or which are, solute—solventinteractions.
The generalizedapproachis shownin Egn. (1), where
any solute—solveniproperty may be divided into three
separateeffects:

log(property = bulk/cavity
+ dipolarity/polarizabiliy
+ hydrogenbonding (1)

Most solute—solvenpropertiesfollow this construct,
and can be expresseds a linear combinationof these
terms.Thebulk/cavitytermdescribesheenergyrequired
to breakthe solvent matrix and insert the solute. The
dipolarity/polarizability term is the interactionbetween
the induceddipolesof the soluteand solventmolecule.
The hydrogenbondingdescribeghe acidity andbasicity
of the soluteandsolventandtheinteractionbetweerthe
two terms. Kamlet and Taft,>> Abrahamand co-work-
ers?>28 and Carr et al. have eachdevelopeda set of
empiricallybasecparameterfor eachof thesanteraction
termswhich havebeenusedto successfullycorrelatea
wide variety of physical, chemical and biological
properties.Abraham has recently extendedthe LSER
by usinggaschromatographynsteadof solvatochromic
shifts to determinethe LSER parametersand addeda
dispersionterm, which is modeledby the gas—hexade-
canepartition coefficient.

Ford and Livingston&® pointed out that there are
certain advantagesand indeedopportunities,for using
computationally or theoretically derived parameters
instead of empirically derived parameters.Further,
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parameterdrom molecular orbital-basedmethodstend
to havetheaddedadvantag®f notbeingclassdependent,
asis oftenthe casewith grouptheoretical topologicalor
topographicalindices. MO-derived descriptorsare also
readilycomputedandcanbeselectedn suchaway asto
ensure(or nearly ensure)orthogonalityof the parameter
space:®!® Thereare currently a numberof methodolo-
giesin the literature for examining physical, chemical
and biological propertiesusing computationallyderived
descriptorg:3-15:19:30-32

Following this philosophy, we have endeavoredo
utilize the generalizedLSER as a framework and use
computationally derived descriptors instead of the
empiricaldescriptorof the LSER. Thetheoreticalinear
solvation energy relationship (TLSER) was developed
with the expressaim of maintainingthe function of the
LSER, but using a one-for-one(as much as possible)
replacemenof empiricaldescriptorsvith computational
descriptorsTheresultingTLSER is

log(property) = aVinc + bm + deg + eq- + ce,,
+fa, +9 (2)

In this formalism, V.. representsthe molecular
volume, and depictsthe size of the ‘hole’ necessaryn
the solventmatrix. In addition, when usedfor solvents,
Vme IS inversely proportional to the cohesionenergy,
usually depictedasthe Hildebrandsolubility parameter.
The polarizability term, r;, is describedby dividing the
polarization volume by the molecular volume. This
resultsin a unitlessterm independenof volume that
depicts the ease with which electrons may move
throughoutthe molecule. The hydrogenbonding term
basicity is representedby two terms, and covalent
basicity and an electrostatic basicity. The covalent
basicity (¢4) is definedasa linear transformationof the
Enomo, specifically 0-30_0-01[ELUMO(Water)_ Enomal-
This transformatiorprovidesa ‘zero point’ referencefor
the scale, and corrects the scale to be positive for
increasing basicity. The electrostaticbasicity (q_) is
takenasthe absolutevalue of the mostnegativeformal
charge (non-hydrogen)in the molecule. The hydrogen
bond acidity is likewise divided into a covalent and
electrostaticcomponents.The covalent acidity (e,) is
identical with &g, but usesthe HOMO of waterandthe
LUMO of the substrateThe electrostaticacidity (g, ) is
definedasthe value of the mostpositive hydrogenatom
in the molecule. This methodolgy has been used to
successfullydevelop correlation equationsfor a wide
variety of properties-*12:33-42

An assumptiorof thismethod andindeedmostLFER/
QSAR methods involving computationally derived
descriptorsjs that the descriptorsare ‘pure’ andreflect
a particular microscopic property without ‘mixing’ or
contaminationfrom otherdescriptorsWhile impossible
to prove in a ‘global’ sense,most of the TLSER
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Table 1. Solvent scales used in the study

Parameter Name

AN Acceptornumber (Gutmann)

DN Donor number(donicity) (Gutmann)

E'x Solvatochromigolarity (Reichardt)
(normalized)

Y Polarity function (KoppelPalm)

P Polarizability (KoppelPalm)

MR Molar refraction (Koppelpalm)

B Basicity (Swain)

E Acidity (Swain)

Vine Molecularvolume (TLSER)

m Polarizabilityindex (TLSER)

&g CovalentHBAB (TLSER)

q_ ElectrostaticHBAB (TLSER)

ea CovalentHBDA (TLSER)

q. ElectrostaticHBDA (TLSER)

regressiondo date have very small cross-correlations
amongdescriptorsThis indicatesthat for the local data
setsfor which the regressionsvere computedthereis
little or no ‘mixing’ or cross-contaminationf descrip-
tors.

Although derived differently, with a different focus,
the GIPF methodologyof Politzer and Murray**~*° has
beenshownalsoto bedirectly relatedto the LSERandto
the TLSER.Basedon electrostatigotentialsurfacesthis

Table 2. TLSER parameters

methodis the ab initio alternativeto the semi-empirical-
basedTLSER andthe empirical LSER. Wherecompar-
isonshavebeenmadebetweerthe GIPFandthe TLSER,
the conclusionshave generallybeenequivalentand the
regressionsomparablé'®

In a recent paper, we correlatedthe effect of 30
solventson the C=0 stretchingfrequenciesof several
substituted2-pyrrolidinonesusing the TLSER and five
additional experimentallyderived solvent scale meth-
odologies’’ In performingthesecorrelations a question
arose regarding the information containedwithin the
empirical scales.This papercomparesseveralof these
scalesjn particularthe ReichardtE "y, the GutmannAN
and DN and the Koppel Palm Y, E, B and A with the
TLSER. In a relatedseriesof papers Katritzky et al.*®
usedsemi-empiricaimolecularorbital methodso devel-
op correlations for 45 solvent scales, including the
Gutmann, Reichardt and Koppel Palm scales. Using
CODESSA, Katritzky et al.*® identified regression
equationsusing about 120 different descriptorsamong
the 45 correlatedequations Although the methodology
usedin CODESSAIs very valuablein providing the
‘best’ correlation for a given property, having 118
different descriptordor the 45 scalesmakesany sort of
comparison based on the computed and correlated
computationabdescriptorsvery difficult.

No. Compound Vine bl &p a_ &y d.
1 Cyclohexane 1.0643 0.1055 0.1278 0.0101 0.1461 0.0051
2 Hexane 1.1988 0.0993 0.1248 0.0218 0.1450 0.0045
3 Heptane 1.3652 0.1010 0.1254 0.0217 0.1455 0.0045
4 Triethylamine 1.3301 0.1009 0.1507 0.4324 0.1520 0.0055
5 Tetrachloromethane 0.9058 0.1172 0.1128 0.0703 0.1911 0.0000
6 Butoxybutane 1.6382 0.1014 0.1361 0.3452 0.1478 0.0177
7 Toluene 1.0192 0.1207 0.1524 0.1007 0.1756 0.0598
8 Benzene 0.8457 0.1205 0.1513 0.0593 0.1744 0.0593
9 Ethoxyethane 0.9046 0.0995 0.1361 0.3423 0.1455 0.0071
10 Chlorobenzene 0.9951 0.1241 0.1490 0.1118 0.1794 0.0777
11 Tetrahydrofuran 0.7895 0.1020 0.1374 0.3277 0.1471 0.0209
12 Bis(2-methoxyethylether 1.4066 0.1034 0.1355 0.3579 0.1502 0.1280
13 Trichloromethaned 0.7540 0.1114 0.1160 0.1122 0.1849 0.0876
14 Dichloromethane 0.6046 0.1036 0.1203 0.1602 0.1773 0.0555
15 Pyridine 0.7936 0.1200 0.1483 0.2299 0.1780 0.0835
16 Nitrobenzene 1.0079 0.1316 0.1421 0.3288 0.1860 0.0851
17 1,2-Dichlorobenzene 0.7858 0.1046 0.1210 0.1967 0.1789 0.0489
18 Cyanobenzene 0.9969 0.1276 0.1471 0.0867 0.1833 0.0696
19 Propanone 0.6401 0.0980 0.1376 0.2847 0.1715 0.0234
20 1,4-Dioxane 0.8547 0.1050 0.1387 0.3230 0.1478 0.0327
21 2-Methyl-2-propanol 0.8943 0.0975 0.1338 0.3180 0.1442 0.1764
22 Dimethyl sulfoxide 0.7219 0.1045 0.1471 0.7204 0.1734 0.0500
23 Cyanomethane 0.4529 0.0937 0.1173 0.1146 0.1622 0.0209
24 Nitromethane 0.4740 0.1092 0.1298 0.3348 0.1818 0.0498
25 2-Propanol 0.7144 0.0962 0.1331 0.3200 0.1450 0.1781
26 Butanol 0.9082 0.0969 0.1322 0.3249 0.1449 0.1804
27 Ethanoicacid 0.5249 0.0956 0.1294 0.3651 0.1696 0.2161
28 Ethanol 0.5435 0.0924 0.1322 0.3234 0.1429 0.1799
29 Methanol 0.3647 0.0860 0.1310 0.3291 0.1402 0.1803
30 Deuteriumoxide 0.1782 0.0630 0.1233 0.3256 0.1237 0.1628
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Table 3. Solvent scales

No. Compound AN DN E'y Y P MR B E * p o
1 Cyclohexane — 0.0 0.006 0.254 0.256 27.2 0 0.000 0.00 0.00 0.00
2 Hexané 0.0 0.0 0.009 0.235 0.236 34.5 0 0.06 —-0.08 0.00 0.00
3 Heptane 0.0 0.0 0.012 0.235 0.236 345 0 0.00 -0.08 0.00 0.00
4 Triethylamine 14 61.0 0.043 0.321 0.243 33.8 650 0.00 0.14 0.71 0.00
5 Tetrachloromethane 8.6 0.0 0.052 0.292 0.274 26.4 00 0.00 0.28 0.00 0.00
6 Butoxybutane — 19.0 0.071 0.407 0.242 41.0 285 0.000 0.24 0.46 0.00
7 Toluene — 0.1 0.099 0.315 0.293 31.1 58 1.30 0.54 011 0.00
8 Benzene 8.2 0.1 0.111 0.300 0.295 26.3 48 2.10 0.59 0.10 0.00
9 Ethoxyethane 39 19.2 0.117 0526 0.217 224 280 0.00 0.27 047 0.00
10 Chlorobenzene — 3.3 0.188 0.606 0.306 31.0 38 0.00 0.71 0.07 0.00
11 Tetrahydrofuran 8.0 20.0 0.207 0.681 0.247 20.0 287 0.00 0.58 055 0.00
12 Bis(2-methoxyethylether 10.2 20.0 0.231 0.667 0.231 24.0 238 0.00 0.53 041 0.00
13  Trichloromethane® 23.1 40 0.256 0.559 0.252 21.3 14 3.28 058 0.00 0.44
14 Dichloromethane 20.4 1.0 0.269 0.729 0.256 164 23 2.70 0.82 0.00 0.185
15 Pyridine 142 33.1 0.302 0.790 0.299 242 472 0.00 0.87 0.64 0.00
16 Nitrobenzene 14.8 44 0.324 0918 0.322 32.8 67 0.00 1.01 0.39 0.00
17 1,2-Dichloroethane 16.7 0.0 0.327 0.757 0.266 21.0 40 3.00 0.81 0.00 0.00
18 Cyanobenzene 155 119 0.333 0.890 0.308 314 155 0.00 090 041 0.00
19 Propanone 12. 17.0 0.355 0.868 0.220 16.2 224 2.10 0.71 048 0.80
20 1,4-Dioxane 10.8 148 0.383 0.287 0.254 21.6 237 4.20 055 0.37 0.00
21 2-Methyl-2-bropanol 27.1 380 0.389 0.767 0.234 220 247 5.20 041 101 0.68
22 Dimethylulfoxide 19.3 298 0444 0941 0.283 20.1 362 3.20 1.00 0.76 0.00
23 Cyanomethane 19.3 141 0460 0.924 0.211 111 160 5.20 0.75 031 0.19
24 Nitromethane 20.5 27 0481 0.926 0.233 125 65 5.10 0.85 0.134 0.22
25 2-Propanol 335 36.0 0.546 0.852 0.230 17.7 236 8.70 048 095 0.76
26 Butanol 36.8 29.0 0586 0.842 0.242 221 231 10.30 0.47 0.88 0.79
27 Ethanoicacid 529 20.0 0.648 0.631 0.227 13.0 139 14.60 0.64 0.495 1.12
28 Ethanol 371 320 0.654 0.886 0.221 129 235 11.60 0.54 0.77 0.83
29 Methanol 41.3 30.0 0.762 0.913 0.203 8.2 218 14.90 0.60 0.62 0.93
30 Deuteriumoxidée® 548 33.0 0991 0.963 0.206 3.7 156 21.80 1.09 0.18 1.17

& Exceptfor AN andDN, parametersirefor heptane.
® parametersor trichloromethane.

¢ Parameteror water.

d Scaledby a factor of 0.01.

Oneof the questionghatcanbe,andin fact hasbeen,
raisedis the exactnatureof the informationcontainedn
eachof thesedescriptorsandwhetheror notthereis any
‘cross-informationcontent,’thatis, for example,do any
of the polarity scales contain acidity or basicity
information, and presentingthat information in funda-
mentalchemicalmeaning.The relevanceof thesescales
is shownin arecentpaperwhereseverabf thesesolvent
scaleswereappliedto polymerproperties:° The unique
natureof the LSER methodologyascontainedwithin the
TLSER permitsthisissueto beaddressedandto provide
fundamental descriptionsin terms of readily under-
standable parameters and descriptions. This study
examinesthe ReichardtE"y, the Swainacidity (E) and
basicity(B) parameterghe KoppelPalmpolarity (Y) and
polarizability (P) parametersthe molar refraction(MR)
and the Gutmann acceptor number (AN) and donor
number(DN).

As has been noted in previous TLSER work, the
MNDO algorithm has been found to provide better
regressionsandis morein line with chemicalintuition
than has currently been found with either AM1 or
PM323"°1 This hasbeenattributedto the natureof the

Copyrightd 1999JohnWiley & Sons,Ltd.

errorfunctionswithin MNDO andAM1/PM3. Although
larger, the error within MNDO is generally systematic
and, as such,canbe factoredout into the interceptin a
LFERregressionTheerrorin AM1 or PM3,ontheother
hand,is randomand, althoughmuch smaller,cannotbe
removed through regression analysis. Therefore,
althoughAM1 and PM3 are much betterfor ‘absolute’
computation®f propertiesMNDO shouldstill preferred
when performing LFER or QSAR, and is usedin the
generatiorof all descriptorsn this paper.

Although the TLSER parametersare computedfor
gas-phasejsolated molecules,it has beenshown that
these computed parametersare very applicable to
correlationsinvolving multiple solutes. Although the
LSERmethodologyhasrequireddifferentparameterfor
a compoundwhenbehavingasa solutevs a solvent(for
associated solvent), this can be attributed to the
experimentahatureof the LSER parametersin the case
of computeddescriptorspf coursethereis nodistinction
between solute and solvent, the parametersbeing
computedn the gasphaseonly. Wherethe perturbation
(solutevs solvent)is an effect of the solvation,the gas-
phasegeneratedparametershouldbe valid, and there-

J. Phys.Org. Chem.12, 645—-653(1999)
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Table 4. TLSER regressions for solvent scales®log (property) = aVinc + b+ Cep + dg + €, + 15 + 9
Parameter  a b c d e f g N R F SD Re?
EN —-0.3662 —4.0 n/a 0.3202 nl/a 1.5164 0.8585 29 0.961 72 0.07468 0.8783
-7.35 -3.30 3.28 6.26
1.3 1.3 1.2 1.4
DN n/a n/a nfa 41.356 -—-307.36 73.42 47.760 27 0917 40 5534 0.7875
5.57 —-491 4.21
11 11 1.2
AN n/a —651.16 n/a n/a 326.68 174.41 20.580 25 0.972 120 3.846 0.9112
—6.95 4.85 14.47
2.8 2.6 1.2
Y —0.3337 n/a n/a 0.962 3.070 1.369 0.1027 25 0.914 25 0.1144 0.738
—4.15 4.75 224 3.01
1.3 1.3 1.2 1.7
MR 22.659 181.85 n/a n/a n/a n/a —15.584 28 0.975 241 2.036 0.9253
16.56 5.80
1.2 1.2
P n/a 2.0718 0.9021 nl/a n/a n/a —0.0868 28 0.925 74 0.126 0.8200
8.80 3.80
1.2 1.2
E —11.844 n/a n/a n/a —102.69 36.374 27.722 18 0.956 49 1.896 0.8253
—6.02 —-3.50 4.63
11 14 15
B n/a N/A 2638 547.48 —2591.60 N/A 66.10 25 0.928 44 45.54 0.7993
2.58 8.93 —4.84
11 11 11

#In eachcase the valuesgiven are,from top to bottomare coefficientvalue, t-scoreand VIF.

fore thesameparameter$or soluteandsolventshouldbe
valid. Where the perturbationcausesa difference in
solvation,thenthe TLSER modelis probablynot valid
and should not be used, nor should any gas-phase
generatediescriptors.

METHODOLOGY

Thedatafor thecomputedsolventscalesveretakenfrom

theoriginal source$“>®ascollatedin a previousTLSER
paper:’ All geometries were optimized using the
MNDO algorithmof MOPAC v6.0>"*8 All TLSER pa-
rameterswere extractedusing the in-housedeveloped
MADCAP.®® Structureswere entered and optimized
geometries examined using both PCMODEL and
MMADS.%%-61 All statistical analysis was performed
using MINITAB. %2 Cross-validatedR-squared (Rs,%)

wasdeterminedusingCODESSA.

All correlationsreportedadhereto three conditions.
First,thecross-correlationf descriptorss minimized,as
determinedby the varianceinflation factor (VIF).%® A
value of 1.0 is indicative of no correlationamongthe
independentariables A valueof under5.0is considered
acceptableandover10.0indicatesanunstableegression
where the cross-correlationcould yield statistically
meaninglessorrelations.Second,all independentari-
ablesin theregressiorhavea significanceof atleast95%
(basedon Student’stwo-tailed t-score). Third, outliers

Copyright( 1999JohnWiley & Sons,Ltd.

are removedonly if the normalizedresidual (observed
minus predicted values) is greaterthan two standard
deviations.

RESULTS AND DISCUSSION

The propertiescorrelatedusingthe TLSER aregivenin
Tablel. Table2 givesthe TLSER parameter$or eachof
the 30 compoundsstudiedin this paperand Table 3 lists
thesolventscalevaluesfor eachof thecompoundsTable
4 lists the resulting TLSER regressiongor eachof the
eight solvent scales examined in this study. The
parametersmay be nominally divided into polarity/
polarizability (E'y, Y, P, MR), acidity (AN, E) and
basicity (DN, B). However,aswill be describedin the
ensuingsections,thereis significant ‘cross content’ of
informationin mostof the solventscales.

In addition to the coefficients for each of the
parametersisedin eachrelevantregressionTable4 also
lists the necessarnstatistical parameterdor eachpara-
meter and/or regression. For each parameter, the
coefficient, t-score and VIF are presentedfor each
statistically significant parameter(basedon the two-
tailed t-scoreat the 95% level). For eachregressionthe
numberof datapoints(N), thevalueof theF statistic(F),
the standarddeviationfor the regressionSD), and the
cross-validated?® (R..?) is provided.

J. Phys.Org. Chem.12, 645—-653(1999)
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Table 5. Observed, predicted and residual values for £y Table 7. Observed, predicted and residual values for Koppel
Palm Y
No. Observed Predicted Residual
1 0.006 0051 T 0.045 No. Observed Predicted Residual
2 0.009 0.030 —0.021 1 0.254 0.213 0.041
3 0.012 —0.038 0.050 2 0.235 0.175 0.060
4 0.043 0.073 —0.030 3 0.235 0.121 0.114
5 0.052 0.108 —0.056 4 0.321 0.455 -0.134
6 0.071 —0.016 0.087 5 0.292 0.549 —0.257
7 0.099 0.118 —0.019 6 0.407 0.366 0.041
8 0.111 0.168 —0.057 7 0.315 0.481 —0.166
9 0.117 0.243 —0.126 8 0.300 0.494 —0.194
10 0.188 0.143 0.045 9 0.526 0.587 —0.061
11 0.207 0.291 —0.084 10 0.606 0.535 0.071
12 0.231 0.232 —0.001 11 0.681 0.635 0.046
13 0.256 0.298 —0.042 12 0.667 0.614 0.053
14 0.269 0.351 —0.082 13 0.559 0.647 —0.088
15 0.302 0.280 0.022 14 0.729 0.675 0.054
16 0.324 0.189 0.135 15 0.790 0.720 0.070
17 0.327 0.283 0.044 16 0.918 0.770 0.148
19 0.355 0.352 0.003 17 0.757 0.646 0.111
20 0.383 0.272 0.111 19 0.868 0.722 0.146
21 0.389 0.504 —0.115 21 0.767 0.794 —0.027
22 0.444 0.476 —0.032 24 0.926 0.893 0.033
23 0.460 0.380 0.080 25 0.852 0.861 —0.009
24 0.481 0.424 0.057 26 0.842 0.804 0.038
25 0.546 0.578 —0.032 28 0.886 0.918 —0.032
26 0.586 0.510 0.076 29 0.913 0.975 —0.062
27 0.648 0.722 —0.074 30 0.963 0.959 0.004
28 0.654 0.660 —0.006
29 0.762 0.754 0.008
30 0.991 0.888 0.103

Table 8. Observed, predicted and residual values for Koppel

Table 6. Observed, predicted and residual values for MR Palm P
No. Observed Predicted Residual No. Observed Predicted Residual
1 27.2 27.7 -0.5 1 0.256 0.247 0.009
2 34.5 29.6 4.9 2 0.236 0.232 0.004
3 34.5 33.7 0.8 3 0.236 0.236 0.000
5 26.4 329 -6.5 4 0.243 0.258 —-0.015
6 41.0 40.0 1.0 5 0.274 0.258 0.016
7 31.1 29.5 1.6 6 0.242 0.246 —0.004
8 26.3 25.5 0.8 7 0.293 0.301 —0.008
9 22.4 23.0 -0.6 8 0.295 0.299 —0.004
10 31.0 29.5 15 9 0.217 0.242 —0.025
11 20.0 20.9 -0.9 10 0.306 0.305 0.001
13 21.3 21.8 -0.5 11 0.247 0.248 —0.001
14 16.4 17.0 -0.6 12 0.231 0.250 —0.019
15 24.2 24.2 -0.0 13 0.252 0.249 0.003
16 32.8 31.2 1.6 14 0.256 0.236 0.020
17 21.0 21.2 -0.2 15 0.299 0.296 0.003
18 31.4 30.2 1.2 16 0.322 0.314 0.008
19 16.2 16.7 -0.5 17 0.266 0.239 0.027
20 21.6 22.9 -1.3 18 0.308 0.310 —0.002
21 22.0 22.4 -0.4 20 0.254 0.256 —0.002
22 20.1 19.8 0.3 21 0.234 0.236 —0.002
23 111 11.7 -0.6 22 0.283 0.262 0.021
24 12.5 15.0 -2.5 23 0.211 0.213 —0.002
25 17.7 18.1 -0.4 24 0.233 0.257 —0.024
26 22.1 22.6 -0.5 25 0.230 0.233 —0.003
27 13.0 13.7 -0.7 26 0.242 0.233 0.009
28 12.9 13.5 -0.6 27 0.227 0.228 —-0.001
29 8.2 8.3 -0.1 28 0.221 0.224 —0.003
30 3.7 -0.1 3.8 29 0.203 0.210 —0.007
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Table 9. Observed, predicted and residual Values for
Gutmann AN

Table 10. Observed, predicted and residual values for
Swain E

No. Observed Predicted Residual No. Observed Predicted Residual
2 0.0 0.1 -4.1 2 0.06 -1.20 1.26
3 0.0 3.1 -3.1 7 1.30 -0.21 1.51
4 1.4 6.7 -5.3 9 2.10 1.95 0.15
5 8.6 55 3.1 13 3.28 2.99 0.29
8 8.2 9.4 -1.2 14 2.70 4.37 -1.67
9 3.9 4.6 -0.7 17 3.00 1.82 1.18

11 8.0 5.9 2.1 19 2.10 3.38 -1.28

13 23.1 23.7 —-0.6 20 4.20 3.61 0.59

14 20.4 20.7 -0.3 21 5.20 8.74 —-3.54

15 14.2 15.2 -1.0 22 3.20 3.18 0.02

16 14.8 10.5 4.3 23 5.20 6.46 —-1.26

17 16.7 19.4 —2.7 24 5.10 5.25 -0.15

18 15.5 95 6.0 25 8.70 10.85 —-2.15

19 12.5 16.9 —4.4 26 10.30 8.65 1.65

20 10.8 6.2 4.6 27 14.60 11.95 2.65

21 27.1 35.0 -7.9 28 11.60 13.15 —1.55

22 19.3 17.9 1.4 29 14.90 15.56 —0.66

23 19.3 16.2 3.1 30 21.80 18.83 2.97

24 20.5 17.5 3.0

25 33.5 36.4 -2.9

26 36.8 36.3 0.5

27 52.9 51.4 1.5 N _ _

28 37.1 385 _14 E'\ containsnot only a measureof the polarity of a

29 41.3 41.8 -0.5 solvent,it alsocontainsinformation concerningpolariz-

30 54.8 48.4 6.4

Nominal polarity/polarizability parameters

Rowsl1, 4,5 and6 of Table4 showtheregressionsf the
solventscalegshathavebeenattributedto solventpolarity
or polarizability. Tables5, 6, 7 and 8 list the observed,
predictedandresidualvaluesfor eachof the compounds
(non-outliers) used in the developing each of the
regressionsFor the E™y, chlorobenzenavas identified
as an outlier and removed from the final regression.
Tetrachloromethandis(2-methoxyethyletherandcya-
nobenzenewere likewise identified as outliers and
removed. For molar refractivity, triethylamine and
bis(2-methoxyetil) ether were removed as outliers.
For P, propanoneand deuteriumoxide wereremoved.

Althoughtherearesimilaritiesin eachof thesescales,
basedon the TLSER, there are also significant differ-
encesE"y and MR include both the molecularvolume
andthe polarizability index, while Y and P useonly the
Vme and P usesonly n;. As hasbeendemonstratedy
Abraham,andshownpreviouslyfor the TLSER, volume
and polarizibility taken together are indicative of
dispersioreffects.

E"\ alsohasa significantcontributionfrom both the
electrostaticacidity and basicity. This is indicative of
dipolar effectsand a permanendipolarity contribution.
That g, is morethantwice as significant(basedon the
Student’st-score, as provided in Table 4) as g_ also
indicatesthat there are additional acidity factors being
includedin thissolventscale Thisindicateghatalthough
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ability, in additionto acidity. Therefore theseadditional
effectsmustbe takeninto accountwhenE'y is usedin
explainingsolvent-basegpghenomena.

Table 11. Observed, predicted and residual values for
Gutmann DN

No. Observed Predicted Residual
1 0.0 3.6 -3.6
2 0.0 4.4 —4.4
3 0.0 4.3 —-4.3
6 19.0 17.9 1.1
7 0.1 2.3 —-2.2
8 0.1 1.0 -0.9
9 19.2 17.7 15

10 3.3 2.9 0.4

11 20.0 17.6 2.4

12 20.0 25.8 -5.8

13 4.0 2.0 2.0

14 1.0 4.0 -3.0

16 4.4 10.4 -6.0

17 0.0 4.5 —45

18 11.9 0.1 11.8

19 17.0 8.5 8.5

20 14.8 18.1 -3.3

21 38.0 29.5 8.5

22 29.8 27.9 1.9

23 14.1 4.2 9.9

24 2.7 9.4 —-6.7

25 36.0 29.5 6.5

26 29.0 29.9 -0.9

27 20.0 26.6 —6.6

28 32.0 30.4 1.6

29 30.0 315 -1.5

30 33.0 35.2 —-2.2
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Table 12. Observed, predicted and residual values for
Swain B

No. Observed Predicted Residual
1 0 30 -30
2 0 32 -32
3 0 32 —-32
6 285 231 54
7 58 68 -10
8 48 46 2
9 280 236 44

10 38 55 -17

11 287 227 60

12 238 230 8

13 14 —46 60

14 23 12 11

16 67 139 —72

17 40 29 11

19 224 141 83

20 237 226 11

21 247 220 27

22 362 399 —-37

24 65 121 —56

25 236 217 19

26 231 217 14

27 139 168 —-29

28 235 222 13

29 218 229 -11

30 156 249 -93

For Y likewise, there is an electrostaticdipolarity
contributionindicatedby the two positive contributions
from g, andq_. Like theReichardiparameterthereis an
additionalacidity contribution buttheacidity component
in Y appearsto be primarily covalentand not electro-
static,asis evidencedy thecontributionof ¢4. NeitherP
or MR has an electrostatic dipolar or an acidity
contribution.MR appearso bealmostentirelydispersion
based,which is consistentwith the previousliterature.
The primary contribution in P appearsto be the
polarizability, with a small contribution from basicity.
The former is consistentwith the original intent of the
Koppel Palmdescriptor.

Nominal acidity scales

The third and seventhrows of Table 4 show the
regressiongor the GutmannAN and Swain E, respec-
tively. Tables9 and 10 list the observedpredictedand
residual valuesfor thesetwo scales.In both of these
regressions,the electrostatic acidity is the primary
contribution.For the AN, the covalentacidity alsoplays
an importantand contributoryrole. In the E, however,
increasedcovalentacidity reducesthe Swain E value.
The negativecontributionsfrom the z; (AN) andV,,,¢ (E)

indicate that delocalizationand dispersionreducethe
acidity. Therefore,while the AN providesa complete
descriptionof theacidity, while the SwainE is appearso

be measuringonly the electrostaticacidity component.

CopyrightO 1999JohnWiley & Sons,Ltd.

Nominal basicity scales

Rows?2 and8 of Table4 showtheregressiorior thetwo

basicityscalesGutmannDN and SwainB, respectively.
Tables 11 and 12 lists the observed,predicted and
residualvaluesfor thesetwo basicity parametersOnly

triethylamine was identified as an outlier and removed
from the DN regressionTriethylamine,pyridine, carbon
tetrachloride,cyanobenzenand acrylonitrile were out-

liers for B. For DN, the primary contributionappeardo

be from a dipolarity contribution,asis evidencedy the

fairly equalcontributionof the (bothpositive)q_ andq,..

The primary basicity appeargo be covalent,and arises
from the negative coefficient of ¢,. A negative g,

indicates that lower acidity increasesthe DN value,

which is consistentwith the conceptof DN. B, on the

otherhand hasno positiveacidity coefficient,i.e. thereis

not dipolarity contribution, and the entire contribution
comes from covalent or electrostatic basicity, or a

negative acidity contribution. Therefore, although B

appearsto be a completely basicity-basedparameter,
DN onceagainappeargo containnot only a basicity (or

negative acidity) contribution, but also electrostatic
dipolarity.

CONCLUSION

Katritzky et al.*® have developedsimilar regressionso
eachof thesesolventscaleausinga differentapproachA
direct comparisonof the Katritzky method with the
TLSERIs not possiblebecausef the different datasets
usedto developthe regressiorand the use of AM1 vs
MNDO.

The TLSER hasbeenshownin this studyto correlate
with severakcommonlyusedsolventpolarity, acidity and
basicity scalesFurther,the TLSER is providesnot only
an equation useful for the prediction of solvent
parameters,but also a mechanismfor probing the
fundamental properties which constitute the various
solventscales.This latter capability is possiblebecause
the TLSER parameterfiavea specifictheoreticalunder-
pinning and provide specific meaningat the molecular
level.
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