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Abstract—Predictive methods proposed in the literature for estimating Henrys Law Coefficient (HLC)
of organic chemicals are reviewed and compared. Five different models developed from the following
methods are discussed: solubility-vapor pressure method; group/bond contribution method; linear sol-
vation energy relationship method; and, molecular connectivity method. The models reviewed cover
over 450 chemicals belonging to several different chemical families. Experimental variability and inter-
laboratory variances of measured HLC data are summarized to establish acceptance limits for the pre-
dictive models. The five predictive models are compared and evaluated on the basis of quality of predic-
tions and predictive errors for a common set of 150 chemicals. © 1998 Elsevier Science Ltd. All rights
reserved
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INTRODUCTION

When a chemical is introduced into an air—water
binary system, basic thermodynamics dictates that
some of the chemical (solute) will partition into the
aqueous phase, and some into the gaseous phase to
re-establish equilibrium. The partitioning phenom-
enon in dilute aqueous solutions was originally stu-
died by William Henry in the early 1800s. He
demonstrated that, at equilibrium, the partial press-
ure of the solute in air is directly proportional to its
mole fraction in water. By introducing the Henrys
Law Coefficient, HLC, the proportionality is trans-
formed to the equation:

Partial pressure in gas phase

HLC = Mole fraction in aqueous phase

)

Thus, Henrys Law Coefficient serves as a measure
of a chemical’s volatility from water: the larger a
chemical’s HLC value, the more volatile it is, and
the easier it will transfer from the aqueous phase to
the gas phase. The importance of this intrinsic
property in engineering and ecological applications
has been well recognized. Chemical process engin-
eering, environmental remediation, atmospheric
washout by precipitation, and fate and transport in
the ecosphere are some areas where HLC data are
essential inputs. With new environmental regu-
lations such as the Clean Air Act Amendments

*Author to whom all correspondence should be addressed
[Tel: +1-505-6465378, Fax: + 1-505-6466049].

demanding quantification and control of air emis-
sions of over 350 chemicals, the need for reliable
and readily available HLC data for the large num-
ber of organic chemicals in current use has become
even more important.

Despite the importance and the need for HLC
values, end-users often experience difficuities in find-
ing appropriate HLC data readily. For example, in
1981, Leighton and Calo (1981) reported that the
*“...most comprehensive compilation of distribution
coefficients...found in the literature cites only two
sources of such experimental data...”. But in the
same year, Mackay and Shiu (1981) critically
reviewed HLC data in the literature and reported
experimentally measured data for over 35 chemicals
from 7 sources.

A reason for such antithesis is that HLC has
been referred to, interpreted, and dimensioned in
several different forms. In the literature, HLC data
may be found reported as hydrophilicity (Hine and
Mookerjee, 1975); Ostwald’s solubility constant
(Abraham et al., 1994), distribution coefficient
(Leighton and Calo, 1981); vapor-liquid equili-
brium constant (Turner er al., 1996), etc. In the
physical chemistry and atmospheric chemistry lit-
erature, for instance, the inverse of HLC has been
reported and used as gas solubility data.

In addition, inconsistent dimensioning of HLC
among authors arose by quantifying the gas phase
content and aqueous phase content in various units.
Four of the more common forms of HLC as used
in the environmental literature are summarized in
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Table 1. Summary of four common forms of HLC

Gas phase content Aqueous phase content

X factors for conversion to

quantified as quantified as Resultant form of HLC Haim Hyer Hime Hoer

Partial pressure Mole fraction (mol/mol)  H, (atm/mol fraction) 1 RT pRT/p pRT
(atm)

Molar concentration Molar concentration Hyo (—) 1/RT plp 1 o
{mol/1) or {mg/l) (mol/l) or (mg/l)

Mole fraction Mole fraction (mol/mol) Hame (—) pioRT pip 1 P
(mol/mol)

Partial pressure Molar concentration H,er (atm m*/mol) /pRT 1/p 1/p 1
(atm) (mol/m*)

R = Universal gas constant = 8.2056E — 5 atm m* mol™' K™'; 7 = Absolute temperature in K; p = molar density of water in mol/m>;

p = total pressure in atm.

Table 1. It has to be noted that while two dimen-
sionless forms of HLC, Hy., and Hgyyyp, have been
used, the numerical values in these two forms may
differ by orders of magnitude for any given chemi-
cal. For example, for benzene, Hy,=0.18 and
Hy..c=250. Because of such inconsistencies, unit
conversion factors are also included in Table 1 to
alleviate some of the problems many end-users and
scientists have experienced in using HLC data from
the literature. The numerical HLC data compiled in
this paper have been converted to the dimensionless
concentration ratio, Hy,, form.

Further, HLC data have been reported in the lit-
erature for fewer than 600 organic chemicals out of
the over 70 000 that are in current use, and compre-
hensive compilations are not readily available. Even
for the few common chemicals for which multiple
experimental HLC data exist, notable differences
may be observed between the different sources.
These discrepancies are often attributed to the type
and difficulty of the experimental and analytical
procedures employed in measuring HLC values at
low level concentrations.

In an effort to expand the HLC data base, and
also to correlate, corroborate, and reconcile inter-
laboratory data, several models have been proposed
in the literature to estimate HLC. It has been
pointed out that reliable values for HLC can also
help reconcile data for aqueous solubility and vapor
pressure as well (Mackay and Shiu, 1981). Two
basic approaches have evolved to estimate HLC:
the Property Activity Relationship (PAR) approach,
where other related intrinsic properties of the
chemical are used to estimate HLC; and, the
Structure Activity Relationship (SAR) approach,
where molecular descriptors are used to develop
correlation models for HLC. The utility of the PAR
method may be limited because of the need for ex-
perimental inputs; the SAR approach, on the other
hand does not require any experimental inputs. The
SAR method can, in addition, provide an under-
standing of the air—water partitioning phenomenon
at a molecular level that can, for example, aid in
designing molecules for specific purposes.

The objective of this paper is to compare and
evaluate PAR and SAR models reported in the lit-
erature for estimating HLC. First, experimental
HLC data reported in the literature are compiled to
establish typical inter-laboratory and experimental
variability to serve as a reference point in rating the
errors of the different predictive models. This varia-
bility is quantified by the factor of variation, FV,
defined here as the ratio of the maximum exper-
imental HLC value reported to the minimum HLC
value reported for any given chemical. An average
factor of variation, AFV, is then obtained by aver-
aging the FV values to represent typical variability
in experimental HLC data. Predictive models pro-
posed in the literature are then summarized and
compared on the basis of the number of chemicals
used to develop the model; number of chemicals
used to validate the model; the number, availability,
and the reliability of the model parameters; the
quality of fit to a common testing set; the quality of
predictions; and the predictive errors.

ACCURACY OF EXPERIMENTAL HLC DATA

An excellent review of the experimental HLC
data from the literature has been previously pre-
sented by Mackay and Shiu (1981). That review
covered over 160 organic chemicals of environmen-
tal concern and tabulated experimental data for 36
of them. For chemicals for which experimental data
were not available, they recommended HLC values
calculated from the chemicals’ vapor pressure and
aqueous solubility data (see later for this method of
estimating HL.C). From an analysis of mass transfer
in air-water systems, they have suggested a stan-
dard error of 5 to 10% on HLC is reasonable for
environmental applications.

Turner et al. (1996) have presented a review of
five distinct experimental approaches used to
measure HLC. The equilibrium partitioning in
closed system (EPICS) method proposed by Gossett
(1985) is a common one that has been used by sev-
eral workers. From the literature data for 10 chemi-
cals from 4 different sources using the EPICS
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Table 2. Variations in experimental log(Hq.,) data reported in the literature for selected organic chemicals
LOE(Hdcr) Typica]
No. Chemical Measured log(Hy,,) values from literature (@20 + 2°C) min. max. mean SD Fv*
1 chloromethane -0.39*  —0.44° 042 - —044 039 —042 003 112
2 dichloromethane -0.86° —1.03* —0.86* —0.99° -1.04° -1.02" -—1.08 —1.11 —086 -098 0.09 1.78
~-0.95  —0.92% ~1.11° —0.929
3 chloroform -0.58% —0.65* —0.54* —0.58* -0.89" ~0.75* -0.55 —-0.95 —-054 -0.72 0.15 257
~0.76"  —0.82° -0.57" —0.88° -0.66" -0.86" —0.90'
-0.88 —095% -0.62' -0.55° —0.87°
4 carbon tetrachloride 007"  0.60° —0.57*  0.09° 0004 006 005 -057 060 002 027 2
—0.03"  —0.03 009"  0.0017
5 ethyl chloride —0.46* —0.34° 1078 -0.29° —-1.07 -029 -0.54 036 6.03
6 1.1-dichloroethane —0.64° —0.50¢ —0.587 —-0.64 —0.50 -0.56 0.06 1.38
7 1.2-dichloroethane -1.27%  —1.05% -1.39% —}122° -—1.239 -39 —-1.05 -123 0.2 219
8 L.1.I-trichloroethane  —0.46° —0.18* —0.37* -0.13° —0.14° 0.17°  —0.20" —046 017 —0.19 015 427
—0.26" —0.25 —0200 -0.19° —0.13* —0.11°
9 1.1.2-trichloroethane  —1.43* —1.23* —1.09" —-135" 1479 —1.47 —-1.09 —-131 0.6 240
1.1.2.2- —1.73*  —1.55* —1.69% —1.834 —1.83 —1.55 —-1.70 0.12 1.91
10 tetrachloroethane
11 1.2-dichioropropane -0.92*  -0.73* ~1.009 ) —-1.00 -0.73 —-0.8%8 0.14 1.86
12 1.1-dichioroethylene 0.45° 0.04° 0.818 0.79  —0.04° 0.047 0.119 —-0.04 08F 031 037 708
13 1.2-dichloroethylene-cis —0.86° —0.46* —0.77° —0.73¢ -0.74° -0.72° -0.86 —046 —0.72 0.12 251
1 2-dichloroethylene-  —0.56* —0.32* -0.42° -024¢ 043" -0.40° -0.56 —0.24 —0.37 0.1l 2.09
14 trans
15 trichloroethylene —0.19*  —0.38* —0.32* -0.19* -0.11* —0.29° —0.35° —0.55 —0.11 —0.35 0.11 2.75
—039° 0279 -039" 049" -055 043 —paa*
-037"  —0.37° -0.377  —0.39%
16 tetrachioroethylene —0.20°  -0.15" —0.13° 0.5 -030° -020° 026" -031 -0.08 -021 007 170
—031"  -0300  -021' —0.08™ -027° -0.14° -0.189
17 vinyl chloride 0.06° 1.688 —0.137 -0.13  1.68 0.53 1.00 ?
18 benzene —0.65* —0.60° 049 —0.62° —0.51° 065" -0.704 —0.70 -0.49 -~0.51 0.08 1.62
19 toluene —0.67*° —0.56* —0.58% —0.55" —0.63° —0.57°7 -0.67% —0.67 —0.55 -0.63 0.05 1.32
20 o-xylene -0.76° —0.65° —0.71¢ -0.76 -0.65 -0.71  0.05 1.29
21 ethylbenzene -0.45*  —0.53% 045" —0.45° -0.53 045 -0.48 0.04 1.20
22 propylbenzene —0.39*  —0.11* —0.35° -039 -0.11 -0.28 0.15 1.91
23 chlorobenzene —0.74* -0.86¢ —0.80° —0.80" -~0.88° —0.8IF -0939 -093 -0.74 -0.88 0.06 1.55
24 1.2-dichlorobenzene —095° —-1.32° -1.09% 0.22° -1.32 022 -0.73 0.69 ?
25 1.4-dichlorobenzene ~1.008  -1.10° -0.887 -1.10 —-0.88 -0.99 0.11 1.66
Overall average factor of variation, AFV= 24

References cited: “Technical Data Services; "Gossett er al., 1985; “Gossett, 1985; Singley et al., 1980; Dilling ez al., 1975; 'Roberts ez al.,
1985; ®Mackay and Shiu, 1981; "Lincoff and Gossett, 1983a; ‘Lincoff and Gossett, 1983b; ‘Dilling, 1977; ¥McConnel er al., 1975;
‘Roberts and Dandiker, 1983; ™Pearson and McConnell, 1975; "Mackay et al.. 1979; “Yurteri e al., 1987; PAshworth et al., 1986;

SLeighton and Calo, 1981.
*FV = factor of variation = max A/ min H

method, we found the FV ranging from 1.07 to
3.58, with an AFV of 1.53 (Lincoff and Gossett,
1983a,b; Ashworth et al., 1986; Yurteri et al., 1987,
Gossett, 1987). We have compiled multiple HLC
data from the literature for selected organic chemi-
cals to evaluate the variability in the reported data
between different sources and between the different
methods of measurement. In Table 2, 25 common
chemicals are listed for which at least three different
sources have reported HLC data. From this compi-
lation, it can be seen that the factor of variation,
FV, ranges typically from 1.1 to 7.0 with an AFV
of 2.4.

To gauge the predictive ability of the estimation
methods, Burkhard er al. (1985) have suggested the
use of the factor of error, FE. It is defined as the
ratio of the predicted HLC value to the experimen-
tal value; if the ratio is less than one, then its reci-
procal is used. Considering the variability found
among measured data, we propose FE of 2.5 to be

a reasonable and acceptable error that could be
expected of predictive methods.

SUMMARY OF PREDICTIVE METHODS

Several researchers have attempted to model
HLC using PAR and SAR approaches, but for
chemicals of limited number and structural diversity
and without any model validation on external test-
ing sets. End-users of HLC models would be reluc-
tant to use such models unless their applicability
and predictability to a wide range of chemicals have
been demonstrated and documented. Six literature
models that have covered at least 200 chemicals are
chosen in this paper for comparison and evaluation.
The six models are then applied to a common data
set of 150 chemicals to compare their quality of fit
and the fitting errors. Two measures are used to
compare the predictive errors on this common set:
(1) the number of chemicals for which the errors
are greater than 2 standard deviations, SD, of the
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Table 3. Summary of comparison between methods to predict HLC

No. of mode! parameters Training set? Testing set® Common comparison set
Method exp*  est”  cale® n I sD n & n I AFE ¢>2SDf
Method 1: VP/WS method 2 — — 233 0.98 0.37  Not reported 150 0982 14.48 2
Method 2a: Group — — Var. 212 0.93 0.12 Not reported 150 0.985 1.55 7
contribution method
Hine and Mookerjee (1975)
Method 2b: Bond — — Var. 263 0.86 0.42  Not reported 150 0958 241 10
contribution method
Hine and Mookerjee (1975)
Method 3: Bond — — Var. 345 0.97 034 74 096 150 0974 193 9
contribution method
Meylan and Howard
(1991)
Method 4: LSER method — 5 — 408 0.99 0.15 Not reported 150 0.989 1.46 11
Abraham et «l. (1994)
Method 5: MCI method — — 3 267 0.98 0.36 195 095 150 0.966  2.38 7

Nirmalakhandan and
Speece (1988);
Nirmalakhandan ez a/.
(1997)

*No. of model parameters determined experimentally.
®No. of the model parameters estimated.

°No. of model parameters calculated.

dUsed in deriving the models.

‘Used in validating the models.

"No. of chemicals for which error is greater than 2 SD.

errors in log HLC, and (2) the average factor of
error, AFE. In the following section a brief descrip-
tion of the six models is presented.

Method 1: Solubility-vapor pressure method

When the aqueous phase concentrations are dilute
(<0.02 mol fraction) equation 1 may be approximated as
the ratio of the chemical’s vapor pressure, VP, to its aqu-
eous solubility, WS (both in the same phase state)
enabling HLC to be estimated using available VP-WS
data (Mackay and Shiu, 1981). Whenever reliable VP-WS
data are available, this PAR method is the easiest
approach for estimating HLC. This method is not appli-
cable if the solute is soluble or miscible in water or the gas
is above the critical point.

However, reliable VP and WS data themselves are not
readily available especially for high molecular weight and/
or sparingly soluble chemicals under environmental con-
ditions. VP data may have to be extrapolated from higher
temperatures for use at environmental temperatures with
significant uncertainty (Mackay et al, 1979). In the
absence of experimental VP and WS data, predictive
methods may be used to estimate them first, which in turn
may be used to estimate HLC. Burkhard et a/. (1985) have
reviewed 11 methods for predicting VP and
Nirmalakhandan and Speece (1990) have compared 6
methods to predict WS.

Method 2: Group/bond contribution method

Hine and Mookerjee (1975) were the first to propose a
SAR method to estimate HLC in the form of intrinsic
hydrophobicity, y (the inverse of Hyc,). They reported two
methods to predict y: a bond contribution correlation and
a group contribution correlation. In the first method, con-
tributions from the various bonds constituting the molecu-
lar structure are summed up to yield y. In the second
method, the molecule is dissected into groups consisting of
one polyvalent atom and the monovalent atoms bonded to
it, and then summing the contribution values of each
group to estimate y. They determined 34 bond and 49
group contribution values by least-squares analysis of ex-
perimental data of over 200 chemicals.

Using these contribution values, Hine and Mookerjee
(1975) back-calculated the HLC data (for the same chemi-
cals that were used in deriving the contribution factors),
and found very good agreement by both the contribution
methods. The group contribution method generally fit the
data better than the bond contribution method:
SD = 0.12 for 212 chemicals vs. SD = 0.42 for 263 chemi-
cals. Although both methods are relatively easy to use if
one has a listing of the contribution values, the bond con-
tribution method can estimate a wider range of com-
pounds, albeit with Iower accuracy. As compound
structures increase in complexity, the bond method is
likely to become increasingly inaccurate (Meylan and
Howard, 1991). The predictive ability of this approach
was not demonstrated on any external set of chemicals.

Method 3: Bond contribution method

Meylan and Howard (1991) recalculated and expanded
the bond contribution values originally developed by Hine
and Mookerjee (1975) from 34 to 59. Using 345 chemicals
(most from the Hine and Mookerjee data set), and apply-
ing correction factors to certain chemical classes, they
achieved a better quality of fit with r2=0.97, SD = 0.34.
The predictive ability of their new bond contribution
values was demonstrated on an external testing data set of
74 chemicals, with excellent agreement with experimental
data: 7 =0.965, SD = 0.46.

Meylan and Howard (1991) also presented a modified
approach for determining HLC values for new com-
pounds, in which functional groups are added or sub-
tracted from a similar compound with a known HLC
value. Because of the inaccuracy of the bond contribution
method for compounds of higher structural complexity,
this modified approach is preferred to estimating HLC
from basic structures. Indeed, if any new compound is
very different from those compounds used in developing
the contribution values, the estimated value for that new
compound should be regarded with skepticism.

Method 4: Linear solvation energy relationship [LSER]
method

Abraham et al. (1994) developed the following SAR
model to predict the Ostwald solubility coefficient, LY (the
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Fig. 1. Comparison between predicted and experimental
log Hyer- Method 1: VP/WS method.

inverse of Hy.), using the linear solvation energy relation-
ship (LSER) method with five solvatochromic parameters:

log LY = —0.99 + 0.57R; + 2.54x!!

+3.8158 + 4.843 8 — 0.87V, (5)

where R,=excess molar refraction, n'=the solute dipo-
larity/polarizability, Zof'=the effective hydrogen-bond
acidity, ZpY=the effective hydrogen-bond basicity, and
V, = the McGowan characteristic volume.

Abraham et al. (1994) used a training set of 408 chemi-
cals to develop the above model, and reported a very high
degree of fit (+*=0.998, SD = 0.151). They did not, how-
ever, demonstrate the predictive ability of their model
using an external data set. To use this model, five solvato-
chromic parameters must be selected or estimated, and
this requires considerable chemical insight and experience.
These parameters for a range of chemicals have been
tabulated by Abraham et al. (1994) and Kamlet es al.
(1983). A set of rules and guidelines for estimating them
for chemicals not tabulated has been compiled by Hickey
and Passino-Reader (1991). The estimation procedures
involve over 200 tabulated functional group contribution
values, 15 rule statements, and several correction factors,
exceptions, and adjustments.

Method 5: Molecular connectivity index [ MCI] method

Nirmalakhandan and Speece (1988) developed the fol-
lowing three variable SAR model to predict Hy,:

log Huer = 1.29 4 1.005® — 0.468'y" — 1.2581  (6)

where @ is the polarizability parameter, 'y* the molecular
connectivity index, and 7 the hydrogen bonding index.

All three variables can be calculated from the molecular
structure of the solute using rigid and fixed algorithms,
with no reliance on any experimental inputs. A list of 17
atom and bond contribution values is needed to calculate
the polarizability parameter (Nirmalakhandan et al,
1997).

This model was first developed using a training set of
180 chemicals (*=0.98), and validated using a set of 20
chemicals (Nirmalakhandan and Speece, 1988). The stab-
ility and robustness of this basic model was demonstrated
using several regression diagnostic tests (Nirmalakhandan
and Speece, 1988). The basic model was then further
expanded with a training set of 267 chemicals and vali-
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Fig. 2. (a) Comparison between predicted and experimen-
tal log Hy.,. Method 2a: Group contribution method by
Hine and Mookerjee (1975). (b) Comparison between pre-
dicted and experimental log Hy.,. Method 2b: Bond contri-
bution method by Hine and Mookerjee (1975).

dated on an additional 175 test chemicals. The final SAR
model covers the largest Hy. data base spanning a range
of 10 log units, and maintains a reasonable fit to the ex-
perimental data with ?>0.95 (Nirmalakhandan et al.,
1997).

RESULTS AND CONCLUSIONS

The salient features of the six models discussed
in this paper are summarized in Table 3. The VP/
WS method appears to fail for low HLC values;
but, only in two cases the fitting error is more than
28D in the common comparison set. As pointed
out earlier, this method requires two experimental
inputs which severely limits its application to new
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Fig. 3. Comparison between predicted and experimental
log Hy.;. Method 3: Bond contribution method by Meylan
and Howard (1991).

chemicals, However, when reliable solubility and
vapor pressure data are available, and when the
solubility is less than 0.02 mol fraction, this should
be the method of choice.

The LSER method has the highest precision
(r2=0.99; SD = 0.15). While most values calculated
by this method are precise, this model has the lar-
gest number of cases where the errors are greater
than 2 SD in the common comparison set. End-
users may find this method difficult to use when
attempting to estimate HLC for chemicals with
unknown solvatochromic parameters. Also, this
method has not been validated on any external test-
ing set of chemicals.

3
a4 n=150, 2 =0.989,SD =0.19

Predicted log H der

-6 T "1t "t 1T 1T " 1

6 -5 4 -3 -2-101 2 3
Experimental log H der
Fig. 4. Comparison between predicted and experimental

log Haer. Method 4: LSER method by Abraham er al.
(1994).
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3
2- n =150, r = 0.966, SD = 0.34
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8
o 0
2 s
g 27 +
3
& -3 *
4 +¥
+
-5
'6 t 1 1 i LR \ 1
6 -5 4 -3 2 -1 01 2 3
Experimental log H der

Fig. 5. Comparison between predicted and experimental
log Haer. Method 5: MCI method by Nirmalakhandan er
al. (1996).

The bond contribution method of Meylan and
Howard (1991) performs better than the bond con-
tribution method of Hine and Mookerjee (1975),
covering a greater number of chemicals, with a
higher correlation coefficient and lower SD. This
improvement is also reflected in the AFE and the
fewer number of cases where the error is more than
2 SD in the common comparison set. Of the three
contribution methods, the group contribution
method of Hine and Mookerjee (1975) appears to
be more precise in terms of SD of the training set
(albeit for a smaller number of chemicals), AFE,
and the number of cases where the error exceeded
28D in the common set. These findings indicate
that HLC is dependent on both group and bond
contributions.

The MCI method of Nirmalakhandan and
Speece (1988) encodes both group and bond contri-
butions via the molecular connectivity indexes and
the polarizability parameter. This enables the
model to cover the largest number of chemicals
(=462) by a single equation with the minimum
number of model variables (=3). The correlation
coefficient in the training set is greater than that of
the three contribution methods with SD compar-
able to that of the bond contribution methods. The
fact that it uses error-free model parameters and
that the statistical robustness of the regression
model had been well documented, adds credence to
this method.

To compare the performance of the six models, a
common comparison set of 150 chemicals for which
all six estimation methods had a reported HLC
value was assembled (Appendix A). These chemi-
cals cover a wide range of molecular structures and
span 7 log units of Hy.. The agreement between
the HLC values calculated by the six methods for
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Fig. 6. Predicted H,. values vs. range of experimental H. data. Symbols represent predicted data.
Shaded bar represents range of experimental data.

these 150 chemicals with their reported HLC values
is presented in Fig. 1, 2, 3, 4 and 5. Correlation
coefficients in all these figures exceed 0.95,
suggesting that end-users can choose from any of
these methods based on the user’s familiarity, ease
of application, and commonality of related chemi-

cals. While Method 1, a PAR model, has a large
AFE, all the other SAR methods can be expected
to predict HLC within the acceptable target AFE
of 2.5.

Using the data of 12 chemicals common to
Table 2 and Appendix A, a comparison was made
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Fig. 7. Comparison of errors between Methods 3 and S.






