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Abstract 

The rate constant (b,,) of the gas-phase oxidation of hydrohalo-methanes and 
-ethanes by hydroxyl radical (OH) has been modelled in terms of eleven qualitative 
descriptors drawn from the chemical structure. The multivariate model was 
calibrated on a training set of 16 compounds selected by a statistiual design out of 
the investigated range of structures. It was experimentally validated by comparing 
the predicted with the actual J<OH.s available for 15 additional compounds. The 
standard deviation of the prediction errors in the reactivity range of the series 
(-14.77 9 log(k& 5 12.40 in our study) was found to be f 0.24. 

1. INTRODUCTION 

Several and sometimes poorly understood species and processes play a role in 
atmospheric chemistry and together ensure the maintenance of vital equilibria to 
the biotic systems. They also provide, to some extent, a sink for hazardous 
atmospheric pollutants which may modify such equilibria. For example, it is 
generally agreed that a dominant loss process for organics is their oxidation by OH 
radical [l]. The knowledge of the rate constant (k& of this process is therefore 
essential in order to evaluate the atmospheric lifetimes, hence the environmental 
compatibility of pollutants. 

To date, experimental J(OH.s are available for a limited number of organics. 
Nevertheless, such data, if properly utilized, may permit to develop empirical 
models, such as QSARs (Quantitative Structure-Activity Relationships) enabling to 
estimate the rate constant of non-tested compounds within a series of congeneric 
compounds. 

In previous studies, QSARs based on statistical design and multivariate analysis 
have been developed in which the k, of haloalkanes was expressed in terms of 
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structural descriptors of various type [2,3]. In this paper we report the results of 
additional studies focussed on the series of hydro-halogenated methanes and 
ethanes containing fluorine, chlorine and/or bromine atoms, a series of compounds 
which merit special attention. In fact, it includes, together with extremely persistent 
CFC.s (recently banned or restricted by international agreements), a number of 
possible, less persistent alternatives. A bH model based on eleven descriptors 
which can be directly drawn from the chemical structure has been developed and 
validated. 

2. EXPERIMENTAL 

2.1. Chemicals. 

The chemicals addressed were the 16 C, and the 60 C, hydrohaloalkanes 
containing F, Cl, and/or Br atoms, included in the EINECS [4] list or in the revised 
Montreal protocol [5] list. A variety of halogenation patterns was represented by the 
76 compounds. 

2.2. Structural data 

The multivariate characterization of the hydrohaloalkanes was carried out by 
means of eleven discrete variables. These were: six variables indicating the number 
of carbon, hydrogen, fluorine, chlorine, and bromine atoms and the number of all 
the halogens together present in the molecules (here-in-after referred to as 
“atom-counting” variables); plus five variables indicating the number of the following 
substituents at each HC- group present in the molecule: HC-I?,, HC-R, X, HC-4, 
HC-X, , and HC&CX, (here-in-after referred to as “group-counting” variables). 
Table 1 provides examples of parametrization according to the atom- and 
group-counting variables. 

2.3. Reactivity Data 

The rate constant of the reaction with hydroxyl radical was known for 31 of the 
76 compounds taken into consideration. All the parametrized compounds and the 
available reactivity data expressed in terms of log&,) (k = cm3 moleculed’ see-‘), 
are listed in Table 2. 

2.4. Statistical Methods 

Principal Component Analysis (PCA) [6] and a modified version of Partial Least 
Squares (PLS) [7], named Generating Optimal Linear Partial least squares 
Estimation (GOLPE) [8,9] were the methods used in the data analysis. 
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Table 1. Atom and group counting variables and examples of parametrizatiin . 
. 

Atomoounting variables Group-oounting vat@bles’ 

No. of C H Br Cl F rXb HC-R, HCR,X HCRX, HCRX, HCH&X, 

(1) (2) (3) (4) (5) (5) 0) (ii) (iii) (iv) (v) 

Examples0 

1 CF,-CH,F 2 2 0 044 0 0 1 0 0 

2 CHF&HF, 2 2 0 0 4 4 0 0 2 0 0 

3 CHFCCHCI, 2 3 0 3 0 3 0 1 1 0 0 

4CH&CI, 2 3 0 3 0 3 0 0 0 0 1 

5 CHCi&CI, 2 1 0 5 0 5 0 0 0 1 0 

a) R = H or -CH; X = Cl, F, Br atoms or -CX, group. 

b) ZX = F + Cl + Br 

c) Each CH was assigned as follows to the respective group: 1: cFS - I!H*F; 2: 6HF2 - EHF2; 

3: 6HzCI - &ICI2 ; 4: 6HJ - &&; 5: & - 6HC11; 

The selection of the training set compounds was accomplished by a D-optimal 
design [lo], applying the DESDOP routine available in the GOLPE [9] package. 
The design variables were the Principal Component extracted by means of a PCA 
from the original 11 structural descriptors. 

The relationship between log&,) (the y variable) and the structural descriptors 
(the x variables) was developed using GOLPE. This method identifies the optimal 
model dimensional@ as the one providing the lowest SDEP (Standard Deviation of 
Error of Prediction, eq. 1) [ll], and the highest QZ (the complement to the fraction of 
unexplained variance over the total variance, eq. 2). 

Q2 _ , _ c(yobs - yPrec+2 
%‘obs - B2 

=l_pREss 
ss 

(1) 

(2) 

These parameters are computed at each model dimension using predicted y 
values (y& for compounds held out of the model calibration. These predictions 
may slightly change depending on the number of held out compounds and on the 
number of random selection of the compounds included in each held out group. 
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Table 2. fUactivity data for tha invW 

MWOtl) 

VsT’ NoName obs.b OWd.(calc. 

V 1 CH,CI, 

2 CHBr, 

V 3 CH,CI 

4 CH,CIBr 

T 5 CHCI, 

V 6 CHF,CI 

T 7 CHFCI, 

8 CHBrCI, 

9 CHBr,CI 

T lOCH,Br 

11 CHF, 

V 12CH,CIF 

13 CH,Br, 

V 14CH,F 

15 CHF,Br 

T 16CH,F, 

T 17 CHCI, -CHCy 

V 16 CHCkCH,CI 

T 19 CH,CCCH,CI 

T 20 CH,CI-CH, 

21 CH,Br-CH,CI 

T 22 CH,Br-CH,Br 

V 23 CHCb-CH, 

24 CHBr,-CHBr, 

25 CCI,CHCI, 

T 26 CC&-C& 

V 27 CH,Br-CH, 

V 26 CF,CI-CH, 

V 29 CHF,-CH, 

30 CF,Br-CH,Br 

31 CF,-CHCIBr 

T 32 CF,-CHCI, 

33 CF,Br-CHFCI 

34 CF,Ci-CHCI, 

35 CF.&i-CHFCI 

T 36 CHBr,-CH,C 

37 CH,CCCH,F 

38 ccI,CH,cI 

-12,85 

-13,36 

-12,99 

-14,33 

-13.52 

-13,41 

-13.36 

-13,77 

-13,96 

-12,6 

-12,48 

-12,66 

-12,4 

-12,6 

-12,59 

-13,92 

-12,46 

-14,45 

-13,47 

-13,47 

-12,6 

-13.25 39 CHBr,-CHF, 

-13,33 40 CF,CH,Br 

-13,22 41 CBr,-CH,Br 

-13,33 T 42 CH$-CH, 

(-1368) 43 CF,Br-CHFBr 

-13,85 44 CCL&HFCI 

(-13,47) 45 CHCI,-CFCI, 

-13,16 T 46 CF,-CHF, 

-13,24 47 CHFCCCHFCI 

(-13,31) 48 CCbBr-CH,Br 

-14,23 49 CBr,-CHBr, 

-13,63 50 CHBr,-CH,Br 

-13,41 T 51 CF,CH$I 

-13,61 52 CH,CI-CCIF, 

-13,93 V 53 CHJ-CF, 

(-14,Ol) V 54 CHFCI-CF, 

(-12,61) V 55 CH,CCI,F” 

-12,59 V 56 CH,F-CH,F 

(-12,57) T 57 CF,-CH, 

(-12,36) V 58 CHf-CHF, 

-1265 T 59 CHF,CHF, 

(-12,73) 60 CH@r-CH,F 

-1238 61 CC&F-CHCIF 

-12,93 62 CC&-CHF, 

-12,52 63 CHF,CFCL, 

(-13,77) 64 CHF,CF,CI 

-1244 65 CHCI,CHCIF 

-1454 66 CH&CCFCI, 

-13,15 67 CC4-CH,F 

-13,61 68 CHF,-CHCI, 

-13,75 69 CHF-CFCI, 

(-13,67) 70 CHF,CHFCI 

-13,75 71 CH$-CF,CI 

-13.29 72 CH,CI-CHFCI 

-13,67 73 CH,F-CHCI, 

(-1255) 74 CH,CI-CHF, 

-12,95 75 CH,F-CHFCI 

-12,69 76 CHcCHFCI 

hd ampounda.’ 

r,T’ No Name 

b3Ob”) 

0bS.b ored.kalc.) 

-12.64 

-14,6 

-13,79 

-14,07 

-13,99 

-14,14 

-12,96 

-14,77 

-13,74 

-14,28 

-1354 

-13,92 

-13,Ol 

(-12,75) 

-13,83 

-12,91 

-12,91 

(-1444) 

-13,37 

-12,85 

-12,93 

-12.83 

(-1384) 

-1345 

-14.22 

-1496 

-14,16 

-13,33 

(-14,92) 

-13,74 

(-14,14) 

-13,03 

-13.29 

-13,29 

-13,67 

-1496 

-12,99 

-13,07 

-13,07 

-13,37 

-13,45 

-13,76 

-1384 

-12,97 

-12,97 

-1335 

-13,35 

-12,77 

7 and V indicate the training and validation set compounds, respectively. b From ref. 1, unless 

otherwise noted. ’ From Ref. 2. d From ref. 12. 
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3. RESULT AND DISCUSSION 

3.1. Parametrization 

As mentioned in section 2.2 (structural data), 11 discrete variables are used for 
describing the structural variations in the series. The choice of these variables was 
based on the consideration that all the hydrohaloalkanes react with the OH radical 
mainly via H-atom abstraction so that the rate constant certainly depends on the 
C-H bond energy which is neither easily measured, not easily computed. However, 
it is well known that the C-H bond energy depends on the number of hydrogens, 
carbons and halogens present in the molecules, and that it is also affected by the 
substituent groups at each carbon involved in the C-H bond cleavage. 

Following this idea, each single compound was parametrized as reported in 
Table 1: first, all type of elements present in the molecules were identified and 
counted (variables l-5); second, all the halogen atoms together were summed 
(variable 6); and third, five possible substituent groups at each C-H were identified 
and their number was counted (variables i - v). 

3.2. Selection of a Training Set. 

3.2.1. Design 

The PC analysis of the 76x11 data matrix allowed to contract the original eleven 
variables to seven orthogonal “latent” dimensions accounting for the 96% of the 
total variance in the X data. 

The seven PC.s were used as the design variables in the D-optimal selection of 
a training set among the 31 compounds with k,, data. Sixteen compounds were 
selected in order to have an approximately equal number of compounds distributed 
between the training and the validation sets (see section 3.3 External Validation of 
the Model). The D-efficiency [lo] of the design is 30%. Because of the use of a 
statistical design, the training set compounds (see Table 2, compounds labelled 
with T) ensure the best possible mapping of the x variables space. Furthermore, as 
it may be noted from their bH values, they are also well distributed within the y 
variable space. 

3.2.2. Model Development 

The model relating the log(&) with the eleven structural descriptors was 
developed by using the GOLPE [9] analysis. The optimal model dimension was 
identified on analysing the values of the SDEP and Q2 parameters (equations 1 
and 2, respectively) at each model expansion up to the sixth components. The 
parameters were calculated in two different way: first by the Leave One Out 
(L.O.O.) procedure, in which each compound, one at time, is held out of the training 
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set, and its log(k,,) value is predicted by the model fitted to the remaining 15 
compounds. These predictions were used in the calculation of SDEP and Q2. 
Second, by the grouping procedure, in which the training set was initially 
sub-divided, in our application, into five groups (so that each group included three 
or four compounds) and thereafter the same procedure as above was applied, with 
the only difference that one group (instead of one compound) at a time was left out 
of the training set. 

Whenever the grouping procedure is applied, the calculated SDEP and ti 
values depend, as is obvious, on how the groups are formed. In order to overcome 
this pitfall, GOLPE includes a routine allowing to repeat the calculation of the two 
parameters several times, each time starting from different, randomly obtained, 
grouping of the training compounds. This permits to obtain average, stable values 
of SDEP and Q* together with their respective standard deviation. In our study, the 
process was repeated after each of 200 randomization of the training set 
compounds. Table 3 summarizes the results obtained. It also includes the fit 
parameters SDEC (Standard Deviation of Error of Calculation) and R* computed 
with equations 3 and 4, respectively, in which the term “y,” of eqs. 1 and 2, is 
replaced with the “calculated” y values provided by the model “fitted” to all the 16 
training set compounds. 

SDEC= ~bJs-Ycfd2 (3) 
N 

@ _ , _ x(yobs - ka/o)* 
z(Y&s - B2 

Table 3. SDEP and Q*valuee obtained in the L.O.O. and in the grouping 
procedures 

Components SDEC R* 

L.O.O. 5 groups 

SDEP Q2 SDEP SD-F Q2 

1 0,396 0,724 0,541 0,403 0,551 0,035 0,463 

2 0,147 0,962 0,351 0,782 0,396 0,088 0,723 

3 0,112 0,978 0,255 0,885 0,302 0,077 0,839 

4 0,ll 0,979 0,231 0.906 0,273 0,072 0.868 

5 0,109 0,979 0,245 0,894 0,279 0,087 0,862 

6 0,109 0,979 0,254 0,886 0,287 0,088 0,854 

a Standard deviation of the SDEP parameter. 
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The results may be commented as follows: a) both the L.O.O. and the 
“grouping” procedures indicate that the model with the optimal, and apparently 
rather good, predictive capacity is the four dimensional model (i.e., the one with the 
lowest SDEP and highest Q* ). However, the two parameters are not significantly 
different after the third and fourth model expansion. Therefore, since the fourth 
does not, in practice, increase the fraction of explained variance and, on the 
contrary, it may just introduce noise, the tridimensional model was selected as the 
optimal one. With this model: b) the SDEC and R* values (0.11 and 0.98, 
respectively, Table 3) show an excellent fti of the data to the model, as is also 
demonstrated by the agreement between actual and calculated log(k,,) values for 
the training compounds (see Table 2); however, fit parameters do not inform about 
the real predictive capacity of the model. This information is given by the predictivity 
parameters: c) the SDEP and Q* values are not as optimistic; in particular, they 
show that the grouping procedure gives, as expected, more conservative values 
than the L.O.O. procedure with respect to the predictive ability. However, the values 
resulting from the two procedures are not substantially different; this result suggests 
that the model should be rather stable, hence supports that the selected x variables 
can properly account for the variations of b,,. 

(v 0.3 

B 

s 0.1 

P ._ 

-s 
0 

-0.1 

0.1 0.3 0.5 

loading vector 1 

i = K-R3 

ii = HC-R2X 

iii = HC-RX2 

iv = HC-X3 

V = HCH3-CX3 

Figure 1. Loading plot with loading vector 2 vs loading vector 1 ‘(symbols as in 
Table 2) 
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The relative importance of each descriptor (x variable) in explaining the 
reactivity towards the OH radical of the hydrohaloalkanes can be inferred from the 
analysis of the loading plot (figure 1) according to the two most important 
dimensions, i.e. the first and the second, together explaining 96% of the total 
variance. The plot shows that, in the first dimension, two groups of variables have 
opposite influence on the variation of log&, ): the number of fluorines (F), 
halogens (ZX) are rate decreasing variables, whereas the number of hydrogens 
(H), bromines (Br), HC-R, (i) and HC-&X (ii) groups are rate increasing variables. 
In the second dimension three variables show to have a remarkable influence on 
the reactivity of hydrohaloalkanes towards the OH radical: the number of chlorines 
(Cl), and HC-X, (iv) groups enhance the reactivity, while the number of HCH,-CX, 
(v) groups reduce it. 

3.3. External Validation of the Model. 

As already mentioned, while the fit parameters do not provide information about 
the predictive capacity of the model, the predictivity parameters do. However, the 
SDEP and Q2 parameters estimate the predictivity only in terms of self consistency 

4 

t/ 

28 

_IC 57 I 
-'x15 -14 -13 -12 

Wk,,) WW 

Figure 2. Plot of calculated/predtcted vs. observed log(kJ data 

(training set wmpounds in bold). 
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of the model itself [9]. For this reason, in order to evaluate the actual model 
predictivity, it seemed appropriate to use an external validation set. 

A comparison between the actual and the predicted log&) values for the 15 
compounds not included in the training set was, therefore, carried out. 

The results obtained are plotted in figure 2 (where the actual vs the calculated 
log&,,).s for the training set compounds are also included) and listed in Table 2. 

The standard deviation and the @ for the validation compounds were 0.24 and 
0.87 respectively, indicating that a good agreement really exists between predicted 
and actual log(k,,,) values. It seems worth noting that this agreement is better than 
that anticipated by the SDEP and Q2 parameters provided by GOLPE according to 
the grouping procedure and it is practically the same as anticipated by L.O.O. 
procedure. 

The results obtained in the external validation allowed to extend the predictions 
to the non tested 45 compounds in our data (the predicted log(&) values are 
reported in Table 2). 

4. CONCLUSIONS 

This study further supports the effectiveness of statistical design and 
multivariate analysis in the construction of locally valid QSAR models. These may, 
in fact, work, provided that they are developed for, and applied to series of 
chemicals with similar structure and the same mechanism of reactions. It also 
confirms that GOLPE enables to compute reliable parameters for identifying the 
optimal model and assessing its predictive capacity. 

In our application a good bH model was obtained according to our validation 
process. This can mainly be attributed to 1) the homogeneity (structural and 
mechanistic) of the series; 2) the use of a statistical design in the selection of the 
training set; and 3) the adequacy of the utilized multivariate descriptors in 
accounting for the variation of k,,,,. 

Concerning the descriptors used, we note that they can be directly drawn from 
the chemical structure, enabling to estimate the k, of not yet synthesized 
compounds. The model therefore provides, among others, an effective tool for an 
early inclusion/exclusion from consideration of several possible substitutes for 
compounds such as those CFCs to be phased out of production and use. Further 
validation of the model, by testing additional compounds located into so far poorly 
investigated structural area, seems therefore worth conducting. 
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