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Abstract 

A large number of anthropogenic organic chemicals are emitted into the troposphere. 

Reactions with the hydroxyl radical are a dominant removal pathway for most organic 

compounds, but experimentally determined gas-phase reaction rate constants are only 

available for about 750 compounds. The lack of experimental data increases the 

importance of applying structure-activity relationships (QSAR) to evaluate and 

predict reactivities. It is generally acknowledged that these empirical relationships are 

valid only within the same domain for which they were developed. However, model 

validation is sometimes neglected and the application domain is not always well 

defined. The purpose of this paper is to outline how validation and domain definition 

can facilitate the modeling and prediction of the hydroxyl radical reaction rates for a 

large database. A substantial number of theoretical descriptors (867) were generated 

from 2D molecular structures for compounds present in the Syracuse Research 

Corporation’s PhysProp Database. A QSAR model was developed for the hydroxyl 

radical reaction rate constant using a projection-based regression technique, PLSR 

(partial least squares regression). The PLSR model was subsequently validated with 

an external test set. The main factors of variation could be attributed to two reaction 

pathways, hydrogen atom abstraction and addition to double bonds or aromatic 

systems. A set of 17 293 compounds, drawn from the PhysProp Database, was 

projected onto the PLSR model and 74% were inside the applicability domain. The 

predicted hydroxyl reaction rates for 25% of these compounds were slow or 

negligible, with atmospheric half-lives in the range from days to years.  Finally, the 

list of persistent organic compounds was matched against the OECD list of High 

Production Volume Chemicals (HPVC). Together with the experimental data, nearly 
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three hundred compounds were identified as both persistent and in high volume 

production. 

 

Keywords: Molecular descriptors, multivariate calibration, OH radical, quantitative 

structure-activity relationship, reaction rate constant.
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1. Introduction 

In the modern industrial society large amounts of anthropogenic organic chemicals are 

emitted into the troposphere. The world-wide volatile organic compound emissions 

from anthropogenic sources have been estimated at about 110 million metric tons per 

annum (Piccot, Watson and Jones, 1992). The distribution and fate of these 

anthropogenic chemicals cannot be evaluated without proper knowledge about 

physical-chemical equilibrium partitioning and degradation in relevant environmental 

media (Mackay et al., 1996). The degradation varies considerably between different 

environmental media, with air being the most reactive one (Gouin et al., 2000). 

Reactions with hydroxyl radicals in the troposphere is the dominant removal pathway 

for many industrial chemicals, but other active oxidants such as nitrate radicals and 

ozone are also present (Atkinson, 1986; Atkinson and Arey, 2003).  

Little in known about the reaction rates of compounds adsorbed onto particulate 

matter (Meylan and Howard, 2003). However, the fraction adsorbed can be estimated 

from the aerosol properties and the vapor pressure. It is worth noting that organic 

compounds exist mainly in gas phase down to liquid vapor pressures as low as 10-3 to 

10-4 Pa at ambient temperatures  (Bidleman, 1988). The reaction rates with the OH 

radical in the gas-phase can thus still be used to calculate the half-lives in the air for 

most organic compounds. 

The Chemical Abstracts registry currently holds more than 24 million organic and 

inorganic substances. Only a minor portion of the known organic chemicals have 

come into commercial use, but they still amount to substantial numbers. The Toxic 

Substances Control Act (TSCA) inventory by the U.S. EPA currently holds 

approximately 75 000 compounds. Similarly, the European Inventory of Existing 
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Chemical Substances (EINECS) encompass approximately 100 000 compounds of 

which 80 000 compounds are believed to be in use within the European Union 

(Brown, 2003). In contrast, experimentally determined gas-phase reaction rate 

constants with the hydroxyl radical are only available for about 750 organic 

compounds (Meylan and Howard, 2003). 

The lack of experimental data for the majority of the organic compounds in 

commercial use has increased the importance of quantitative structure-activity 

relationships (QSAR) to evaluate and predict the reactivities of compounds not yet 

tested (Meylan and Howard, 2003). All QSAR modeling relies on the assumption of a 

correspondence between the physical, chemical and biological properties/activities of 

a compound and its molecular structure, represented by the chemical composition, 

connectivity of atoms, potential energy surface etc. (Karelson, 2000).  The OH radical 

reaction rate constants have been modeled from the molecular structure using various 

approaches; these include both group contribution methods as well as combinations of 

physical properties and computationally derived molecular descriptors (Atkinson, 

1986; Kwok and Atkinson, 1995; Klamt, 1996; Medven, Güsten and Sabljić, 1996; 

Bakken and Jurs, 1999; Gramatica, Consonni and Todeschini, 1999; Güsten, 1999; 

Neeb, 2000). 

The Atkinson group/fragment method seems to be the most widely applied among the 

estimation methods and has also been implemented in the U.S. EPA’s AOPWIN 

estimation software (Meylan and Howard, 1993; Meylan and Howard, 2003). This 

estimation method has been continuously developed since the early 1980s and now 

comprises more than 80 parameters (substituent factors). The substituent factors were 

derived using nonlinear least-squares analyses of kinetic data from a large fraction of 
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the available database (Atkinson, 1986; Kwok and Atkinson, 1995). The large number 

of parameters restricts the applicability domain to become narrow. It has been 

explicitly stated that extrapolation outside of the database used for its development 

results in lack of assurance and reliability and is not recommended (Kwok and 

Atkinson, 1995; Atkinson, 2000; Meylan and Howard, 2003). However, the 

applicability domain has only been defined in qualitative terms and the AOPWIN 

software does not provide any additional tools to identify compounds outside of this 

domain.  

Irrespective of the fitting scheme, rigorous validation and a well-defined domain of 

application are vital components for the future success of a QSAR model. It has been 

observed that these steps in model development are often lacking. Three recent papers 

that provide guidelines for the development of QSAR models also pay special 

attention to validation and misuse by extrapolating beyond the domain of application 

(Eriksson et al., 2003; Tropsha, Gramatica and Gombar, 2003; Walker et al., 2003). 

Defining the domain of application necessitates some measure of chemical similarity, 

and descriptors of the chemical structure provide such measures (Nikolova and 

Jaworska, 2004). Eriksson et al. (2003) give further details on how the applicability 

domains are subsequently defined using projection-based methods.  

The main purpose of this investigation is to develop and validate a QSAR model for 

the reaction rate constant of organic compounds with the hydroxyl radical, which can 

be applied to the screening of large databases. This requires the model to use only 

structural elements and descriptors that are easily computed. For speed and ease of 

computation a generally accepted 2D molecular representation such as the Simplified 

Molecular Input Line Entry System (SMILES) is preferred.  
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2. Experimental procedures 

The experimental part of this investigation consists of three steps: collection of 

experimental and structural data, generation of molecular descriptors, and data 

analysis.  

 

2.1 Collection of data 

The PhysProp Database (Syracuse Research Corporation, Syracuse, NY) contains 

chemical structures (SMILES notations), names, and physical properties for over 25 

000 compounds. Experimentally determined rate constants for reaction with the 

hydroxyl radical are reported for 784 compounds. These data have been compiled 

from publications in the scientific literature between 1976 and 2001. Entries in the 

database for compounds with reaction rate constants below the limit of detection are 

reported as values at the same limit. Forty-one compounds were excluded from further 

analysis because the rate constants were determined outside of a temperature interval 

295-300 K, the molecular weights were outside of an interval 30-300 amu or valid 

molecular descriptors could not be generated.  The remaining 743 compounds were 

used for calibration and validation of an empirical QSAR model. Another 17 293 

compounds from the PhysProp Database within the same molecular weight interval 

were selected for further study, excluding charged molecules and organometallics. 
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2.2 Generation of molecular descriptors 

The 2D molecular structures were used directly as input for the generation of 867 

empirical descriptors using the software Dragon v.5.0 (Milano Chemometrics and 

QSAR Research Group, University of Milano-Bicocca, Milan, Italy). The molecular 

descriptors generated include constitutional descriptors, topological descriptors, walk 

and path counts, connectivity indices, information indices, 2D autocorrelations, edge 

adjacency indices, BCUT descriptors, topological charge indices, eigenvalue-based 

indices, functional group counts, and atom-centered fragments. Most of these 

descriptors are reviewed in the recent textbook by Todeschini and Consonni (2000). 

The correct interpretation of the SMILES code was validated by comparison of the 

molecular weights reported in the databases with those calculated. Only the 

compounds passing this validation have been included in the investigation. 

 

2.3 Software and data analysis 

The data analysis and multivariate calibrations were carried out using the software 

Unscrambler v.9.0 (Camo Process AS, Oslo, Norway). Analysis of variance 

(ANOVA) and partial least squares regression (PLSR) were used as methods for data 

analysis and modeling. ANOVA is described by Ståhle and Wold (1990). PLSR is 

based on a linear transformation of the original descriptors to a limited number of 

orthogonal factors, attempting to maximize the covariance between the descriptors 

and the response variable. The term latent variable is used to denote the PLS factors, 

since they can be interpreted as describing the inherent chemical properties (Wold and 

Sjöström, 1998).  Multivariate calibration is reviewed by Martens and Næs (1989), 

Wold et al (2001) and Næs et al (2002). Descriptor variables with minor influence in 
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the PLS regression were assigned zero weight; these variables were identified using a 

jackknife method for significance testing of the model parameters (Martens and 

Martens, 2000; Westad and Martens, 2000). 

All descriptor variables were preprocessed by auto-scaling to zero mean and unit 

variance. Cross-validation was used to establish the rank of the calibration model 

(number of latent variables), and an external test set was used to estimate the 

prediction error. The dependent variable, the rate constant for reaction with the 

hydroxyl radical, was transformed to its logarithm. The calibration model was 

characterized by the standard deviations of the prediction residuals for the calibration 

objects and the external test set respectively: SEC (standard error of calibration) and 

SEP (standard error of prediction). The explained variances are defined as sums of 

squares due to regression divided by sums of squares about the mean: R2 (square of 

the multiple correlation coefficient for the calibration objects) and Q2 (square of the 

multiple correlation coefficient for the external test set). 

The PLSR calibration model also defines a valid domain for the descriptor variables. 

New validation and prediction objects were assessed by the residual standard 

deviation (the Euclidean distance to the PLSR model) and the leverage (the 

Mahalanobis distance to the calibration objects within the PLSR model space). These 

two distance measures were then used to decide if an object was within the domain of 

application or not. Here, the 5% significance level was chosen as the limit for the 

residual standard deviation and the limit for the leverage was set to three times the 

average leverage for the calibration objects.  
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3. Results and discussion 

The organic compounds selected from the PhysProp Database for model development 

represent a diverse selection of organic compounds with approximately normally 

distributed molecular weights (n = 743, mean = 118, and standard deviation = 46.4). 

The OH radical reaction rate constants vary between 6·10-10 to 1·10-16 cm3 molecule-1 

s-1 and the log-transformed data show a heavy tailing towards the lower reaction rates 

(Figure 1). A Box-Cox power transformation would have achieved a more symmetric 

distribution (Box and Cox, 1964), but the log-transformation was preferred in order to 

facilitate comparisons with other studies in the literature. The log-transformed data 

are also in much closer agreement with a symmetric normal distribution than the 

untransformed rate constants. The skewness – a measure of the deviation from 

symmetry – was -1.22 for the log-transformed data as compared to 3.82 for the raw 

data. 

 

3.1 A multivariate QSAR calibration model 

The compounds with experimentally determined rate constants were randomly sorted 

into two groups: a calibration set of 495 objects and a test set of 248 objects. Three 

hundred and thirty-three descriptor variables were selected for inclusion in the final 

model, based on significance tests using jackknifing in preliminary runs; seven 

outlying objects were excluded from the calibration set based on the residual sample 

variance for the descriptor variables and the response variable. The number of latent 

variables to retain in the PLSR model was estimated at seven using cross-validation 

with 20 randomly assigned validation segments of equal size. These seven latent 

variables capture 69.9% of the variance in the 333 descriptor variables, thus 



 11

demonstrating that the information contained in the descriptors is effectively used in 

the calibration model. The explained calibration variance (R2
Cal) for the dependent 

variable (the logarithm of the OH radical reaction rate constants) was 90.6% and the 

standard error of calibration 0.389 log cm3 molecule-1 s-1. The explained prediction 

variance for the cross-validation objects (Q2
CV) was 87.5% and the standard error of 

prediction was 0.449 log cm3 molecule-1 s-1. 

The PLSR model also defines a valid domain for the descriptor variables. Ten objects 

in the external test set were substantially different from the calibration objects and fell 

outside of the 5% confidence bound for the residuals and the leverage limit of 0.0492. 

These objects were thus excluded from further use (Figure 2), and the model was 

subsequently validated with the remaining 238 objects from the external test set. 

Figure 3 shows predicted versus measured results for the test set objects. One object 

in the test set (cis-1,3,5-hexatriene) showed a serious overprediction compared to the 

calibration data. The rate constant taken from the most recent MS Excel-version of 

PhysProp Database (file dated December 11, 2002) was 1.10·10-13 cm3 molecule-1 s-1, 

but a check with the primary source revealed that this value should actually be 

1.11·10-10 cm3 molecule-1 s-1 (Atkinson, 1986). This is in good agreement with the 

model prediction of 1.7·10-10 cm3 molecule-1 s-1 and is a nice demonstration of the use 

of QSAR models for database validation as suggested elsewhere (Öberg, 2004). After 

correction of the erroneous data, the explained variance (Q2
Ext) for the dependent 

variable was 84.0% and the standard error of prediction was 0.501 log cm3 molecule-1 

s-1. If all objects in the external test set had been retained, the explained variance and 

standard error of prediction would still remain almost the same (82.8% and 0.516 log 

cm3 molecule-1 s-1 respectively). 
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3.2 Main factors of variation 

The latent variables should not be seen as clean chemical effects, but rather as local 

directions in the multidimensional descriptor space that best summarize the data 

(Wold and Sjöström, 1998). The PLSR model is however mathematically and 

statistically equivalent to a linear free energy relationship, and can be given a 

chemical interpretation. 

Most of the variance, both in the molecular descriptors and the OH reaction rate 

constants, is described by the first four latent variables (Figure 4). A large proportion 

of the variation in the OH reaction rate can be attributed to two reaction pathways, 

hydrogen atom abstraction and addition to double bonds or aromatic systems 

(Schwarzenbach, Gschwend and Imboden, 2002). The first latent variable describes 

mainly variation in the number of hydrogen atoms. The second latent variable can 

largely be assigned to the presence of electronegative or non-reactive substituents, 

with a significant contribution from the number of halogen atoms. The third and 

fourth latent variable can similarly be attributed to the number of double and aromatic 

bonds. 

Results from an analysis of variance (ANOVA) for the reduced calibration data set 

(488 objects) are summarized in Table 1. The contributions from these four 

substituent factors to the OH reaction rate can thus be described by a simple linear 

model, accounting for 65.6% of the variance (R2
Cal). This simplified model does 

provide a better understanding of the substituent effects involved, but the previously 

described PLSR model had a superior predictive performance.  
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3.3 Comparison with the other modeling approaches 

A basic assumption for the modeling approach applied in this investigation, PLS 

regression, is that the investigated system is influenced by only a few underlying 

variables, called latent variables (Wold, Sjöström and Eriksson, 2001). The seven 

latent variables found here can be viewed as a new set of master descriptors selected 

to obtain a simple and parsimonious model. This dimensionality reduction is an 

inherent part of the PLS regression scheme, and sometimes overlooked when 

comparing with different modeling techniques. 

Another important aspect of any QSAR model is its predictive ability, since 

essentially any modeling technique can obtain an excellent fit to the calibration data if 

the number of parameters is large enough.  Validation with an external test set is then 

a necessary prerequisite, but unfortunately neglected in several reports. Finally, before 

the suggested model is applied to estimate the properties of new compounds the 

domain of applicability must be clearly defined. 

Most QSAR studies of the hydroxyl radical reaction rate constant reported in the 

literature do not provide information about the predictive ability (Medven, Güsten and 

Sabljić, 1996), and the domain of applicability is only discussed in qualitative terms. 

It is therefore difficult to make a direct comparison, but some general observations are 

possible. 

Models with similar dimensionality and validated with external test sets show similar 

performance. Gramatica et al developed an ordinary linear regression model by 

variable selection from 175 molecular descriptors for 201 compounds and the optimal 
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model dimensionality was determined using cross-validation (Gramatica, Consonni 

and Todeschini, 1999). This model was subsequently validated with an external test 

set of 120 other compounds and the standard error of prediction was found to be 0.591 

log cm3 molecule-1 s-1, which is comparable to the PLSR model in this investigation. 

Medven et al. (1996)  developed a PLS regression model for a data set of 57 

unsaturated hydrocarbons with a cross-validated explained variance Q2
CV of 86%, 

which is also comparable to the current model. 

Models with a higher dimensionality often have better performance for calibration 

data, while the predictive ability is largely unknown or uncertain since the external 

validation is often limited. Meyland and Howard (2003) reviewed the Atkinson 

method and demonstrated an excellent performance with a data set of 720 compounds, 

but a large portion of the same data was also used in developing the same model and 

may have introduced some bias (Medven, Güsten and Sabljić, 1996; Bakken and Jurs, 

1999). The reported standard deviation for the residuals, 0.246 log cm3 molecule-1 s-1, 

can therefore not be regarded as an estimate of the prediction error. The PLSR model 

presented in this investigation can achieve a similar low calibration error with fifty 

latent variables, but at the cost of inferior predictive ability. 

 

3.4 Assessment of the applicability domain and prediction of a large data set 

The motivation for developing this QSAR model is to enable reliable predictions of 

the hydroxyl radical reaction rate constant for organic chemical compounds not yet 

tested. As an initial test, 17 293 compounds (objects) from the PhysProp database 

were selected for further investigation. 
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A QSAR model is only valid within its calibration domain and new objects must 

therefore be assessed as belonging to this domain before the model is applied. The 

valid domain can easily be defined with the PLSR model, as outlined in the 

Experimental section. In this data set, 4 504 objects fall outside of the 5% confidence 

bound for the residuals or the leverage limit of 0.0492, and can thus not be reliably 

predicted. All the remaining 12 789 objects (74.0% of the dataset) fall within the valid 

model domain and an error of prediction similar to the test set can be expected. The 

prediction results are summarized in Table 2 and are also shown in more detail with a 

frequency histogram in Figure 5.  

The hydroxyl radical concentration in the troposphere varies diurnally and seasonally. 

The global mean OH-radical concentration has been estimated to 1.0 · 106 molecule 

cm3 (Prinn et al., 1995; Krol, van Leeuwen and Lelieveld, 1998). The reaction 

kinetics of the degradation from atmospheric radical reactions will be pseudo-first 

order, due to the low radical concentrations compared to the organic compounds 

present (Güsten, 1999). The tropospheric half-life from reactions with the hydroxyl 

radical can subsequently be calculated from the estimated concentration and the 

reaction rate constant: t½ = ln 2 / ([OH] · kOH) 

Darnall et al (1976) suggested a reactivity scale of five classes for atmospheric 

hydrocarbons based on the reaction with the hydroxyl radical. A recent document 

classifies the atmospheric degradation potential into four classes: Rapid (≤ 2 h), 

moderate (2h - ≤ 1 day), slow (>1 - ≤ 10 days) and negligible (> 10 days) (EPA, 

2000). In Table 3, this classification is applied to the previously reported model 

predictions assuming an OH-radical concentration of 1.0 · 106 molecule cm3. Twenty-

five percent of the investigated compounds react slowly or negligible with the 
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hydroxyl radical, and it is within this group we may assume to find new candidates to 

be classified as persistent organic pollutants.  It is therefore of interest to evaluate the 

chemical characteristics and it should come as no surprise that the majority of the 

persistent compounds are organohalogens, 68% of those reacting slowly or negligible 

compared to only 13% of those with a rapid or moderate reaction rate. Similar but 

reversed trends are seen for the number of hydrogen atoms and double bonds. 

Ozone depleting substances (chlorofluorocarbons, bromofluorocarbons, 

hydrochlorofluorocarbons and hydrobromofluorocarbons) and greenhouse gases (fully 

fluorinated compounds and hydrofluorocarbons) are among the most stable 

compounds, but this group also includes some well-known persistent organic 

pollutants (hexachlorobenzene, polychlorinated biphenyls and polychlorinated 

dibenzo-p-dioxins). 

An atmospheric half-life of two days has been proposed as screening criteria for 

persistent organic pollutants (Rodan et al., 1999), and 1 983 compounds in the 

prediction set exceed this limit. The list of persistent organic compounds derived in 

this investigation was subsequently matched against the OECD list of High 

Production Volume Chemicals (HPVC) (OECD, 2001). The HPVC list contains 

chemicals which are produced at levels greater than 1 000 metric tons per year in at 

least one member country. One hundred and fifty-two of the persistent organic 

compounds in the prediction set are included in the HPVC-list, Table 4. Another 131 

compounds with experimentally determined hydroxyl reaction rate constants below 

4·10-12 cm3 molecule-1 s-1 are also found on the HPVC list, adding to a total of 283 

persistent compounds. The HPVC list has previously been evaluated with both the 

AOPWIN software and the Klamt molecular orbital method (Sabljić and Peijnenburg, 
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2001). The results from that study also seem to indicate a similar amount of persistent 

organic compounds currently in high volume production. 

 

4. Conclusions 

The purpose of this investigation has been to model and predict the reaction rate of the 

hydroxyl radical with organic compounds, which is a major factor in the assessment 

of the persistence, transport, distribution and exposure to industrial chemicals.  

A consistent method of determining whether or not new objects belong to the model 

domain is fundamental to the application and practical use of a QSAR model. The 

calibration model developed in this investigation uses a projection-based regression 

method, partial least squares, which made it possible to define this domain of 

application with Euclidean and Mahalanobis distance measures derived from the 

projections of the multivariate descriptor space. A broad and stable set of chemical 

descriptors, able to discriminate between compounds with different properties, has 

been suggested as a basis for the domain definition (Eriksson et al., 2003; Nikolova 

and Jaworska, 2004). In this model 333 computationally derived descriptors were 

selected on the basis of stability in the parameter estimates during jackknifing 

(Martens and Martens, 2000; Westad and Martens, 2000), and the defined domain of 

application thus has the required breadth and stability.  

The PLSR calibration model reduces the dimensionality of the multivariate descriptor 

space down to a few latent variables, and these latent variables can often be given a 

meaningful chemical interpretation. In this investigation a 333 variable descriptor 

space was reduced into only seven latent variables, while preserving 69.9% of the 
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variation in the original descriptors. The main sources of variation in this reduced 

latent variable space were directly linked to the major reaction pathways with the 

hydroxyl radical, i.e. hydrogen atom abstraction and addition to multiple bonds. 

A primary purpose of this investigation was to develop and validate a QSAR 

procedure that can be used for database mining. The calibration model was applied to 

a set of 17 293 compounds and 74.0% were inside the applicability domain. The 

prediction results seem to suggest that twenty-five percent of these compounds have a 

slow or negligible reaction rate with the hydroxyl radical and atmospheric half-lives 

in the range from days to years. The overwhelming majority of these compounds are 

currently used only in small quantities, but the results from this investigation indicates 

that 283 of the most persistent compounds, with an atmospheric half-life from two 

days to more than a year, are in high volume production. The hydroxyl radical 

reaction rate constants have been experimentally determined for less than half of these 

compounds. All of these compounds will not be found in the atmosphere, but the 

majority have vapor pressures in a range to make atmospheric transport a major 

pathway of distribution. The need for continuing efforts, both with modeling and 

experimental studies therefore seems well motivated. This investigation demonstrates 

a new modeling approach, with the focus on validation and application domain 

identification, which may assist in future work. The 152 compounds identified here as 

both persistent and in high volume production may suggest where further 

experimental work is of most importance, to correctly evaluate the environmental 

impact. 

However, it should be noticed that a slow rate of reaction with hydroxyl radicals may 

be part of an attractive environmental profile for a particular organic compound. One 
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such example is compounds with a low potential for photochemical formation of 

ozone at ground level. Ozone formation in the troposphere from volatile organic 

compounds and nitrogen oxides by photolysis is a considerable environmental 

problem in many urban areas. The hydroxyl radical plays a key role in this reaction 

and consequently the slowly reacting compounds also have a low potential to 

participate in these reactions. Notable examples are several oxygenated solvents – 

such as acetone, t-butyl acetate and methanol – now considered as replacements for 

the photochemically more active aromatic solvents (Andersson-Sköld and Holmberg, 

2000). Therefore, atmospheric persistence cannot by itself be used as a sufficient 

criterion for evaluation of the environmental impact from organic chemicals. 

QSAR models play an ever-increasing role in chemical risk assessment and regulatory 

work (Cronin et al., 2003; Russom et al., 2003). It is anticipated that future use will 

require application to large databases of both existing chemical compounds and 

compounds in the pre-manufacturing phase. In order to fulfill the requirements for 

priority setting and decision-making, it is essential that both the calibration data and 

QSAR models are thoroughly validated. Models without a defined domain of 

application are not suitable for this work. This investigation is an attempt to 

demonstrate possible solutions to some of the problems involved in order to fulfill 

these objectives. 
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Table 1. ANOVAa for a linear model describing the contribution of four substituent 
factors to the OH radical reaction rate constant 

Sources of variation SS DF MS F P 
Model 515.2 4 128.8 230.1 <0.0001 
Error 270.3 483 0.560   
Total 785.6 487 1.613   
Factors      
 No. of hydrogen atoms 48.8 1 48.8 87.1 <0.0001 
 No. halogen atoms 121.4 1 121.4 216.9 <0.0001 
 No. of double bonds 34.5 1 34.5 61.7 <0.0001 
 No. of aromatic bonds 22.0 1 22.0 39.3 <0.0001 
a The acronyms in the ANOVA table are SS for the sum of squares, DF for the degrees of freedom, MS 
for the mean squares, F for the ratio of mean squares, and P for the probability in relation to the F 
distribution.
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Table 2. The hydroxyl radical reaction rate constant predicted for 12 789 organic 
compounds from the PhysProp database. Data used for model-building are shown for 
comparison 

kOH (cm3 molecule-1 s-1) Prediction results Data for model-building 
 Number % Number % 
≤ 10-15 10 0.1 14 2 
> 10-15 to ≤ 10-14 54 0.4 30 4 
> 10-14 to ≤ 10-13 131 1 44 6 
> 10-13 to ≤ 10-12 676 5 88 12 
> 10-12 to ≤ 10-11 2855 22 207 28 
> 10-11 to ≤ 10-10 7749 61 303 41 
> 10-10 1314 10 57 8 
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Table 3. The estimated tropospheric half-life and classification of persistence for 12 
789 organic compounds 

Half-life Classification Number % 
≤ 2 h Rapid 1 388 11 
2 h - ≤ 1 day Moderate 8 253 65 
> 1 - ≤ 10 days Slow 2 396 19 
> 10 days Negligible 752 6 
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Table 4. CAS numbers, names, estimated OH radical reaction rate constants and half-
lives for 152 compounds that are also high production volume chemicals (HPVC) 

CAS Name kOH (cm3 
molecule-1 s-1) 

Half-life 
(days) 

76-16-4 Ethane, hexafluoro- 4.8E-16 < 365 
67-72-1 Ethane, hexachloro- 1.7E-15 < 365 
354-64-3 Ethane, pentafluoroiodo- 1.9E-15 < 365 
76-14-2 Ethane, 1,2-dichlorotetrafluoro- 2.2E-15 < 365 
76-15-3 Ethane, chloropentafluoro- 2.4E-15 < 365 
374-07-2 Ethane, 1,1-dichloro-1,2,2,2-tetrafluoro- 4.0E-15 < 365 
76-13-1 Ethane, 1,1,2-trichloro-1,2,2-trifluoro- 4.9E-15 < 365 
354-58-5 Ethane, 1,1,1-trichloro-2,2,2-trifluoro- 5.4E-15 < 365 
594-42-3 Methanesulfenyl chloride, trichloro- 7.9E-15 < 365 
428-59-1 Oxirane, trifluoro(trifluoromethyl)- 9.3E-15 < 365 
354-32-5 Acetyl chloride, trifluoro- 1.7E-14 < 365 
76-01-7 Ethane, pentachloro- 2.6E-14 306 
76-05-1 Trifluoroacetic acid 5.4E-14 148 
77-47-4 Cyclopentadiene, hexachloro- 6.6E-14 121 
82-68-8 Benzene, pentachloronitro- 8.2E-14 98 
108-77-0 Cyanuric chloride 8.7E-14 92 
1070-78-6 Propane, 1,1,1,3-tetrachloro- 8.7E-14 92 
2176-62-7 Pyridine, pentachloro- 1.1E-13 70 
677-21-4 1-Propene, 3,3,3-trifluoro- 1.3E-13 61 
78-82-0 Propanenitrile, 2-methyl- 1.5E-13 54 
328-84-7 Benzene,1,2-dichloro-4-

(trifluoromethyl)- 
1.5E-13 53 

79-36-7 Acetyl chloride, dichloro- 1.8E-13 44 
117-08-8 Phthalic anhydride, tetrachloro- 1.9E-13 43 
634-66-2 Benzene, 1,2,3,4-tetrachloro- 2.2E-13 37 
109-74-0 Butanenitrile 2.2E-13 37 
124-63-0 Methanesulphonyl chloride 2.3E-13 36 
76-03-9 Trichloroacetic acid 2.4E-13 34 
105-34-0 Methyl cyanoacetate 2.4E-13 33 
95-94-3 Benzene, 1,2,4,5-tetrachloro- 2.6E-13 31 
75-86-5 Propanenitrile, 2-hydroxy-2-methyl- 2.7E-13 30 
79-04-9 Acetyl chloride, chloro- 2.7E-13 30 
78-97-7 Propanenitrile, 2-hydroxy- 2.7E-13 29 
372-09-8 Acetic acid, cyano- 2.8E-13 29 
107-16-4 Glycolonitrile 2.9E-13 28 
105-56-6 Ethyl cyanoacetate 3.0E-13 26 
613-90-1 Benzoyl cyanide 3.1E-13 26 
1929-82-4 Pyridine, 2-chloro-6-(trichloromethyl)- 3.1E-13 26 
5216-25-1 Benzene, 1-chloro-4-(trichloromethyl)- 3.2E-13 25 
628-96-6 1,2-Ethanediol, dinitrate 3.3E-13 25 
2402-79-1 Pyridine, 2,3,5,6-tetrachloro- 3.4E-13 23 
96-18-4 Propane, 1,2,3-trichloro- 3.5E-13 23 
100-70-9 2-Pyridinecarbonitrile 3.5E-13 23 
17700-09-3 Benzene, 4-nitro-1,2,3-trichloro- 3.6E-13 22 
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140-29-4 Benzeneacetonitrile 3.7E-13 21 
98-46-4 Benzene, 1-nitro-3-(trifluoromethyl)- 4.0E-13 20 
98-07-7 Benzene, (trichloromethyl)- 4.1E-13 19 
87-90-1 1,3,5-Triazine-2,4,6(1H,3H,5H)-trione, 

1,3,5-trichloro- 
4.2E-13 19 

100-48-1 4-Pyridinecarbonitrile 4.3E-13 19 
109-78-4 Propiononitrile, 3-hydroxy- 4.5E-13 18 
100-54-9 Nicotinonitrile 4.9E-13 17 
87-61-6 Benzene, 1,2,3-trichloro- 5.0E-13 16 
620-22-4 Benzonitrile, 3-methyl- 5.1E-13 16 
79-22-1 Formic acid, chloro-, methyl ester 5.4E-13 15 
75-75-2 Methanesulphonic acid 5.5E-13 15 
109-70-6 Propane, 1-bromo-3-chloro- 5.5E-13 14 
541-41-3 Carbonochloridic acid, ethyl ester 6.0E-13 13 
556-88-7 Guanidine, nitro- 6.6E-13 12 
108-23-6 1-Methylethyl carbonochloridiate 7.4E-13 11 
3296-90-0 1,3-Propanediol, 2,2-bis(bromomethyl)- 8.2E-13 10 
96-49-1 1,3-Dioxolan-2-one 8.3E-13 10 
76-39-1 1-Propanol, 2-methyl-2-nitro- 8.4E-13 10 
3282-30-2 Propanoyl chloride, 2,2-dimethyl- 8.6E-13 9 
110-67-8 Propanenitrile, 3-methoxy- 8.8E-13 9 
1738-25-6 Propionitrile, 3-(dimethylamino)- 8.9E-13 9 
101-05-3 Anilazine 9.0E-13 9 
78-87-5 Propane, 1,2-dichloro- 1.0E-12 8 
592-51-8 4-Pentenenitrile 1.0E-12 8 
3209-22-1 Benzene, 1,2-dichloro-3-nitro- 1.1E-12 7 
96-23-1 2-Propanol, 1,3-dichloro- 1.2E-12 7 
108-30-5 Succinic anhydride 1.2E-12 7 
108-24-7 Acetic anhydride 1.2E-12 6 
99-54-7 4-Nitrobenzene, 1,2-dichloro- 1.2E-12 6 
460-00-4 Benzene, 1-bromo-4-fluoro- 1.2E-12 6 
75-57-0 Tetramethylammonium chloride 1.3E-12 6 
96-34-4 Methyl chloroacetate 1.3E-12 6 
78-95-5 2-Propanone, 1-chloro- 1.3E-12 6 
105-64-6 Diisopropyl peroxydicarbonate 1.3E-12 6 
2431-54-1 2-Butene, 1,2,4-trichloro- 1.3E-12 6 
80-07-9 Sulfone, bis(p-chlorophenyl) 1.3E-12 6 
97-00-7 Benzene, 1-chloro-2,4-dinitro- 1.3E-12 6 
79-11-8 Chloroacetic acid 1.4E-12 6 
611-06-3 Benzene, 2,4-dichloro-1-nitro- 1.4E-12 6 
618-62-2 Nitrobenzene, 3,5-dichloro- 1.4E-12 6 
89-61-2 Benzene, 1,4-dichloro-2-nitro- 1.4E-12 6 
118-52-5 2,4-Imidazolidinedione, 1,3-dichloro-5,5-

dimethyl- 
1.4E-12 6 

611-20-1 Benzonitrile, 2-hydroxy- 1.4E-12 6 
17462-58-7 Carbonochloridic acid, 1-methylpropyl 

ester 
1.5E-12 5 

106-75-2 Oxydiethylene chloroformate 1.5E-12 5 
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105-39-5 Ethyl chloroacetate 1.5E-12 5 
543-27-1 Carbonochloridic acid, 2-methylpropyl 

ester 
1.5E-12 5 

616-21-7 Butane, 1,2-dichloro- 1.5E-12 5 
999-81-5 Ethanaminium, 2-chloro-N,N,N-

trimethyl- 
1.6E-12 5 

528-29-0 o-Dinitrobenzene 1.7E-12 5 
79-21-0 Peroxyacetic acid 1.7E-12 5 
57966-95-7 2-Cyano-N-((ethylamino)carbonyl-2-

(methoxyimino)) acetamide 
1.7E-12 5 

105-48-6 Isopropyl chloroacetate 1.7E-12 5 
98-16-8 Aniline, 3-(trifluoromethyl)- 1.8E-12 5 
597-09-1 1,3-Propanediol, 2-ethyl-2-nitro- 1.8E-12 4 
88-73-3 Benzene, 1-chloro-2-nitro- 1.8E-12 4 
98-09-9 Benzenesulfonyl chloride 1.9E-12 4 
99-65-0 Benzene, m-dinitro- 2.0E-12 4 
598-72-1 Propanoic acid, 2-bromo- 2.0E-12 4 
644-97-3 Phosphonous dichloride, phenyl- 2.0E-12 4 
100-00-5 Benzene, 1-chloro-4-nitro- 2.0E-12 4 
542-10-9 1,1-Ethanediol, diacetate 2.0E-12 4 
144-62-7 Oxalic acid 2.0E-12 4 
108-32-7 Propylene carbonate 2.1E-12 4 
98-87-3 Benzene, (dichloromethyl)- 2.1E-12 4 
593-81-7 Trimethylamine, hydrochloride 2.2E-12 4 
111-44-4 Ether, bis(2-chloroethyl)- 2.2E-12 4 
616-23-9 1-Propanol, 2,3-dichloro- 2.2E-12 4 
121-73-3 Benzene, 1-chloro-3-nitro- 2.2E-12 4 
75-59-2 Trimethyl methylamine hydroxide 2.3E-12 4 
121-43-7 Trimethyl borate 2.3E-12 3 
75-12-7 Formamide 2.5E-12 3 
118-69-4 2,6-Dichlorotoluene 2.5E-12 3 
606-20-2 Toluene, 2,6-dinitro- 2.5E-12 3 
602-01-7 Toluene, 2,3-dinitro- 2.5E-12 3 
102-09-0 Diphenyl carbonate 2.6E-12 3 
98-88-4 Benzoyl chloride 2.6E-12 3 
610-39-9 Toluene, 3,4-dinitro- 2.6E-12 3 
121-14-2 2,4-Dinitrotoluene 2.6E-12 3 
611-19-8 Benzene, 1-chloro-2-(chloromethyl)- 2.7E-12 3 
96-48-0 2(3H)-Furanone, dihydro- 2.8E-12 3 
625-55-8 1-Methylethyl formate 2.9E-12 3 
111-64-8 Octanoyl chloride 2.9E-12 3 
123-62-6 Propanoic acid, anhydride 2.9E-12 3 
79-07-2 2-Chloroacetamide 2.9E-12 3 
1817-73-8 Benzenamine, 2-bromo-4,6-dinitro- 2.9E-12 3 
17639-93-9 Methyl 2-chloropropionate 2.9E-12 3 
674-82-8 3-Butenoic acid, 3-hydroxy-, lactone 2.9E-12 3 
109-09-1 Pyridine, 2-chloro- 3.0E-12 3 
1653-19-6 1,3-Butadiene, 2,3-dichloro- 3.0E-12 3 



 29

95-73-8 Toluene, 2,4-dichloro- 3.0E-12 3 
100-14-1 Benzene, 1-(chloromethyl)-4-nitro- 3.2E-12 3 
624-83-9 Methane, isocyanato- 3.2E-12 2 
99-63-8 Isophthaloyl chloride 3.2E-12 2 
598-78-7 Propionic acid, 2-chloro- 3.3E-12 2 
501-53-1 Formic acid, chloro-, benzyl ester 3.3E-12 2 
598-98-1 Propanoic acid, 2,2-dimethyl-, methyl 

ester 
3.3E-12 2 

110-05-4 Peroxide, bis(tert-butyl)- 3.4E-12 2 
107-30-2 Ether, chloromethyl methyl 3.5E-12 2 
88-06-2 Phenol, 2,4,6-trichloro- 3.5E-12 2 
126-33-0 Thiophene, tetrahydro-, 1,1-dioxide 3.6E-12 2 
3380-34-5 Phenol, 5-chloro-2-(2,4-

dichlorophenoxy)- 
3.6E-12 2 

121-86-8 Toluene, 2-chloro-4-nitro- 3.7E-12 2 
506-59-2 Methanamine, N-methyl-, hydrochloride 3.7E-12 2 
926-57-8 2-Butene, 1,3-dichloro- 3.8E-12 2 
598-55-0 Methyl carbamate 3.9E-12 2 
75-98-9 Propanoic acid, 2,2-dimethyl- 3.9E-12 2 
836-30-6 Aniline, 4-nitro-N-phenyl- 3.9E-12 2 
619-15-8 Toluene, 2,5-dinitro- 4.0E-12 2 
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Figure legends: 

Figure 1. Frequency distribution of experimentally determined OH radical reaction 
rate constants (log cm3 molecule-1 s-1) 

 

Figure 2. Residual standard deviation (RSD) vs. leverage for objects in the test set, 
together with the 5% confidence bound and leverage limit. Ten objects are outside the 
applicability domain 

 

Figure 3. Predicted vs. measured OH radical reaction rate constants (log cm3 
molecule-1 s-1) for test set objects, with a label for the incorrect entry in the data base 

 

Figure 4. Explained variance from cross-validation (%), for the molecular descriptors 
and the OH radical reaction rate constants (log cm3 molecule-1 s-1), vs. the number of 
latent variables in the PLSR model 

 

Figure 5. Frequency distribution of predicted OH radical reaction rate constants (log 
cm3 molecule-1 s-1) 
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