
ABSTRACT 

VIJAY, VIKRANT. Assessment of Cutaneous Permeability of Biocides in Mixtures using 
QSPR Approach. (Under the direction of Dr. Ronald E. Baynes and Dr. Jim E. Riviere.) 
 

The purpose of this research work was to assess the dermal permeation of biocides in 

metalworking fluids (MWFs) to develop predictive QSAR models and to develop an 

appropriate training set of chemicals to enhance the predictive ability of QSAR models for 

dermal permeation. Estimation of the amount of chemicals absorbed through skin plays a 

vital role in dermal risk assessment. Approximately 1.2 million US workers are 

occupationally exposed to MWFs annually. Different components of MWFs especially 

biocides, contribute to adverse health effects including irritant and allergic contact dermatitis 

as well as carcinogenesis. These adverse effects may be positively correlated to their dermal 

absorption and may cause systemic toxicity if absorbed in significant amount in workers 

involved in metalworking operations. A lack of scientific data exists regarding the dermal 

permeation of MWF components, particularly biocides. Therefore, the first two studies were 

conducted to (1) determine the dermal permeation of biocides and other chemicals (used as 

training set to develop Linear Solvation Energy Relationship (LSER) models) in commercial 

and generic MWFs; and (2) develop a LSER model for predicting dermal permeation of other 

biocides, not used in these studies. Dermal permeation was evaluated in dermatomed porcine 

skin by utilizing a flow through diffusion cell system. Chemical analysis was performed by 

employing gas chromatography with a solid phase micro-extraction technique and ultra 

performance liquid chromatography with a solid phase extraction technique. LSER models, 

which are a subset of quantitative structure activity relationship models, were constructed by 

multiple linear regression analysis with permeability coefficient as the response variable and 



solvatochromic descriptors as the predictor variables. The LSER model is useful to 

quantitatively measure the difference in interaction between the two phases (skin and 

vehicle) as well as a predictive tool. Since the training set used to develop a LSER model was 

not optimally diverse in terms of structure and chemical space, the third study focused on 

developing a training set of chemicals representing a wider chemical space (in terms of 

descriptor values) using a best possible chemical selection method. The results from the first 

two studies demonstrated that (1) the dermal permeation of biocides as well as other 

chemicals was highest in aqueous solution followed by synthetic, semi-synthetic and soluble 

oil type of MWFs; (2) addition of water to MWFs for dilution increased dermal permeation; 

(3) the LSER model adequately predicted the dermal permeability of biocides in MWFs and 

also shed light on the chemical interactions resulting in reduced permeability. An optimal and 

less subjective method (uniform coverage design) to select chemicals representing a wider 

chemical space was identified in the third study. The LSER model based on the new selected 

training set of chemicals performed statistically better over the LSER model based on the 

training set used in the previous study. In summary, the aforementioned results demonstrated 

that there is a difference in the absorption profile of chemicals among the type of MWFs and 

dilution of MWFs with water increases the dermal permeation of chemicals; the LSER model 

can be useful to explain the change in vehicle solvatochromic properties upon addition of 

water as well as can be an effective prediction model for dermal permeation of chemicals in 

mixtures; finally, a structurally diverse training set of chemicals representing a wider 

chemical space is required to improve the predictive capability of a model. All of these 

results will augment the dermal risk assessment of the chemicals in mixtures and contribute 

to the improvement of computational predictive models. 
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INTRODUCTION 

 

This dissertation is dedicated to developing a robust model for predicting dermal permeation 

of chemicals in mixtures utilizing dermal permeation experiments and statistical methods 

with the following aims: 

1. Assessment of the dermal permeation of biocides and a training set of chemicals in 

commercial and generic metalworking fluids in porcine skin employing in vitro flow 

through diffusion cell experiments. 

2. Development of predictive LSER (a subset of QSAR) models using multiple linear 

regression analysis. 

3. Identification of a best possible method for selection of an appropriate training set of 

chemicals to enhance the predictive ability of LSER models for dermal permeation. 

 

Skin is the largest organ (1.8-2 m2 surface area; 9 kg weight), which externally covers 

the human body. As skin interfaces with the external environment, it is liable to be affected 

by a wide variety of occupational exposures to harmful chemicals. Dermal exposure is 

followed by dermal permeation, which may lead to potential local and systemic health 

effects. The parameters used to determine dermal permeation include permeability 

coefficients, steady state fluxes and percent dose absorbed. Assessment of dermal permeation 

is very important in the risk and safety assessment of chemicals and to develop transdermal 

drug delivery systems.   
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Metalworking fluids (MWFs) are complex formulations containing a combination of 

various additives, including biocides. Water-based MWFs are of 3 types based on their 

composition: namely, emulsifiable soluble oil, water soluble semi-synthetic and synthetic (no 

petroleum oil) MWF solutions. Dermal exposure including chronic and acute occupational 

exposure to MWFs may occur from the deposition of mist or droplets generated during 

machining processes, or by splashing of MWFs on exposed skin of workers and may lead to 

severe health effects, including dermatitis. Approximately 1.2 million US workers are 

exposed to MWFs annually, so it is of paramount importance to assess dermal permeation of 

biocides and other chemicals present in MWFs and to develop models for predicting the 

dermal permeation of chemicals in MWF mixtures. 

 

In silico approaches to predict biological responses from a variety of predictors have 

been developed over several decades as alternatives to animal testing with an aim to reduce, 

replace and refine the use of animals. Computational models are widely used due to advances 

in chemical database development, chemoinformatics, high capacity of computers, new 

regulations supporting such work and improvement in modeling algorithms and their 

reproducibility. The main advantage of using computational models is that a large number of 

chemicals can be efficiently and rapidly screened for their toxicity and safety potential. One 

of the very popular computational approaches is Quantitative Structure Activity Relationship 

(QSAR), which statistically correlates biological activity of chemicals to their chemical 

structures. 
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The doctrine of the QSAR approach is that biological activity (“dermal permeation” 

in this context) is a consequence of molecular structure. Those aspects of molecular structure 

(molecular descriptors) that are relevant to a particular biological activity can be identified 

using several computational approaches. Molecular descriptors can be defined as parameters, 

which represent unique chemical information (certain aspects like size, shape, symmetry, 

complexity, branching, cyclicity, stereo-electronic property) of a chemical derived from its 

structure. QSAR models for predicting dermal permeability may be referred to as 

Quantitative Structure Permeability Relationship (QSPR). QSPR approaches to model dermal 

permeability require (1) a training set of chemicals representing a wide chemical space; (2) 

reliable and consistent parameter (to determine permeability) values, obtained from 

standardized experiments with skin samples taken from the same source and preferably from 

a single laboratory, for a set of chemicals (training set); (3) descriptors that correspond to the 

chemical-skin interactions, which occur during the permeation (passive diffusion) process. 

 

A training set of chemicals and descriptors relevant to passive diffusion were selected 

from the test set of chemicals used to characterize selectivity in miceller electrokinetic 

chromatography (Trone and Khaledi, 1999). The other requirement to develop predictive 

QSPR models for chemicals in MWF was to obtain experimental parameter (dependent 

variable) values, which in this context was the permeability coefficient for biocides and the 

training set of chemicals. Several standardized in vitro flow through diffusion cell 

experiments were conducted using dermatomed porcine skin. One ml of chemical solution 

was applied on the epidermal side of skin and perfusate samples were collected over a period 
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of 8 hours to simulate occupational working hours. The perfusates were analyzed by Gas 

Chromatography-Mass Spectrometry (GC-MS) and Ultra Performance Liquid 

Chromatography-Mass Spectrometry (UPLC-MS) to determine the amount of absorbed 

chemicals in the perfusates. Finally permeability coefficient for each biocide and chemical 

was calculated from applied dose and steady state transdermal flux.  

 

Chapter 3 presents the evaluation of dermal permeability of biocides and a training 

set of chemicals in 2 commercial MWF formulations namely Astrocut-C® (Soluble oil MWF 

– diluted 1:10 parts with water) and Tapfree 2® (synthetic MWF – no dilution with water) 

and aqueous solution. Analysis of absorption profiles and permeability coefficients 

demonstrated that the highest permeability of both the biocides and training set of chemicals 

was in aqueous solution followed by Astrocut-C® and Tapfree 2®. The permeability 

coefficient was used as a dependent variable to develop LSER (subset of QSAR) models with 

5 molecular descriptor values as independent variables for each chemical in the training set. 

The LSER models for each formulation provided a good correlation between the 

experimental and predicted permeability coefficients. The chapter also discusses the 

interpretation of molecular interactions occurring during permeation process as explained by 

the LSER model.  

 

The next objective was to determine whether there was a similar trend of permeation 

in different types of generic MWF formulations and if dilution with water had any influence 

on the permeability. This objective was accomplished in chapter 4 which demonstrated the 
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same trend of permeation in generic MWF formulations (highest permeation in aqueous 

solution followed by synthetic, semi-synthetic and soluble oil MWFs) when compared to 

commercial MWF formulations except for the soluble oil type of commercial MWFs. In the 

former study (chapter 3) the permeability of chemicals was greater in soluble oil MWF than 

in synthetic MWF because synthetic MWF was not diluted with water. Both studies 

demonstrated highest permeation in aqueous solution and as demonstrated by this study, 

dilution with water increased permeation of chemicals in these MWF formulations. This 

explained the opposite trend observed in the previous study (i.e. higher permeation in diluted 

soluble oil MWF (Astrocut-C®) than undiluted synthetic MWF (Tapfree 2®)).    

 

It is practically impossible to determine the dermal permeability of all possible 

chemicals; therefore a robust model constructed from the experimental data of appropriate 

number of diverse chemicals (in terms of chemical space) is needed to accurately predict the 

dermal uptake of chemicals for risk assessment purpose. An analysis of the training set of 

chemicals used in chapter 3 revealed that the chemicals employed were not a good 

representation of their varied structural characteristics and they represented a narrow 

chemical space. That is why an attempt was made to select diverse chemicals (demonstrating 

diversity and representativeness) from a large dataset in chapter 5. This study identified a 

better in a simulation and less subjective method of diverse chemical selection, and this 

method is the “uniform coverage design”. The model based on the chemicals selected to 

serve as the training set by this study performed better over the model based on the training 

set used in chapter 3. Moreover, the selected chemicals represented wider range of descriptor 
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values and structural diversity when compared to the training set of chemicals used in chapter 

3.  

In summary, the results from in this dissertation will facilitate in 

1. The selection of biocides and type of MWF formulations, to help prevent the 

occupational risk of biocides in metalworkers exposed to MWF formulations where 

dilution of MWF formulations with water may increase the dermal permeation of 

biocides. 

2. The prediction of dermal permeability of chemicals using a QSPR model and selection of 

representative and diverse training set of chemicals. 
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LITERATURE REVIEW 

 

THE SKIN 

Skin is one of the most important body sites affected by a wide variety of 

occupational exposures to chemicals. Factory workers are exposed to different chemical 

formulations used in day-to-day operations.  Skin is a complex organ and comprises of outer 

epidermis and inner dermis. The epidermis is divided into viable and non-viable epidermis. 

The epidermis is made up of 5 layers: namely, Stratum Corneum (SC) (horny layer), Stratum 

Lucidum (clear layer), Stratum Granulosum (granular layer), Stratum Spinosum (spinous or 

prickle layer) and Stratum Basale (basal layer). The SC is the non-viable epidermis. Dermis 

is made of connective tissues and contains hair follicles, sweat and sebaceous glands, sensory 

nerves, lymphatics and blood vessels (Monteiro-Riviere, 1991). The stratum corneum is the 

outermost layer of epidermis and acts as a rate-limiting barrier to permeation through skin.   

 

The stratum corneum is made up of protein rich corneocytes (act as mechanical 

barrier), which are embedded in a lipid matrix in a “brick and mortar” fashion (Elias, 1983). 

It is the intercellular lipids of the SC, which mainly serves as the permeability barrier to most 

chemicals. The intercellular lipids are extruded from lamellar granules present in 

keratinocytes of granular layer of viable epidermis and are oriented parallel to corneocytes 

surface. Basal keratinocytes contain phospholipids, glycolipids and cholesterol as the 

principal lipids, but as the keratinocytes differentiate the lipid composition changes. The 

phospholipids are broken down and glycolipids are deglycosylated, leaving ceramides 
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(CER), cholesterol and fatty acids as the principal lipids of the SC (Wertz, 2008). Unlike 

cellular membranes, the SC contains negligible or no phospholipids (Bouwstra et al., 1995; 

lampe et al., 1983).  

 

The principal lipids of the SC are ceramides (50%), cholesterol (25%), triglycerides 

and long chain free fatty acids (10%) and these lipids are organized in lamellae in which 

central liquid and crystalline domain coexist. X-ray diffraction experiments have revealed 

that these lamellae are divided into a Long periodicity phase (LPP) with a periodicity 

(recurrence at regular intervals) of 13 nm and Short periodicity phase (SPP) with a 

periodicity of 6 nm. As LPP is present in all the examined species (e.g. pig, human, mice), 

this phase is considered to be important in permeability barrier function.  CER1 and CER4 

are required for the formation of LPP whereas free fatty acids are required for the formation 

of SPP. Cholesterol correlates to degree of fluidity to the skin (Bouwstra et al, 1995, 2002a, 

2002b). Percutaneous absorption of a chemical is a multi-step process and occurs in 3 steps: 

namely, Penetration (entry of chemical into the SC from the vehicle), Permeation (passage 

of chemicals through different layers of skin) and Resorption (uptake of chemical into 

vascular system). There are 3 possible routes of dermal absorption i.e. Intercellular 

(paracellular), Intracellular (transcellular) and Transappendageal (hair follicles and sweat 

ducts) routes (WHO, 2006).   

 

 

 



 11

DERMAL ABSORPTION STUDIES 

Dermal absorption studies can be performed either in vivo or in vitro. In vivo studies 

are necessary for the systemic kinetic information: namely, absorption, distribution, 

metabolism and excretion of the chemicals; but the use of live animals raises ethical concerns 

and it is difficult to determine the early absorption phase (OECD, 2004b). In vitro studies on 

the other hand has many advantages over in vivo studies such as large number of replicates 

can be obtained from one subject; toxic and irritating chemicals can be evaluated; reduction 

in the number of animal used, and more precise measurement of what gets through skin. The 

limitation with in vitro studies is that sink conditions similar to the vascular system may not 

be fully reproduced (OECD, 2004a). Since percutaneous absorption takes place by passive 

diffusion and the rate limiting barrier is the SC, permeation studies using dermatomed skin 

(400-500μ) is very much similar to in vivo studies for most of the chemicals except for highly 

lipophilic chemicals, and for chemicals which are significantly metabolized in skin.   

 

The barrier integrity of the SC must be retained to perform diffusion experiments, 

which can be evaluated by measuring trans-epidermal water loss (TEWL); electrical 

resistance to an alternating current at up to 2 volts; measuring penetration characteristics of a 

reference compound (e.g. tritiated water), and visual examination for physical damage 

(OECD, 2004a). If the skin integrity is compromised, then the permeability will be 

overestimated. In vitro studies are most suitable for screening studies of chemical absorption 

through skin (OECD, 2004c). Human skin is preferred for in vitro studies; but due to lack of 

availability and inter-individual variation (skin from different persons), alternatively animal 
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skin has to be used (Wester et al., 1998). Although most of the regulatory toxicity studies 

have been performed with rat skin, it is 2-10 times more permeable than human skin. 

Therefore, the dermal absorption of the chemicals may be overestimated when rat skin is 

used (OECD, 2004a).  

 

The best alternative to human skin is pig skin due to its similarity to human skin in 

anatomical, physiological, histochemical and biochemical aspect (Monteiro-Riviere, 1991); 

hence the data could be extrapolated to humans. Pig skin resembles human skin in having 

similar hair density (20 hairs/cm2 as compared to 14-32 hairs/cm2 in humans), texture, 

relatively thick epidermis, similar epidermal turnover kinetics, lipid composition and 

conformation, arrangement of dermal collagen and elastic fibers, and skin surface area to 

body weight ratio. Reported differences in porcine with respect to human skin includes 

presence of only apocrine glands on the skin surface; an interfollicular muscle that spans the 

triad of hair follicle, and a thicker SC (6-11μm in humans and 14-16μm in pigs) (Monteiro-

Riviere, 1996). However, due to a large number of species used in the permeation studies, it 

is difficult to combine and extrapolate the dermal absorption data to humans. Moreover, 

variation in methodology such as type of diffusion cells, skin temperature, receptor media, 

application dose, dosing area can significantly affect the data (Godin and Touitou, 2007).  

 

Different skin preparation techniques such as trypsin-isolated SC (TISC), heat 

separated epidermis (HSE), split thickness skin (STS) and full thickness skin (FTS) have 

been evaluated for permeation experiments. While HSE appeares to be preferable for in vitro 



 13

permeation studies (Netzlaff et al., 2007; Henning et al., 2008), split thickness skin has been 

preferred to evaluate dermal permeation.  Tissue culture derived skin equivalents such as 

living skin equivalent (LSE) models and human reconstructed epidermis (HRE) have been 

widely evaluated, but these alternatives may not be suitable for permeation studies (Roy et 

al., 1993; Schmook et al., 2001). Although, these models are suitable for skin irritation and 

metabolism studies (Netzlaff et al., 2005; Monteiro-Riviere et al., 1997) and recommended 

by COLIPA (the European Trade Association for cosmetic and toiletry industry) as the 

preferred testing model for skin irritation studies (Welss et al., 2004). Moreover, use of skin 

cultures is limited due to poor performance as a permeation barrier and due to their cost and 

poor data reproducibility (Godin and Touitou, 2007). 

 

PARAMETERS USED TO ESTIMATE DERMAL ABSORPTION 

Steady State Flux and Permeability coefficient are the parameters used in dermal 

absorption studies (passive diffusion) in infinite dosing conditions. Fick's laws of diffusion 

were derived by Adolf Fick in the year 1855, which describes the rate of movement of 

solutes in steady-state and non steady-state diffusion. Diffusion is a time dependent process, 

and the rate of mass transfer known as the diffusion flux, is defined as the mass diffusing 

through a unit cross-sectional area per unit of time. If the flux does not change with time, a 

steady state condition exists, and this is called as steady state diffusion. If the flux varies with 

time, a non-steady state condition exists, which is called non-steady state diffusion.  
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Fick’s first law is applicable in steady-state diffusion, when the concentration within 

the diffusion volume does not change with respect to time (Jin = Jout). Fick's second law is 

used in non-steady or continually changing state diffusion, i.e., when the concentration 

within the diffusion volume changes with respect to time. In finite dosing situation, the 

concentration of solutes decrease with respect to time, therefore, the flux initially increases, 

reaches maximum and then decreases. Sometimes, a pseudo steady state is maintained for a 

short duration of time. Dermal absorption of chemicals is usually expressed as percent of 

dosing amount. But in a non-steady state condition, the flux increases as the dosing 

concentration increase; therefore, percent dose absorption can’t be used to develop 

Quantitative Structure Permeability Relationships (QSPRs). Permeability coefficient is a 

good measure for building QSPRs, as it is a constant value. 

 

According to Fick’s first law of diffusion, Flux (Jss) per unit path length (δx) is 

proportional to the concentration gradient (δC) and diffusion coefficient or diffusivity (D) 

(Schaefer & Redelmeier, 1996). The negative sign reflects that the net flux is down the 

concentration gradient. The constant that relates steady state flux and solute concentration 

(Cv) (μg.cm-3) is called as permeability coefficient (Kp). The flux can be mathematically 

expressed as following: 

Jss = -D
x
C
∂
∂   or, Jss = Kp.Cv  
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Typically Jss (μg.cm-2.hr-1) is determined from the slope of linear portion of graph of 

cumulative amount absorbed as a function of time (Geinoz et al., 2004) (Figure 1). 

Permeability coefficient (cm.hr-1) is concentration independent and is directly proportional to 

Partition coefficient (Km) between the skin and the vehicle and Diffusivity (cm2.hr-1) of 

solute through skin and inversely proportional to the thickness of the skin (h) (Singh & 

Singh, 1993). The permeability coefficient value can be obtained from both infinite and finite 

dosing conditions. 

Since,                                                                                                                                              

Kp =   
h

DKm.         and  Kp = 
Cv
Jss  

Therefore,                                                 

Jss = 
h

CvDKm ..   D = 
Lagtime

h
.6

2

 

 

 

 

 

 

 

 

 

Figure 2.1. The slope obtained from cumulative amount absorbed as a function of time 

(black line) is the steady state flux (red line) for a particular chemical. 
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DIFFUSION CELL STUDIES 

In vitro skin absorption studies can be performed using a static diffusion cell or 

dynamic flow-through diffusion cells (Barry, 1983). One of the most widely used static 

designs for studying in vitro dermal permeation is the Franz diffusion cell (Franz, 1975; 

Frantz, 1990) where permeation of chemicals is measured by manual sampling of stirred 

receptor perfusate. This is a manual procedure, labor intensive, requires constant attention 

and sampling is often limited to the normal laboratory hours. Static diffusion cells are most 

appropriate for absorption studies of chemicals with very low permeation rates because it 

provides large skin surface area. The flow-through diffusion cell of Bronaugh and Stewart 

(1985) offers many advantages over static cells such as sampling is automatic, and can be 

carried out overnight and above all, the continuous replacement of the receptor fluid below 

the skin surface maintains physiological conditions of the skin (recommended for 

metabolism studies). Continuous flow of receptor fluid maintains the sink condition so that 

saturation of receptor fluid with the chemical of interest does not occur, which can reduce 

absorption, as may be the case in the static system (Addicks, 1987). Despite the advantages 

of flow-through cells over static cells, there was no significant difference in the flux 

measured from either static and flow-through diffusion cells or finite vs. infinite dosing 

conditions (Bronaugh & Maibach, 1985; Huges et al., 1993).     

 

Chilcott et al (2005) conducted an international multicenter study to evaluate inter 

and intra laboratory variation of in vitro diffusion cell measurements using quasi-

standardized methods and materials (silicone rubber membrane and methyl paraben) in 18 
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laboratories. They observed that neither receptor volume, nor sample volume, surface area 

and different designs of static or flow through diffusion cells had any significant effect on the 

flux. They also observed that diffusion cell type (static or flow-through) had no significant 

effect on flux among most of the laboratories except there was a significant difference in 

methyl paraben flux between static and flow through cells measured by one laboratory and 

significant inter- and intra-laboratory variation in flux in other laboratories. The authors 

suggested that this variation may be attributable to human error and certain experimental 

factors such as actual membrane temperature. 

 

The “diffusion boundary layer” may be a problem with Bronaugh type of diffusion 

cells. The “diffusion boundary layer” is a thin (usually on the scale of micrometers) stagnant 

layer of fluid, which is not mixed with the main body of the fluid, by virtue of its proximity 

to the solid surface of diffusion cells. A diffusion boundary layer results because convective 

movement of liquid molecules near a solid surface approaches zero in contrast to the flow of 

liquid molecules below it. In these conditions, the rate of delivery of solutes to and from the 

surface is limited by the rate of diffusion through the boundary layer. Due to boundary layer 

effect, sink condition may not be maintained as there is virtually no flow of fluid just below 

the skin and thus absorption of solutes may be hindered. The absorption of a very lipophilic 

compound could be significantly influenced by the boundary layer albeit the diffusivity of 

the compound in the membrane is lower than that in the solution (Xia et al., 2005). The 

boundary layer creates additional resistance to the drug transport and a reduction in boundary 

layer thickness may increase the dermal permeability of chemicals (Yang et al., 2006). The 
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solution of this problem is to design better flow-through cells to remove boundary layer 

effect and some of these designs are available in the market. If the channel flow of receptor 

fluid is designed perpendicular to the skin instead of parallel to the skin surface as in 

Bronaugh type diffusion cells, then theoretically the stagnant boundary layer of the fluid can 

be removed. 

 

METALWORKING FLUIDS  

The use of Metalworking fluids (MWFs) started in the early 1900s with the purpose 

of extending the life of metalworking tools and equipment (NIOSH, 1998). In a recent study, 

the total worldwide utilization of MWFs including straight oils and water-based products is 

approximately 2,055,000 metric tons and European Union consumption of water-based fluids 

is approximately 178,000 metric tons (Brutto, 2008). MWFs represent a business of 

approximately $800 million in the United States alone (Glen, 1998). NIOSH estimates that 

approximately 1.2 million US workers are exposed to MWFs (NIOSH, 1998). 

 

 MWFs or cutting fluids are an integral part of the metal industry operation whether it 

is a metal producer or a machinery or equipment manufacturer. Machines can be used for 

several functions including drilling, milling, shaping, sawing, grinding, threading, boring, 

grooving, honing, shaving, filing, engraving and tapping, with each of these processes 

employing MWFs. MWFs are responsible for the smooth operation of machinery. MWFs 

serve as coolant, lubricant or remove the fine particles or swarfs produced during the 
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machining process. MWF residues on machined products also impart short-term corrosion 

protection (Cohen & White, 2006). 

 

MWFs are complex formulations containing a combination of various additives, most 

of which are organic compounds including biocides, corrosion inhibitors, defoamers, 

coolants, antioxidants, extreme pressure agents, lubricants, emulsifiers, couplers, dyes, odor 

maskers, friction modifiers, oiliness agents, passivators, plasticizers, thickeners, tackiness 

agents, viscosity index improvers and diluents (Balogh et al., 2000; Byers, 2006; NIOSH, 

1998). MWF is a broader term used to represent metal-removal fluids, metal-forming fluids, 

metal-protecting fluids or metal-treating fluids. MWFs are divided into four groups based on 

their composition – neat or straight oils (nearly 100% petroleum oil), emulsifiable soluble oil, 

water-soluble semi-synthetic and synthetic (no petroleum oil) solutions. The base oil used for 

the MWFs are mainly mineral oils, polyethylene glycol (PEG) and/or synthetic esters. Since 

the neat oil type of MWF is a good lubricant but a poor coolant, there is an increasing trend 

of using water based MWFs because of their better performance over neat oils. My research 

focused on water-based MWFs because biocides are not added to neat oils (no water). The 

usage of these water-based MWFs, both semi-synthetic and synthetic, has increased from 4-

5% to 30% in recent years (Verma et al., 2006). The general composition of MWFs (NIOSH, 

1998) is presented in the appendix. 

 

Soluble oil, semi-synthetic and synthetic MWFs are generally alkaline solutions 

(approximately pH-9) and are diluted with water before use. Proper dilution of the MWFs 
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concentrate is required to maximize its performance. Too concentrated mixtures can produce 

excess foam and residue buildup whereas too diluted mixtures can cause rancidity, corrosion 

and poor tool life. Similarly, improper pH can cause instability, rancidity and poor corrosion 

control (Cimcool, 2003). Due to the presence of water in MWFs, it is liable to microbial 

contamination. The major microbes seen in metalworking fluids are bacteria, fungi and 

yeasts. These microorganisms produce foul smell by generating H2S in the fluid, cause 

corrosion, emulsion instability, fluid degradation, generate toxins, and reduce coolant and 

lubricant life. Various classes of biocides are added to MWFs to prevent the growth of 

microorganisms. These biocides include, but not limited to the following classes: phenols, 

isothiazolines, morpholines, triazines, oxazolidines, formaldehyde releasing biocides, and 

nitrated biocides (NIOSH, 1998).  

 

MWFs are applied to the working tool and metal interface through a nozzle with the 

help of a low pressure pump. Dermal and inhalational exposure to MWFs can occur either 

via mist, aerosols and droplets generated during the machining process or by splashing of 

MWFs on exposed skin of workers (Sartorelli et al., 1999). Excessive exposure to MWFs can 

occur due to high pressure or excessive MWF application, poorly designed equipment and 

ventilation system, inadequate machine enclosures, lack of maintenance and personal 

protective equipment (NIOSH, 1998). Serious health problems have been associated with 

exposure to MWFs. These range from irritation of the skin, lungs, eyes, nose and throat to 

more severe conditions such as dermatitis, acne, asthma, hypersensitivity pneumonitis, 

irritation of the upper respiratory tract, and a variety of cancers. A variety of factors, 
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including time of exposure, pH of the fluid, presence of contaminants, and personal 

sensitivity can influence the severity of these problems (OSHA, 2001).  

 

DERMAL ABSORPTION 

It has been documented that different components of MWFs contribute to adverse 

health effects, especially biocides, that are associated with carcinogenesis as well as irritant 

and allergic contact dermatitis (NIOSH, 1998; Madan and Beck, 2006; Piebenga and van der 

Walle, 2003; Basketter et al., 1999).  

 

The adverse effects may be positively correlated to their dermal absorption and may 

cause systemic toxicity if absorbed in significant amounts. In a study on 6 week old B6C3F1 

mice, dermal exposure to neat semi-synthetic MWF resulted in increased oxidative damage 

to the liver indicated by elevated levels of malondialdehyde. The skin histamine levels and 

mast cell numbers were also elevated. This showed that the components of MWFs are 

absorbed through skin and produce liver toxicity (Al-Humadi et al., 2000).  

 

Further, a study by Shvedova et al., 2002, showed that the topical application of 

MWFs along with vitamin E deficient diet produced more marked oxidative stress when 

compared to oxidative stress produced by vitamin E deficient diet without topical MWFs 

application. Some biocides act by releasing formaldehyde, while others release nitrite, which 

can combine with ethanolamines to form nitrosamines (potential carcinogen) that are 
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hazardous to human health (Jarvholm et al., 1986). Therefore, these biocides are of 

significant concern as they are occupational health hazards.   

 

The dermal absorption of these biocides (e.g. triazines, phenolics) and other MWF 

additives can be modulated by the presence of different additives in the cutting fluid 

formulations. Consequently, dermal disposition of biocides in simple solution may vary 

when compared to biocides in mixtures, where mixture components can either physico-

chemically or chemico-biologically alter the percutaneous absorption of biocides. The dermal 

absorption of important industrial chemicals (e.g. biocides) has been shown to be 

significantly altered in mixtures (MWFs) due to the presence of different components such as 

surfactants and alkanolamines (Brooks and Riviere, 1996; Riviere et al., 2001; Baynes et al., 

2002, 2003, 2005a, 2005b). Similar findings have been observed in the research work 

performed in this thesis. Even the absorption of biocides among different classes of MWFs 

(soluble oil, synthetic and semi-synthetic) has been found to differ statistically where highest 

permeability was observed in synthetic MWF and lowest in soluble oil MWF. This suggests 

that soluble oil MWF may be safer than a synthetic MWF in regards to dermal permeation of 

phenolic biocides/solutes to allow for an increased potential of systemic toxicity. Therefore, 

one may conclude that a synthetic type of formulation has more potential to cause contact 

dermatitis and possibly induce systemic toxicological effects. Diversities in permeability 

were expected, since the chemistry of synthetic, semi-synthetic and soluble oil metalworking 

fluids is different. This result demonstrated that more lipophilic chemicals (e.g.biocides) have 
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comparatively less permeation into skin from lipophilic vehicles which was in agreement 

with previous studies (Sartorelli et al., 1999; Jayjock et al.,1996).  

 

There may be many possible physico-chemical interactions between various additives 

and contaminants seen in MWF formulations which cannot be ignored.  Such interactions 

include (1) alterations to the solubility and ionization of chemicals within the MWF, (2) 

changes in the alkalinity or pH of the formulation or (3) ionic or covalent interactions 

between biocides and other additives which may change the partitioning behavior (Baynes et 

al., 2003; Baynes and Riviere, 2004).  

 

FUNCTION AND SKIN TOXICOLOGY OF METALWORKING FLUID ADDITIVES 

 A MWF may include a myriad of additives belonging to several classes with 

different functions. The selection of additives of specific chemistry to provide required 

performance without impacting the functions of other ingredients is very challenging for 

MWF formulators (Canter, 2007). Therefore, due to formulation limitations it is almost 

impossible to only include the additives which are safe from a health perspective. NIOSH 

(1998) has conducted more than 70 health hazard evaluations of occupational exposure of 

MWFs and found that the most frequently reported health problems were skin disorders 

followed by eye, nose, throat irritations and respiratory disorders.  

 

Publically available information about the exact composition and concentrations of 

additives in commercial MWFs is limited due to proprietary reasons. Health risks associated 
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with these additives may vary due to differences in formulation techniques and the level of 

concentrations used. Therefore, assuming that all the ingredients can be toxic at a certain 

concentration, the functions and possible toxicities of most of the ingredients or additives 

used in MWFs are discussed below: 

 

Mineral oils carry out lubrication and reduce friction between the tool and the metal. 

Neat oils cause acne and folliculitis in metal workers (NIOSH, 1998). When the skin is 

exposed to oils, the hair follicles are blocked. As a result the dead keratin cells and sebum 

from sebaceous glands are trapped inside the skin leading to inflammation and formation of 

pustules. Corrosion inhibitors such as calcium sulfonate, alkanolamines, amine carboxylate, 

amine dicarboxylates, boramides, arylsulfonamido acids, sodium molybdate, sodium 

metasilicates, succinic acids, benzotriazoles, benzothiazoles and thiadiazoles prevent rust 

formation by forming a protective film between metal surface and corrosive agents or by 

neutralizing them. Triethanolamine (Savonius et al., 1994) as well as aliphatic polyamines 

(Ng et al., 1995) are associated with occupational asthma. Alkalonamines have shown to 

form nitrosamine which is a potential carcinogen (NIOSH, 1998). 

 

Emulsifiers emulsify or mix two immiscible liquids (such as oil and water) so that one 

liquid is in a dispersed phase and another in a continuous phase. The examples of emulsifiers 

are ethanolamines, nonionic ethoxylates, synthetic sulphonates, fatty acid amides, fatty acid 

soaps, petroleum sulfonates, sodium sulfonates, and amphoterics. Surfactants or surface-

active agents reduce surface tension of the dispersed phase. An emulsion is not stable and 
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over a period of time the droplets coalesce to form a separate layer. Surfactants increase the 

kinetic stability of emulsion and stabilize it. Most commonly used MWF surfactants are 

alkoxylated alcohols and alkoxylated nonylphenols. Emulsifiers and surfactants can act as a 

direct irritant and may change the structure and function of skin by dehydrating the skin or 

removal of lipids or denaturation of keratins causing dryness, fissuring and eczematization 

(Zugerman, 1986). Physicochemical interactions between additives in defined MWF 

mixtures can influence the availability of a surfactant, linear alkylbenzene sulfonate (LAS) 

for absorption and distribution in skin and could ultimately influence toxicological responses 

in skin (Baynes et al., 2002). 

 

 Biocides such as phenols, triazines, isothiazolinones, oxazolidines, morpholines, 

sodium omadine, bromonitriles, and halogen carbamates are used to control bacterial and 

fungal growth. Although biocides prevent microbial growth and prevent the workers from 

diseases caused by microbes, they are also responsible for causing adverse health effects. US 

EPA has listed more than 70 chemicals as antimicrobial agents and over 200 active products 

to be used as preservatives in MWFs (NIOSH, 1998). Biocides, like formaldehyde releasers 

and isothiazolinones such as benzisothiazolinone (BIT) and octylisothazolinone (OIT) are 

being used as preservatives in water-based MWFs, and corresponding cases of sensitization 

have been observed. Potter and Whittle (1991) suggested that the isothiazolinones bind to 

protein by different mechanisms. The biocide, 5-chloro-2-methyl-4-isothiazolin-3-one is 

activated by thiols to form active intermediates, which bind to protein whereas the 2-methyl-

4-isothiazolin-3-one appears to primarily bind to the sulfahydryl moiety of cysteine to form a 



 26

semi-stable mixed disulfide protein adduct (Potter and Maguire, 1993). Protein binding of 

biocides is required for the induction and elicitation of immunological responses while 

unbound isothiazolinone was sequestered in skin without immunological consequence. 

Lymph node proliferation, which indicates immunological response was dependent on the 

concentration of isothiazolinones and type of vehicle used in the application (Potter and 

Hazelton, 1995).  

 

Biocides, such as glutaraldehyde and benzalkonium chloride, have long been 

associated with causing of allergic contact dermatitis (Nethercott et al., 1988; Shaffer & 

Belsito, 2001). Although benzalkonium chloride displays primarily irritant activity, it may 

also produce allergic contact dermatitis of the hands (Cusano & Luciano, 1993). However, 

some of these biocides were difficult to patch test because the test reactions were often weak 

and poorly reproducible (Brinkmeier et al., 2002). Garcia et al (2008) observed that a biocide 

(2-butanone peroxide) used in a hospital environment showed negative results in the acute 

dermal irritation test and skin sensitization test.  

 

The biocide, triazine, was found to be the most potent of the 4 performance additives 

(used in MWFs) in causing dermal irritation. Triazine exhibited highest toxicity towards 

human keratinocytes cell culture, which correlated well with the in vivo irritation and 

morphology results (Monteiro-Riviere et al., 2006). Phenolic biocides such as p-chloro-m-

cresol (PCMC) may produce irritation of skin. PCMC @ 160 mg/kg dose was observed to 

produce irritation and erythema, but no systemic effects in rabbits. Several other cresols may 
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increase the dermal penetration of other agents (Escobar, 2006). High concentrations of 

cresols (during dermal or oral exposure) can be corrosive, absorb rapidly and produce severe 

toxicity that may result in death (WHO, 1995). Other groups of biocides such as oxazolidine 

and morpholine biocides were found to produce strong and moderate sensitization potential, 

respectively, in a guinea pig maximization test (Zissu, 2002). 

 

 Extreme pressure (EP) additives such as sulfurized fatty acid esters, sulfurized 

hydrocarbons, chlorinated paraffins, chlorinated waxes, chlorinated esters, phosphate esters, 

zinc dithiophosphate and lead naphthenate are used as boundary lubricity additives which can 

operate at higher temperatures of up to 1000° C. Increased friction between moving metal 

parts may lead to wear and finally welding. EP additives adsorb to the metal surface to form 

a film even at a very high temperature and pressure and prevent the contact of work piece 

and metal tool (Canter, 2007). Short and medium chain chlorinated paraffins are associated 

with non-genotoxic induced peroxisome proliferation and hepatocarcinogenesis (Ashby et 

al., 1994). Detergents such as metal sulphonate and metal phenate prevent deposition,  

maintain insoluble particles in suspension, neutralize acid buildup, and clean the metal 

surface. Detergents may act as irritants and may cause irritant contact dermatitis.  

 

CONTACT DERMATITIS 

The most common skin problem due to exposure of water-based MWF is contact 

dermatitis (NIOSH, 1998). A recent study in Finland reported that occupational skin diseases 

including both irritant and allergic contact dermatitis were most common among the 
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metalworking machinists, whereas occupational respiratory disease was rare (Suuronen et al., 

2007). Contact Dermatitis is the most frequent occupational dermatosis. Contact dermatitis 

can be of two types: irritant contact dermatitis (ICD) and allergic contact dermatitis (ACD).  

 

Occupational irritant dermatitis is more frequently observed than allergic contact 

dermatitis (Duepgen and Coenraads, 1999). Clinically, it is very difficult to differentiate 

irritant and allergic contact dermatitis and in most cases, the occupational skin disease is a 

combination of irritant and allergic contact dermatitis (Grattan et al., 1989). To make a 

distinction between ACD from ICD, patch testing using several chemicals and allergens is 

performed. The difference between irritant and allergic contact dermatitis is more conceptual 

than demonstrable (Rietschel, 1997). There are many other factors that influence the 

development of contact dermatitis such as individual susceptibility, lack of personal 

protective equipments, climate, type of machine and control methods, factory environment 

and most importantly the extent and duration of MWF exposure (Rycroft, 1999; NIOSH, 

1998). 

 

Occupational irritant contact dermatitis is a non-immunological cutaneous 

inflammatory response, which generally results from exposure to a wide range of irritants in 

the workplace, such as solvents, cleansers and metalworking fluids without the production of 

specific antibodies. Higher alkalinity of the MWF may also promote skin irritation. The 

irritancy of a particular substance, such as detergents and biocides, depends on its ability to 

remove the protective lipid layer (the intracellular lipids of the stratum corneum) and/or the 
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ability to produce damage of proteins in the outer layer of the skin. Once surface corneocytes 

are damaged with loss of lipids, the skin water retention ability decreases leading to dry and 

inflamed skin. Damage in irritant contact dermatitis depends upon three factors: duration of 

contact, strength of irritant and frequency of contact (Nettis et al., 2002). Irritant contact 

dermatitis involves antigen-independent activation of T-cells (Baadsgaard, 1990).  

 

A common factor contributing to the development of allergic contact dermatitis is a 

pre-existing skin condition, such as irritant contact dermatitis, because this disrupts the skin 

barrier and leads to increased penetration of allergenic substances (Nettis et al., 2002). The 

mechanism of contact allergy from most of the biocides or other MWF additives can be 

explained on the basis that they act as a hapten (partial antigen), which causes allergic 

contact hypersensitivity by binding to protein that ultimately makes it immunogenic. But in 

order to produce these effects, the biocides have to penetrate non-viable stratum corneum and 

enter the viable epidermis (Jayjock et al., 1996; Basketter et al., 1995).  

 

The chemistry and metabolized product of biocides or other potential chemical 

additives are very important to determine whether it can act as an allergen. The allergenic 

chemicals form complete antigens after conjugating with proteins in the viable epidermis. 

The allergic immune reaction (also known as Type IV delayed type of hypersensitivity) 

responsible for causing allergic contact dermatitis undergoes two phases: (1) sensitization 

followed by (2) elicitation, and involves antigen-dependent T-cell activation. The degree of 
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sensitization depends on the extent of hapten-protein conjugation and thus on the structure of 

the allergens (Basketter et al., 1995).  

 

CONTAMINANTS IN MWF 

MWFs can be contaminated with metal chips; leaking of tramp oils and in-process 

cleaners; formation of polycyclic aromatic hydrocarbons, nitrosamines and microbial toxins. 

All these contaminants in the MWFs can further augment deleterious health effects. During 

the metalworking process a lot of fine particles, swarfs, metal chips, lint, and weld spatters 

are generated which may act as abrasives, irritants and potential sensitizers (Alomar, 1994). 

Irritation caused by metal chips further adds to the occurrence of irritant and allergic 

dermatitis and may also lead to infection by micro-organisms.  

 

Tramp oils are industrial lubricants such as greases, gear and slidway lubricants, 

hydraulic and machine oils, which enter into MWFs through broken seals or damaged oil 

filter pipes (NIOSH, 1998) and contribute to the occurrence of acne or folliculitis.  In-process 

cleaners such as acidic, alkaline and hydrocarbon terpene solvents are used during routine 

machining or manufacturing process in many intermediate cleaning steps and may 

contaminate MWFs. Many of these solvents may cause contact dermatitis or other skin 

disorders (Fisher, 2001) and may alter the dermal permeation of MWF additives. Despite the 

use of biocides, bacteria and fungi may grow in MWFs and release endotoxins and 

mycotoxins (Microbial toxins). Contamination by a variety of species of pathogenic bacteria 

and fungi may cause respiratory, dermal and systemic infections as well as allergies, fever 
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and inflammation in metalworkers (NIOSH, 1998). Fusarium mycotoxin has been shown to 

produce dermal toxicity (Bhavanishankar et al., 1988). 

 

Oxidation and presence of nitrites and amines in MWFs may lead to formation of 

nitrosamines (e.g. N-nitrosodiethanolamine), which has been classified as a group 2B 

(agents, mixtures and exposures circumstances that are possibly carcinogenic to humans) 

carcinogen by International Agency for Research on Cancer (IARC). These nitrosamines 

were first identified in MWFs in 1970-80s studies. The formation of nitrosamine depends on 

a variety of factors such as pH and temperature of MWFs, concentration and time of contact 

between amine and nitrosating agents, and type of amine (NIOSH, 1998). Nitrosamines such 

as N-nitrosodiethanolamine (NDELA) and dimethylnitrosamine can penetrate rapidly and a 

significant percentage of the applied dose was absorbed through skin (Franz et al., 1993; 

Brian et al., 1995). NDELA absorption was higher in lipoidal formulations than in water or 

propylene glycol vehicles (Bronaugh et al., 1981). Baynes et al (2005a) reported that 

NDELA and nickel can alter the dermal permeation of triazine biocide, which may not be an 

effective permeation enhancer for polar solutes (such as triazine), but could be for less polar 

MWF additives. However, the concentration of nitrosamines in the MWFs is decreasing due 

to reduction in the use of nitrosating agents and better formulation practices. Polycyclic 

Aromatic Hydrocarbons (PAH) such as benzo[a]pyrene can be formed from the degradation 

of base oil at high temperature, which may be carcinogenic. PAH can be absorbed through 

skin and the nature of matrix can affect their dermal absorption. Sartorelli et al (1999) 

observed that there was a slower penetration of PAH in oily matrix than in acetone solution. 
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PAH content was higher in early used straight oils, but refinement techniques such as severe 

hydrotreatment of mineral oils have limited the concentration of PAH in MWFs (Skisak, 

1995). It is evident that these contaminants can be absorbed through skin and there are 

possibilities that either the permeation of these contaminants can be modulated by other 

additives or they can influence the permeation of other additives in MWF formulations. 

 

CURRENT TREND OF ADDITIVE USAGE IN MWFs 

Many MWF formulators are limiting the use of chlorine-containing compounds, 

phenols, nitrites, amines, PCBs (PolyChlorinated Biphenyls) and heavy metals. Chlorine and 

sulphur containing additives were used extensively in the 1970s, but have been mostly 

eliminated except for the use of long chain chlorinated alkanes (from C14 to C30) as extreme 

pressure additives and petroleum sulphonates as emulsifying agents. The use of short chain 

chlorinated alkanes (from C10 to C13) has been eliminated because of its suspected 

carcinogenicity (NIOSH, 1998). 

 

QSAR MODELING  

Mathematical modeling is a promising area that can be used to supplement in vivo or 

in vitro experimental studies to predict the dermal absorption of chemicals. Modeling helps 

to limit the number of animals, cost, time, and labor to obtain experimental measurements 

and to make predictions about the potential of chemical permeation through skin. The 

permeation of a chemical through skin is influenced by its physico-chemical characteristics 

and the biological characteristics of the skin, which can be predicted using a QSAR 
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(Quantitative Structure Activity Relationship) approach (Patel et al., 2002). The philosophy 

of QSAR is that biological activity is a consequence of its molecular structure and that those 

aspects of molecular structure relevant to a particular biological activity can be identified and 

computed using computer softwares. The relationship between the biological property and 

the descriptors can be either linear or non-linear. The traditional QSAR approach assumes a 

linear relationship between biological activity and the descriptors which may not be the case 

with all datasets. Therefore non-linear methods of modeling such as artificial neural 

networks, random forests and support vector machines have been utilized to develop QSAR 

models. Each QSAR model has its own applicability domain based on the chemical 

descriptor space in the training set. If the chemical whose biological activity has to be 

predicted falls outside the model applicability domain, then there will be high likelihood of 

inaccurate prediction (Tropsha and Golbraikh, 2007). 

 

QSAR FOR SKIN IRRITATION 

As an alternative to using the classical rabbit Draize test (Draize et al., 1944) for skin 

irritation studies (Hayashi et al., 1999), the irritation potential of chemicals can be predicted 

by QSAR approach based on the physiological properties and structural parameters of 

chemicals. In general, basic physicochemical parameters such as hydrogen bonding, 

hydrophobicity, molecular size, and electrophilic reactivity, are useful for predicting the 

irritation and toxic potential of homologous chemicals. Most models employ intramolecular 

physicochemical properties associated with solubility. A few models also consider the 

intermolecular physicochemical parameters that describe the interactions between the 
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compound of interest and a biological receptor such as molecule-membrane interactions (MI-

QSAR) models. In contrast, models used to predict the toxic potential of heterogeneous 

groups of chemicals have emphasized the commonality of structural features (Saliner et al., 

2006).  

 

A membrane-interaction QSAR (MI-QSAR) model was developed to predict the skin 

irritation of 20 diverse hydroxy alcohol compounds (Kodithala et al., 2002). A three 

descriptors (LogP, HOMO and electrostatic plus Van der Waals interaction energy 

(E(vdw+chg)) MI-QSAR model was considered the most suitable model with R2=0.76 and 

R2
cv=0.67 (below mentioned model). They concluded that skin irritation can be predicted to 

increase with increasing effective concentration of irritants, with increasing binding of 

compounds to the phospholipid-rich regions of the cellular membrane, and with increasing 

chemical reactivity, reflected by HOMO (highest occupied molecular orbital) and LUMO 

(lowest unoccupied molecular orbital). A three descriptor model (n=20) for Primary index for 

skin irritation potency (PII ) proposed by Kodithala et al. (2002) is as follows: 

PII = 3.51 – 0.82 * LogP – 0.26 * E (vdw + chg) + 1.14 * HOMO 

 

Computer software is available to predict toxicity endpoints of certain chemical 

structures based on the available information. The most widely used commercial programs 

for assessing skin irritation and other chemical toxicities are DEREK (Deductive Estimation 

of Risk from Existing Knowledge), HazardExpert, MultiCASE (Multiple Computer 

Automated Structure Evaluation), and TOPKAT (TOxicity Prediction by C(K)omputer 
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Assisted Technology). These commercial approaches have been divided into two main types: 

(1) Knowledge based systems such as DEREK and HazardExpert, and (2) Statistically based 

or automated rule-induction systems such as TOPKAT and MultiCASE. A knowledge based 

expert system is based on expert rules defined by human expert opinion and interpretation of 

toxicological data to predict the toxicity potential of a chemical. Statistically based or 

automated rule-induction systems are based on induced rules defined by calculated parameters 

and the application of various statistical methods to derive mathematical relationships for a 

training set of chemicals in an unbiased manner (Greene, 2002; Saliner et al., 2006). 

 

DEREK was developed by LHASA (Logic and Heuristics Applied to Synthetic 

Analysis) Ltd., UK. It uses known toxicological structure activity relationships (SAR) of the 

chemicals to make qualitative predictions of possible toxic action of compounds on the basis 

of their chemical structure (Greene et al., 1998). DEREK has been utilized for the prediction 

of a wide variety of toxicity endpoints including mutagenicity, neurotoxicity, developmental 

toxicity, oncogenicity, skin sensitisation, and skin and eye irritancy and corrosivity (Saliner 

et al., 2006). The main strength of DEREK is that rules are based on scientific knowledge of 

SAR and mechanisms and new rules can be easily added to improve the prediction capacity 

of this program. The limitations of using DEREK is that quantitative information about the 

toxicity potential of chemical cannot be obtained and physico-chemical properties of the 

chemicals can not be included in the predications. HazardExpert is a similar type of rule-

based approach, developed by CompuDrug Chemistry Ltd., Hungry. HazardExpert 
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incorporates some estimates of physico-chemical properties in its prediction and can provide 

semi-quantitative estimates for toxicity (Greene, 2002). 

 

TOPKAT is a PC based system developed by Accelrys Inc., USA, which generates 

QSARs for the prediction of a range of acute and chronic toxicity endpoints. QSAR models 

using TOPKAT software package have been developed to predict the severity of skin 

irritation in rabbit. The models were constructed based an extensive dataset of publicly 

available skin irritation data (Enslein et al., 1987). TOPKAT program automatically checks if 

the query chemical is within the space defined by the training set of chemicals and provides 

qualitative and quantitative information. The limitation of using TOPKAT program is that 

the predictions are based solely on physical chemistry, and not on the biochemical 

mechanisms (Greene, 2002; Saliner et al., 2006). MultiCASE is a statistical based system 

similar to TOPKAT, developed by MultiCASE Inc., USA. This program automatically 

produces predictive models from a training set of non-congeneric chemicals with associated 

toxicological data. The main limitation of MultiCASE program is that the output is often 

ambiguous and can lead to misinterpretation of the predictions. Application of this software 

has been utilized to develop several models including one for eye irritation (Klopman et al., 

1993). 

 

A series of papers were published by Berner et al.(1988, 1989, 1990) where they 

correlated the severity of irritation from reduced sets of organic acids and bases in humans 

with the acidic or basic strength of chemicals as measured by pKa. In one study, the 
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relationship between pKa and skin irritation in humans for a series of benzoic acid 

derivatives is reported (Berner et al., 1989). They found that skin irritation and pKa were 

strongly correlated. In a similar study, Nangia et al (1996) proposed a one-variable model 

correlating skin irritation with pKa, which was based on 12 organic bases. They observed 

that skin irritation could be triggered by local alterations in the pH caused by acidic and basic 

chemicals. 

 

QUANTITATIVE STRUCTURE PERMEABILITY RELATIONSHIPS (QSPRs) 

QSAR models for prediciting dermal permeability may be referred to as QSPR 

models (Moss et al., 2002). QSPRs have been utilized in predicting skin permeability and are 

the subject of continuous reviews (Moss et al., 2002; Walker et al., 2003; Poet and 

McDougal, 2002; McCarley and Bunge, 2001; Vitha and Carr 2006).  

 

LSER (Linear Solvation Energy Relationship) is a type of QSPR which statistically 

correlates physico-chemical properties related to the solvation of chemicals (solvatochromic 

parameters) to any free energy related biological property (e.g. permeability and partition 

coefficient). LSER represents a subset of broader class of Linear Free Energy Relationships 

(LFER). 

 

QSPR approaches to model dermal permeability require (1) a training set of 

chemicals representing a wide chemical space; (2) a reliable and consistent parameter values 

(to determine permeability) for a set of chemicals (training set) obtained from standardized 
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experiments with skin samples taken from the same source and preferably from a single 

laboratory; (3) an understanding of the relationship between the biological molecules and the 

physicochemical characteristics of the chemical i.e. physicochemico-biological interaction 

occurring during the partition and the permeation of chemical through skin; and (4) 

descriptors that are appropriate for skin permeation by passive diffusion (Moss et al., 2002; 

Fitzpatrick et al., 2004; Jones et al., 2004; Vitha and Carr, 2006).  

 

PROPOSED QSPR MODELS 

Many scientists have proposed different mathematical models to correlate physico-

chemical (especially solvatochromic parameters) and biological interactions occurring in the 

process of permeation in order to predict dermal absorption. The development of better 

QSPR models was accelerated after the publication of the Flynn permeability dataset of 97 

heterogeneous compounds in a single species (Flynn, 1990). Thereafter many scientists 

proposed their own QSPR models to predict chemical permeability through skin. Previous 

studies have shown that hydrophobicity, molecular volume and hydrogen bonding capability 

of chemicals are among the most important characteristics to be used for predicting 

permeability (Potts and Guy, 1995; Pugh et al., 1996; Patel et al., 2002). 

 

The first widely accepted model to predict permeability (Kp) using 2 

physicochemical descriptors {molecular weight (MW) and Kow (octanol/water partition 

coefficient)} was derived by Potts & Guy (1992) who derived the relationship of 93 

chemicals by the following equation: 
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Log Kp (cm sec-1) =  –6.3 + 0.71 log Kow – 0.0061 MW 

n = 93, r2 = 0.67 

 

Although Potts and Guy (1992) model was a classic model for dermal permeation, the 

R2 of the model was poor because they didn’t consider other relevant parameters that were 

important for permeation. In 1995, using a subset of solutes from the Flynn dataset (1990), 

Lien and Gao used Kow, hydrogen bonding (Hb) and molecular weight (MW); Baratt used 

Ko/w, molecular volume (MV) and melting point (MPt); Potts & Guy used molecular volume, 

hydrogen bond accepting (Σβ2
H) and donating ability (Σα2

H) to propose the following 

equations to estimate permeability (Kp):  

Lien and Gao equation (1995) 

Log Kp = 0.84 log Kow - 0.07 (log Kow)2 - 0.27Hb - 1.84 log MW + 4.39  

n = 22, r2 = 0.96  

 

Baratt equation (1995)  

Log Kp = 0.82 log Kow - 0.0093 MV - 0.039 MPt - 2.36 

n = 60, r2 = 0.90 

 

Potts & Guy equation (1995): 

Log Kp = 0.0256 MV – 1.72 Σα2
H –  3.93 Σβ2

H - 4.85   

n = 37, r2 =0.94 
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 In 1993, Abraham proposed a general LSER equation, which considered 5 

solvatochromatic parameters as independent variables to predict a free energy related specific 

property such as permeability or partition coefficient. The dependent variable (Kp) is 

correlated to the 5 molecular descriptors (R, π, α, β, V) of the chemical and corresponding 

strength (regression) coefficients (r, s, a, b, v) in a defined phase. This approach could be 

used to study the intermolecular interactions between solute and solvent as well as to predict 

permeability of chemicals with known molecular descriptors.  The general LSER equation 

used in this study was as follows: 

 

Log permeability = c + r * R2 + s * π2
H + a * Σ α 2

H + b * Σ β2
H + v * Vx 

 

Where, 

LSER Molecular Descriptors 

R2 = Excess MOLAR REFRACTIVITY (represents molecular force of lone pair  electrons) 

π2
H = POLARIZABILITY/DIPOLRITY of the solute 

Σα2
H = Hydrogen bond DONOR capacity (summation of acidity from all H-bonds of the 

solute) 

Σβ2
H = Hydrogen bond ACCEPTOR capacity (summation of basicity from all H-bonds of the 

solute) 

Vx = McGowan characteristic MOLECULAR VOLUME 

LSER Strength (Regression) Coefficients 

c = Intercept (regression constant) 
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r = The tendency of solvent or phase to interact with л- and n- electron pairs of the solute 

s = The tendency of phase to interact with dipolar/polarizable solutes 

a = The phase hydrogen bond ACCEPTOR strength 

b = The phase hydrogen bond DONOR strength 

v = The phase hydrophobicity or cavity formation term 

 

Abraham et al (1999a) used the general LSER equation to model 53 heterogeneous 

solutes (excluding steroids data, as they were not correct) from the Flynn dataset (1990). 

Abraham’s model gave an excellent fit (R2 = 0.96) which is shown below:  

 

Log Kp = 0.44 R2 – 0.49 π2
H – 1.48 Σ α 2

H – 3.44 Σ β2
H + 1.94 Vx – 5.13 

 n = 53       r2 = 0.96 

 

Molecular descriptors are useful parameters which represent unique chemical 

information (certain aspects like size, shape, symmetry, complexity, branching, cyclicity, 

stereo-electronic property) of a chemical derived from its structure. Those aspects of 

molecular structure that are relevant to a particular biological activity can be identified and 

computed using computer software such as ADME boxes, Polly, Triplet, Molconn-Z, 

Codessa-pro, Almond, PreADMET, Adriana, ADAPT, Hybot 3D, QuaSAR, Sybyl, MOPAC, 

Power MV, Grid, Dragon, JOElib, MOE, Molgen-QSPR, and Gaussian 03W. There are more 

than 2,000 defined molecular descriptors for each chemical  that belong to different classes 

such as Topological (topostructural and topochemical), Constitutional, Electrostatic, 



 42

Quantum-chemical, Chirality indices, Thermodynamic, Molecular Orbital related, Charge 

related and 3D or Geometrical or Shape descriptors (Todeschini and Consonni, 2000).  

 

In order to identify descriptors for the solvation process the steps involved in 

solvation must be known. A 3 step cavity model has been proposed by Abraham & Liszi 

(1978) to describe solvation: (1) Formation of a suitable size cavity in the solvent 

proportional to solute size. The latter is an endoergic process (breakage of solvent-solvent 

bond), (2) Insertion of the solute into the cavity and reorganization of the solvent molecules 

around the solute, and (3) Exoergic solute solvent interactions. Based on the solvation 

process, five solvatochromatic descriptors (E, S, A, B, V) were found to be the most relevant 

by Abraham et al (1999a). The term “solvato” indicates that these descriptors are involved in 

the solvation process. Solvation is a chemical process in which the solute and solvent 

molecules interact with relatively weak bonds during partitioning or permeation. The term 

“chromic” originates from early experiments where these descriptors were first obtained by 

spectrophotometric methods, thus called solvatochromic descriptors (Abraham et al., 1986). 

The descriptors E, S, A and B are a measure of the solute propensity to undergo solute-

solvent interactions, all of which are energetically favorable i.e. exoergic; whereas the 

descriptor V models the endoergic cavity formation together with exoergic solute-solvent 

general (London) dispersion interactions. For most of the chemicals S, A and B descriptor 

values are experimentally derived whereas E and V descriptor values are calculated 

(Abraham and Chada, 1996). The E descriptor can be calculated from the refractive index or 

by simple additivity of fragments. The V descriptor can be calculated from the molecular 
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formula and number of rings in a molecule using Abraham’s algorithm (1993) for number of 

bonds in a molecule. S, A, and B descriptors are determined from the water/solvent 

partitions. For volatile solutes, the descriptor values of S, A and B are obtained by gas-liquid 

chromatography on a non-acidic, highly basic and highly acidic stationary phases 

respectively (Abraham et al., 1999a; Abraham and Chada, 1996). 

 

The molecular descriptors are fixed properties of the solutes regardless of changes in 

system.  However, the strength coefficients do change when the system changes. ‘System’ 

here refers to two partitioning phase, which consists of skin/mixtures or skin/water. Each 

solute has its distinct molecular descriptor. Strength coefficients are the regression 

coefficients obtained from the multiple linear regression analysis using experimental log Kp 

as the dependent variable and molecular descriptors as the independent variables. Strength 

coefficients estimate the difference in the solvent property of the two phases, so they change 

when the phase ‘or’ system changes. Use of the LSER equation, therefore allows one to 

provide a quantitative measure of the difference in interaction between the two phases that 

are operative during occupational exposure to MWFs. This model was selected because it is 

widely accepted for correlating physico-chemical properties of penetrant to biological 

properties of membranes and includes major molecular descriptors applicable to chemical 

absorption through skin. 

 

LSER has some limitations as it does not consider the shape of the solute; the general 

LSER equation can’t be reliably applied to charged or ionized systems, however, modified 
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versions of LSER equation with addition of variable accounting for charge may address this 

issue (Bolliet et al., 1998; Li et al., 2006); smaller strength coefficients tells us if the 

difference in interaction ability of two phases is small but it does not tell whether the 

interaction is present or absent; and there is no interpretation for intercepts which may be 

useful in explaining the interactions. The advantages of LSER approach is that it provides 

chemical insights for understanding the importance of specific interactions occurring in the 

permeation/partitioning process between two phases as well as explaining the difference 

between properties of two different phases. These advantages of using LSER make it a 

general equation for modeling permeability or partitioning. LSER is easy to perform due to 

availability of descriptors for a large number of solutes (Vitha and Carr, 2006). LSER has 

been used to evaluate partitioning of solutes between two phases (Xia et al., 2007), retention 

behavior in chromatography (Khaledi et al., 1998), brain and skin penetration (Abraham et 

al., 1999a), permeability through biological membranes and skin (Geinoz et al., 2004), to 

determine molecular descriptors (Abraham and Martins, 2004) and to classify stationary 

phases (Abraham et al., 1999b).  

 

Traditional LSER models only consider the physico-chemical descriptors of solutes 

as predictor variables and are built separately for each vehicle. Riviere and Brooks (2005) 

proposed a novel approach that included a mixture factor (MF) in addition to physico-

chemical descriptors of solutes as predictor variables. This MF described the physico-

chemical properties of the mixture components or additives. Their proposed model is as 

follows: 
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Log Kp = c + m*MF + r*R2 + s*π2
H + a*Σ α 2

H + b*Σ β2
H + v*Vx 

 

This equation can be used to predict the permeability of solutes in multiple vehicles, 

simultaneously. For example, instead of constructing one Abraham’s LSER model for solutes 

in water, another for solutes in ethanol and another for solutes in acetone, one can construct a 

single LSER model with MF using permeability coefficients of solutes in all three solvents.  

The MF calculation is based on the percentage composition of the vehicle components along 

with the physical chemical properties selected using principal component analysis. 

Incorporation of the MF in the Abraham and Martins (2004) LSER equation (as mentioned 

above), Potts and Guy (1992) equation, and Hostynek and Magee (1997) equation, improved 

the prediction of dermal permeation of chemicals (Riviere and Brooks, 2005; Riviere and 

Brooks, 2007).  

 

Unlike molecular descriptors of solutes, the MF of the vehicle/mixture components is 

not constant. The value of the MF will be different for a combination of mixtures in a given 

study. The LSER model with the MF as a predictor in addition to 5 other solvatochromatic 

descriptors can only be applied to defined mixtures, whose chemical composition is known. 

It may not be applied to different types of complex MWF formulations as the exact 

composition is not known due to proprietary reasons. However, the vehicle component that 

makes up the largest fraction of the mixture, contributes to the value of the computed MF 

(Riviere and Brooks, 2005; Riviere and Brooks, 2007), therefore, this equation may be used 
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to predict the permeability of chemicals in MWF formulations if the bulk components 

making up the MWF are known. 

 

Most of the traditional QSAR models were based on multiple linear regression 

analysis (MLR), which assumed linear relationship between the response variable and the 

predictor variables (Degim et al., 2003; Chen et al., 2007). Recently non-linear methods of 

multivariate analysis such as artificial neural network (ANN) techniques have been applied to 

produce QSAR models in order to capture structure activity relationships for large and 

complex data (Tropsha and Golbraikh, 2007). Computer software such as Pythia (Degim et 

al., 2003) or Matlab (Chen et al., 2007) can be used to generate several network models and 

the best model is selected based on the lowest square deviation (experimental permeability–

predicted permeability)2 value. Degim et al (2002) developed an artificial neural network 

model based on a training set of 40 chemicals and compared with MLR equation proposed by 

Pugh et al (2000). The R2, F-stat and SE produced by the ANN model (R2 = 0.997; F-stat = 

12016; SE = 0.04) was highly improved over the Pugh model (R2 = 0.672; F-stat = 77; SE = 

0.43). External validation of the ANN model for 11 chemicals gave closer permeability 

values to experimental data than the Pugh model, demonstrating superiority of the ANN 

model to explain complex mechanism of skin permeation. Similar results were observed by 

Chen et al (2007) where they compared the MLR and the ANN models based on 215 

chemicals. The ANN model (R2 = 0.832; F-stat = 1050; SE = 0.14) performed better over the 

MLR model (R2 = 0.699; F-stat = 493; SE = 0.24). The ANN model in both of the above 

studies performed better than MLR models because the relationship between the descriptors 
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and the response variable was non-linear (Degim et al., 2003; Chen et al., 2007). The MLR 

models are suitable where there is a linear relationship between the descriptors and the 

response variable. 

 

Many mathematical models have used either diffusion based or compartmental based 

differential equations to explain the process of dermal absorption (Roberts et al., 2001). 

These models simulate the effect of chemical partitioning into skin and their transport across 

the skin over time (Cleek and Bunge, 1993; Parry et al., 1990). Kubota and Ishizaki (1986) 

had proposed a diffusion-diffusion model using differential equations describing 

percutaneous drug absorption process where the vehicle and skin were regarded as simple 

diffusion membranes. Various other diffusion models for dermal permeation have been 

proposed in last few decades (Kubota and Maibach, 1992; Yamashita et al., 1993; Kubota et 

al., 1995). The compartmental models for dermal permeation can treat the skin as several 

well stirred compartments, although simpler models consider only one or two compartments. 

Unlike physiologically based pharmacokinetic models, the compartments in these traditional 

compartmental models are not physiologically or anatomically relevant (van der Merwe et 

al., 2006). A few of the compartmental models have been presented and reviewed by Wallace 

and Barnett (1978), Guy and Hadgraft (1984), Kubota (1991), Kubota and Maibach (1992), 

McCarley and Bunge (1998), Reddy et al (1998) and McCarley and Bunge (2001). 

 

Physiologically based pharmacokinetic (PBPK) or physiologically based 

toxicokinetic (PBTK) models are mathematical simulation of physiological processes that 
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determine the extent and the rate of chemical’s absorption, distribution, metabolism and 

excretion. A typical PBPK model represents the body as anatomically and physiologically 

defined compartments consisting of a series of organs (liver, lungs, kidney, brain, heart) and 

tissues of interest (bone, fat, muscles, skin), dose and route of exposure, and major route of 

metabolism. The compartments are linked by blood flow and movement of chemical between 

compartments is determined by tissue/blood partitioning and blood flow rate. A series of 

differential mass balance equations are written for each tissue block and plasma, which 

represents change in drug concentration in tissues and plasma over time (Reddy et al., 2005). 

A typical dermal PBTK model may consider the skin as one, two or multi-compartmental 

unit. The PBPK models are suitable over traditional compartmental models in hypotheses 

generation and testing involving anatomical, physiological, and environmental change (van 

der Merwe et al., 2006).  PBPK modeling is widely used in parallel to QSAR modeling and a 

large number of dermal PBPK models have been proposed in recent years (Corley et al., 

2000; Poet et al., 2000; McCarley and Bunge, 2001; Thrall et al., 2002; van der Merwe et al., 

2006; Kim et al., 2007; Norman et al., 2008). 

 

The aim of PBPK modeling is to establish the drug concentration-time profile 

(transdermal delivery) at the site of action after dermal exposure. Pharmacodynamic models 

determine the steady state clinical effect of the drug once it has reached the site of action. 

Toxicokinetic-Toxicodynamic (TKTD) or Pharmacokinetic-Pharmacodynamic (PKPD) 

modeling determines the relationship between chemical or drug concentration and its action, 

that is, TKTD models provide information on the time-dependency of the clinical effect of 
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the chemicals (Dancik et al., 2008). TKTD models have been developed to evaluate dermal 

sensitization of phenyl vinyl sulfone (Nakayama et al., 2005); to characterize dermato-

toxicokinetic profile of topically applied sulfur mustard (Riviere et al., 1995) and to 

determine exposure assessment of neurodevelopmental toxicants (Faustman et al., 2005).  

 

QSAR MODEL DEVELOPMENT AND VALIDATION 

A model is neither correct nor incorrect; it depends on the purpose as which model to 

use. A model is judged based on its predictive capability that how well it can predict the 

biological activity under specified conditions. A predictive and reliable QSAR model should 

be statistically significant and robust to make accurate predictions for chemicals not used in 

the model construction. In addition, their application domain must be defined (Tropsha et al., 

2003).   

 

The first step in QSAR model development is to select a training set of chemicals 

representing a wide chemical space in terms of descriptor value and diverse structure. 

Diverse chemical selection can be performed using various statistical methods such as 

principal component analysis (Fuguet et al., 2002), cluster analysis (Xu and Redman-Furey, 

2007) and uniform coverage design (Lam et al., 2002).  The second step will be to obtain 

accurate and consistent experimental data for the property to be modeled such as 

permeability coefficient for QSPR models. The data should be obtained from standardized 

experiments with skin samples taken from the same source and preferably from a single 

laboratory, for a set of chemicals (training set) (Moss et al., 2002; Fitzpatrick et al., 2004; 
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Jones et al., 2004). The next step will be to select an optimal number of predictors or 

molecular descriptors which contain some physico-chemical information related to the 

modeled property. This can be achieved by using variable selection methods such as stepwise 

regression, forward selection, backward elimination or leaps and bounds regression methods 

(Zhang and Xu, 2001). Generally, 4-5 chemicals per descriptor or predictor variable are the 

accepted limit for statistical model development (Tropsha et al., 2003; Vitha and Carr, 2006). 

For example, a model consisting of 5 variables should at least consist of a training set of 20-

25 chemicals.  

 

Once the selection of training set of chemicals and the descriptors is completed, 

QSAR models are built using the property being modeled as the dependent variable and 

descriptors as the independent variables. There are various available algorithms to construct 

the QSAR models such as multiple linear regression, artificial neural network, k-nearest 

neighbor methods (Tropsha et al., 2003), principal component regression, ridge regression, 

and partial least square regression (Eriksson et al., 2003; Basak et al., 2007). The choice of 

these methods depends on the researcher’s interests, software availability and the expected 

outcomes from the QSAR models (Tropsha et al., 2003). 

 

To evaluate the true predictive power and the mechanistic interpretation of a QSAR 

model, a quantitative assessment of model robustness is required, which is performed using 

model validation methods. The predictive power of the model can not merely be decided 

based on R2 (coefficient of determination), which measures the goodness of fit between 
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experimental and predicted parameter values of the training set of chemicals. A model with 

high R2 value may not be a good predictor, especially if the high R2 value is due to 

multicollinearity among the predictor variables, low degrees of freedom, statistically 

insignificant model descriptors and high leverage points in the training set (Tropsha et al., 

2003). All the models should be validated either by external or internal validation methods 

and such validations should be performed and reported (Vitha and Carr, 2006).  

 

Internal validation methods include cross-validation methods such as jack-knifing or 

leave-one-out (LOO) (Hawkins et al., 2003), leave-many-out (LMO) and bootstrapping; and 

randomization techniques such as Y-randandomization test (Tropsha et al., 2003; Vitha and 

Carr, 2006; Mitra et al., 2009). LOO method involves repeated data-splitting with leaving 

one sample out in each split and using the others in the training set for modeling. Similarly, 

LMO and bootstrapping involve exclusion of multiple samples from the dataset and 

remaining other chemicals in the training set is used for modeling. For every exclusion, Q2 

(cross-validation coefficient of determination) value is determined (Vitha and Carr, 2006). A 

large value of Q2 demonstrates the model robustness. Q2 is a better measure than R2 and can 

be used to identify outliers, which can influentially increase or decrease the R2. Y-

randomization technique produces several QSAR models by shuffling dependent variable 

vector. If there is a high R2 and Q2 for all the models obtained by Y-randomization test, then 

an acceptable QSAR model can’t be obtained for the given dataset by the current modeling 

technique (Tropsha et al., 2003).  
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Internal validation procedures can be false indicators of robustness of QSAR models, 

therefore QSAR working group of OECD has recommended to include external validation as 

a mandatory component of model development (Zhang et al., 2008). External validation is 

the application of developed model to new data set (test set) which was not used to construct 

the model. This approach requires two dataset: namely, training set and test set. The external 

test set should contain at least five chemicals (Golbraikh and Tropsha, 2002). The training set 

of chemicals must be diverse and chemicals in the test set must be within the chemical space 

of the training set of chemicals. Therefore the application domain of the model must be 

defined, as reliable prediction can be made only for those chemicals that fall in the defined 

domain (chemical space). Any model can not predict the modeled property for all the 

available chemicals (Tropsha et al., 2003). A good fit between experimental and predicted 

parameter (such as permeability coefficient) of test set of chemicals indicated by a high R2, 

low standard error, large F-statistic value, low p-value (<0.05) would suggest the robustness 

and high predictive capability of the model. It is also useful to analyze residual plots (for any 

patterns) as an added measure to check the robustness of the model (Vitha and Carr, 2006).   

 

SUMMARY 

The evaluation of dermal permeation of chemicals is very important for chemical risk 

assessment. Dermal absorption studies should be performed with human skin or best 

substitute, in a single laboratory, employing standardized experiments and consistent 

analytical techniques. In this research work porcine skin was used because of its similarity to 

human skin in anatomical, physiological, histochemical and biochemical aspects. Dermal 
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permeation was assessed by conducting standardized in vitro flow-through diffusion cell 

experiments and by employing analytical techniques such as gas chromatography. 

Permeability coefficient was used as a parameter to assess dermal absorption of chemicals.  

Very few studies have been performed to evaluate dermal permeation from MWFs. 

Therefore, dermal absorption of chemicals in three different types of water-based MWFs was 

determined to evaluate the effect of occupational exposure of MWFs on metal workers. Due 

to the advent of combinatorial techniques to synthesize thousands of chemicals daily, there is 

a need for quick assessment of chemical’s toxic potential. Since, experimental measurement 

for all chemicals cannot be obtained, in silico approaches have been used to predict the 

toxicity end point of chemicals. In this study the dermal absorption in terms of permeability 

coefficients have been predicted using LSER approach.  The predictive models were 

constructed using multiple linear regression method and were validated using external sets of 

biocides. An attempt was also made to select chemicals using best possible method to 

represent diverse training set of chemicals.   
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ABSTRACT 

 

The aim of this study is to predict dermal permeability of 4 phenolic biocides in 4 

different formulations using a Linear Solvation Energy Relationship (LSER) approach, with 

a calibrated flow through diffusion cell system. Infinite doses of 4 biocides and 25 probe 

chemicals in water, 17% methanol and 2 commercial metalworking fluids namely Astrocut–

C® and Tapfree 2® were applied to porcine skin flow through diffusion cells. The strength 

coefficients for the 25 probe compounds for each system were determined from multiple 

linear regression analysis and plugged into the Abraham’s LSER equation to predict 

permeability values for biocides. Biocide permeability significantly decreased in methanol, 

Astrocut–C® and Tapfree 2® when compared to water. The strength coefficients revealed that 

hydrophobicity played an important role in explaining the reduced permeability in vehicles 

compared to water. This finding is important for selection of biocides and cutting fluids 

formulation. The R2 between experimental and predicted log Kp of probe solutes for water, 

methanol, Astrocut–C® and Tapfree 2® was 0.70, 0.78, 0.89 and 0.84 respectively. In 

conclusion, the LSER approach adequately predicted the dermal permeability of 4 biocides in 

commercial cutting fluids and also shed light on the chemical interactions resulting in 

reduced permeability.  

 

Keywords: Dermal permeability, biocides, solvatochromic parameters, LSER, cutting fluids. 
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INTRODUCTION 

 

Skin is one of the most important body sites affected from a wide variety of 

occupational exposure to chemicals. Factory workers are exposed to different chemical 

formulations used in day-to-day operations.  Cutting or metalworking fluids (MWFs) are an 

integral part of metal industries serving as coolant, lubricant & swarf remover and are 

responsible for the smooth operation of machineries. Metalworking fluids are classified as 

neat or straight oils, soluble (emulsifiable) oils, synthetic and semi-synthetic MWFs 

containing various additives like biocides, corrosion inhibitors, lubricants, emulsifiers, 

extreme pressure agents etc (Balogh et al., 2000). Soluble oil, semi-synthetic and synthetic 

MWFs are generally alkaline solutions (approx. pH-9) and are diluted with water before use. 

Due to the presence of water, MWFs are susceptible to microbial contamination leading to 

rancidity and biodeterioration. Biocides are added to the metalworking fluids to prevent the 

growth of these microorganisms. Different components of MWFs contribute to adverse 

health effects (NIOSH, 1998) including biocides which can cause irritant or allergic 

dermatitis in workers involved in metal working operations (Madan and Beck, 2006; 

Piebenga and van der Walle, 2003; Basketter et al., 1999). Therefore, these biocides are of 

significant concern as they are occupational health hazards.   

 

The dermal absorption of these biocides (e.g. Triazine) can be modulated by the 

presence of different additives in the cutting fluid formulations (Baynes et al., 2003, 2005). 

Consequently, dermal disposition of an aqueous biocide solution can vary when compared to 
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biocides in mixtures, where mixture components can either physico-chemically or chemico-

biologically alter the percutaneous absorption of biocides. The permeation of a chemical 

through skin is influenced by its physico-chemical characteristics and the biological 

characteristics of the skin, which can be predicted using a QSAR (Quantitative Structure 

Activity Relationship) approach (Patel et al., 2002). Modeling helps limit the number of 

animals and time to obtain experimental measurements to make predictions about the 

potential of chemical permeation through skin. Scientists have developed QSAR models for 

dermal permeation and have proposed different mathematical models to correlate physico-

chemical and biological interactions occurring in the process of permeation. Previous studies 

have shown that hydrophobicity, polarity, molecular volume and hydrogen bonding 

capability of chemicals are amongst the most important characteristics for predicting 

permeability.   

 

QSPRs (Quantitative Structure Permeability Relationships) has been utilized in 

predicting skin permeability and is the subject of continuous reviews (Moss et al., 2002; 

Walker et al., 2003; Poet and McDougal, 2002; McCarley and Bunge, 2001; Vitha and Carr 

2006). LSER (Linear Solvation Energy Relationship) is a type of QSAR, which statistically 

correlates physico-chemical properties related to solvation of chemicals (solvatochromic 

parameters) to any free energy related biological properties and represents a subset of 

broader class of Linear Free energy Relationship (LFER). Previously, dermal permeability of 

pesticide mixtures has been predicted using a QSPR (Riviere and Brooks, 2005, 2007) that 

included a mixture factor as a molecular descriptor in the multiple linear regression analysis. 
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The aim of this study is to predict dermal permeability of several phenolic biocides in 

mixtures using the LSER approach (a mathematical model) with calibrated flow through 

diffusion cell system to quantify the change in molecular interactions upon addition of two 

chemically diverse cutting fluid formulations namely Astrocut–C® and Tapfree 2®, which are 

soluble oil and synthetic type of metalworking fluids, respectively. Pig skin is used in these 

permeation studies because it is anatomically, biochemically, and physiologically similar to 

human skin (Monteiro-Riviere, 1991), hence the data could be extrapolated to humans. The 

duration of the study was set to 8 hours to simulate the average working hours in a day for 

occupational exposure to these MWFs. 

 

MATERIALS AND METHODS 

 

Chemicals and dosing solutions. All chemicals and biocides (p-chloro-m-cresol, p-

chloro-m-xylenol, p-tertiary amylphenol, o-phenyl phenol) listed in Table 1a were purchased 

from Sigma-Aldrich (St. Louis, MO, USA). Ultra-pure water was procured from the college 

laboratory facility. Methanol was also purchased from Sigma-Aldrich. Commercial 

metalworking fluids namely Astrocut–C® (Monroe Fluid Technology, NY) and Tapfree 2® 

(Winfield Brooks Company, Inc., MA) were obtained from local machining tools store. 

Tapfree 2® is a synthetic type of metalworking fluid (MWF) and was used as such (pH – 8) 

whereas Astrocut–C® is a soluble oil type of MWF and used at a dilution of 1:10 (pH – 9.2) 

with water. A 65 μm Polydimethylsiloxane/Divinylbenzene (PDMS/DVB) fiber was 

purchased from Supelco (Bellfonte, PA). Eight sets of 25,000 μg/ml stock solutions in 
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methanol were made using 4 chemicals in each set based on similar solubility. These 

solutions were used to make the dosing solution in water, 17% methanol, Astrocut–C® and 

Tapfree 2® with 12.5 – 250 μg/ml concentration. These chemicals were added to media to 

obtain a separate set of standard solutions to be used as external calibration standards. The 

17% methanol mixture was used to assess the mixture effect of a defined solvent, that is, 

methanol. The commercial MWFs are less defined as the exact composition is proprietary 

information.  

 

Flow through Diffusion Cell Experiments. Bronaugh two-compartment Teflon flow 

through diffusion cells and porcine skin were used for this experiment (as described by 

Bronaugh and Stewart, 1985). The skin was obtained from the dorsum of white weanling 

pigs (30-40 kg). The dorsum of the pig was shaved and then dermatomed to a thickness of 

400 – 500 μm with a Padgett dermatome (Padgett Instruments Inc., Kansas city, MO), 

punched into circular discs (19 mm diameter) and placed into the diffusion cell tightened by 

the screw cap, which provided a dosing surface area of 0.64 cm2. A dosing solution of 1 ml 

(infinite dose) of 25 probe chemicals and 4 biocides in water, 17% methanol, Astrocut–C® 

and Tapfree 2® were dosed onto the skin surface and the system was occluded. The occlusive 

conditions were used to prevent the evaporation of volatile compounds; otherwise it would 

be difficult to get the true permeability of volatile chemicals in perfusates as their 

concentration will decrease gradually due to evaporation and occlusion can occur if the 

worker wears full sleeve shirts after exposure or long gloves during exposure. The skin discs 

were perfused using Krebs–Ringer bicarbonate buffer spiked with dextrose and bovine serum 
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albumin (4.5 %). The temperature of the perfusate and flow through cells was maintained at 

37oC using a Brinkmann constant temperature circulator (Brinkmann Inc., Westbury, NY). 

The pH of the perfusate was maintained between 7.4–7.5 and the flow rate at 4 ml.hr-1 using 

a pump (Watson-Marlow PumpPro, Wilmington, MA). Perfusate samples (n=4) were 

collected in covered vials at 0, 15, 30, 45, 60, 75, 90, 105, 120, 180, 240, 300, 360, 420 and 

480 minutes post dosing. Blank samples were collected before dosing with chemicals, to be 

used as control. All the cells were covered by aluminum foil to prevent evaporation. The 

concentration of chemicals in dosing solution ranged between 12.5 – 250 μg/ml depending 

upon the solubility of chemicals in water. Samples collected were kept frozen till analysis. 

 

Analysis of chemicals. A Varian 3800 GC/4000 MS coupled with SPME (Solid 

Phase Microextraction) equipped Combi-PAL autosampler was used to extract and analyze 

the chemicals. A PDMS/DVB SPME fiber, preconditioned according to manufacturer 

directions, was used to extract the chemicals from samples. A perfusate sample or standard of 

1 ml was added to a 10 ml GC vial. The samples were continually stirred at 500rpm at 65oC 

for 10 minutes so that the gaseous phase of chemicals equilibrates with the liquid phase in 

media. Then the PDMS/DVB fiber was inserted in the headspace of sample vial for 

extraction of chemicals. The vial was kept static at 65oC and the extraction time was 20 

minutes. The fiber was removed from the vial and desorbed in the injection port of GC-MS 

for 2 minutes for quantitative analysis. Quantitative analysis was optimized using a set of 

external standards spiked in media. The temperature of injection port was maintained at 

270oC and the chromatographic separations were performed on a Restek Rxi-5ms capillary 
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column (30m x 0.25mm ID x 0.25μm df). The column oven was programmed as follows: the 

initial temperature was 40oC, held for 1 minute, ramped at 20oC/min to 60oC and 3oC/min to 

97oC, held for 3.5 minutes, then ramped at 20oC/min to 200oC and 40oC/min to 250oC and 

finally held for 2 minutes at 250oC. Helium was used as the inert carrier gas and a constant 

flow of 1ml/min was maintained with pressure pulse on, at 21psi. The calibration standards 

were analyzed daily along with the samples and the concentration of chemicals in the sample 

was calculated from the linear standard curve (R2 = 0.99). 

 

The LSER Model. The first widely accepted model to predict permeability using 2 

physico-chemical descriptors (molecular weight and octanol/water partition coefficient) was 

derived by Potts and Guy (1992). Abraham (1993) proposed a LSER equation, which 

considers 5 solvatochromic parameters as independent variables to predict a free energy 

related specific property such as permeability or partition coefficient. The dependent variable 

is correlated to the 5 molecular descriptors (R, π, α, β, V) of the chemical and corresponding 

strength coefficients (r, s, a, b, v) in a defined phase. This approach can be used to study the 

intermolecular interactions between solute and solvent as well as to predict permeability of 

chemicals with known molecular descriptors.  The LSER equation used in this study is as 

follows: 

Log permeability = c + r * R2 + s * π2
H + a * Σ α2

H + b * Σ β2
H + v * Vx 

where c is the intercept (regression constant), R2 is excess molar refractivity (represents 

molecular force of lone pair electrons), π2
H is solute dipolarity/polarizability, α2

H is solute 

overall or effective hydrogen bond acidity, β2
H is solute overall or effective hydrogen bond 
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basicity and Vx is McGowan characteristic volume. R2 and Vx are calculated values and π2
H, 

α2
H and β2

H are determined experimentally from water/solvent partition systems. The 

strength coefficient ‘r’ represents the tendency of solvent or phase to interact with π- and n-

electron pairs of the solutes, ‘s’ represents the tendency of phase to interact with 

dipolar/polarizable solutes, ‘a’ is phase hydrogen bond basicity, ‘b’ is phase hydrogen bond 

acidity and ‘v’ is phase hydrophobicity or cavity formation term (Abraham et al, 1999a). The 

molecular descriptors are solute properties and are fixed for a solute or solutes, no matter if 

the system changes whereas strength coefficients remain constant for a particular system but 

change when the system changes. ‘System’ here refers to 2 partitioning phase which consist 

of skin/mixtures (MWFs) or skin/water or skin/methanol. Each solute has its distinct 

molecular descriptor. Strength coefficients are the regression coefficients obtained from the 

multiple linear regression analysis using experimental log Kp as dependent variable and 

molecular descriptors as independent variables. Strength coefficients indicate the difference 

in the solvent property of the two phases, so they change when phase ‘or’ system changes. 

We selected this model because it is widely accepted for correlating physico-chemical 

properties of penetrant to biological properties of membrane and includes major molecular 

descriptors applicable to chemical absorption through skin. 

 

Calculations and Statistics.  Permeability (cm.hr-1) was calculated from the ratio of 

steady state flux (μg.cm-2.hr-1) to the concentration (μg.cm-3) of initial topical dose. Steady 

state flux was obtained from the slope of cumulative absorption amounts versus time (0–8 

hours).  
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Strength coefficients were calculated by multiple linear regression analysis using the 

experimental permeability of calibrated set of probe solutes (n=25) as dependent variable and 

the molecular descriptors of solutes as the independent variables. Strength coefficients 

obtained from calibrated set of probe solutes were plugged in the above equation to calculate 

the predicted permeability of the biocides. The interaction coefficients (∆) were calculated by 

subtracting strength coefficient of skin/water system from strength coefficient of 

skin/mixture system. The multiple linear regression analysis and other related statistical 

calculations were done using SAS 9.1 for Windows software (SAS institute Inc., Cary, NC). 

 

RESULTS 

 

Chemically diverse probe solutes and biocides (p-chloro-m-cresol, p-chloro-m-

xylenol, p-tertiary amylphenol, o-phenyl phenol) with a wide range of descriptors were 

chosen according to the guidelines proposed by Vitha and Carr (2006). The R, π, α, β and V 

values for the probe solutes ranged from 0.6–1.36, 0.5–1.13, 0–0.7, 0.05 –0.65 and 0.77–

1.32, respectively (Table 1a). The R, π, α, β and V values for the 4 biocides ranged from 

0.79–1.55, 0.8–1.4, 0.5–0.67, 0.21–0.49 and 1.03–1.48, respectively. The log Ko/w of probe 

compounds ranged from 1.39–4 and for biocides it ranged from 2.4–3.8. A chromatogram of 

the twenty-five probe compounds and 4 biocides chemicals is presented in Figure 1.  

 

The absorption profiles i.e. Flux (%dose /hr) ± SE versus time of a representative 

probe chemical (acetophenone) and a representative biocide (o-phenylphenol) in water, 17% 
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methanol, Astrocut–C® and Tapfree 2® are depicted in Figure 2a and 2b, respectively. The 

steady state flux of the topically applied solutes was generally in the following decreasing 

order: water >17%  methanol > Astrocut–C® > Tapfree 2® (Figure 3a and 3b). 

 

The experimental permeability (log Kp) of probe solutes and biocides for skin/water, 

skin/ Astrocut–C®, skin/ Tapfree 2® and skin/methanol varied from -1.67 to -0.84 cm.hr-1, -

3.7 to -1.42 cm.hr-1, -4.25 to -1.8 cm.hr-1 and -2.2 to -1.07 cm.hr-1, respectively (Table 1b 

and 2). In general, the highest permeability for all chemicals was observed in water followed 

by 17% methanol, Astrocut–C® and Tapfree 2®. The exceptions include the permeation of 

alcohols, which was less in methanol as compared to Astrocut–C® and the permeation of 

benzenes and naphthalenes, which was less in Astrocut–C® than Tapfree 2®. Two of the 

biocides, p-chloro-m-cresol and p-chloro-m-xylenol, were below detection limits in 

Astrocut–C® and Tapfree 2® perfusates.  

 

The experimental permeability coefficients of the 25 probe chemicals and their solute 

descriptors were used to obtain the strength coefficients for each solvent or formulation 

phase. The system or strength coefficients (c, r, s, a, b and v) ranged from -1.30 to 0.92 for 

Skin/water system, -1.09 to 0.64 for skin/17% methanol system, -3.38 to 2.50 for skin/ 

Astrocut–C® system, and -3.12 to 1.23 for skin/Tapfree 2®  system (Figure 4). The LSER 

equations for the different systems or formulations were as follows: 

 Log Kskin/water =  -1.30 - 0.12R2 + 0.92π2
H - 0.72Σ α2

H + 0.07 Σ β2
H - 0.61 Vx  (1) 

 Log Kskin/methanol =  -1.09 + 0.10R2 + 0.64π2
H - 1.04Σ α2

H - 0.42 Σ β2
H - 0.88 Vx  (2) 
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 Log Kskin/ Astrocut–C®
 = 0.90 - 0.43R2 + 0.06π2

H - 0.78Σ α2
H + 2.50 Σ β2

H - 3.38 Vx (3) 

 Log Kskin/ Tapfree 2® = 1.23 - 0.16R2 - 0.67π2
H - 1.45Σ α2

H + 1.19 Σ β2
H - 3.12 Vx (4) 

 

The correlation coefficient (R2) of experimental log Kp plotted against predicted log 

Kp for probe chemicals in water, methanol, Astrocut–C® and Tapfree 2® were 0.70, 0.78, 

0.89 and 0.84 respectively (Figure 5a, 5b, 5c and 5d). The experimental and predicted log 

Kp of biocides is provided in Table 2. Figure 6 shows a strong correlation (R2 = 0.94) of 

experimental versus predicted pooled biocide permeability in water, 17% methanol, 

Astrocut–C® and Tapfree 2®. The predicted permeability values of biocides were obtained 

from the calibrated LSER equations above. These biocides were not included in determining 

the strength coefficients. When different mixtures were added to water, the strength 

coefficient changed and this change in strength coefficient is defined as interaction 

coefficients (∆). The greatest changes in strength coefficient were associated with the 

Astrocut–C® formulation followed by Tapfree 2® formulations and then 17% methanol 

formulation (Figure 7). 

 

DISCUSSION 

 

Metalworking fluids (MWFs) are complex mixtures of different chemicals where 

some components can alter the dermal permeability of one or several of the constituent 

chemicals. Our lab has previously shown that the dermal absorption of important industrial 
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chemicals is significantly altered in mixtures due to presence of different components 

(Baynes et al., 2002; Brooks and Riviere, 1996; Riviere et al., 2001). 

 

In this study, we used a LSER approach to predict the dermal permeability of 

phenolic biocides in commercial MWF mixtures and 17% methanol as a single solvent, and 

compared them to permeability of biocides in water. Although, recent work in our laboratory 

incorporated mixture effects into a LSER model using binary pesticide mixtures (Riviere and 

Brooks, 2005, 2007), there is still limited understanding of how chemical mixtures influence 

dermal permeability. The present study is the first of its kind to demonstrate the mixture 

effects of commercial MWFs on the dermal permeability of biocides. Dermal permeability 

values of a series of 25 diverse probe solutes and 4 biocides in Astrocut–C®, Tapfree 2®, 

water and 17% methanol were experimentally determined and along with molecular 

descriptors, these values were used to obtain strength coefficients for the prediction of 

chemical permeability in skin.  

 

We observed that the permeation of probe compounds and biocides were reduced in 

commercial MWFs and 17% methanol as compared to water and also that the LSER equation 

adequately predicted the permeation of biocides as evidenced by a very good correlation (R2 

= 0.94) between experimental and predicted pooled permeability coefficients of biocides. 

The results obtained are consistent with the results observed by Baynes and Riviere (2004) 

for the triazine biocide in a defined MWF. Our assumption was that the permeation of 

biocides would increase in MWFs because they contain mineral oils or synthetic oil-like 
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solvents, but in contrast we observed a reduction in the permeation when compared to water 

or 17% methanol. This suggests that there are more likely chemical-chemical interactions 

involved in the MWFs than chemico-biological interaction occurring in the skin, when skin is 

dosed with MWFs containing biocides. It is plausible that one or more additives in the 

MWFs modified the partitioning of biocides into the skin. 

 

The analysis of strength coefficients revealed that hydrophobicity or cavity term (v) 

of system was the main factor in explaining the reduced permeability of biocides across the 

skin in both MWFs, since the magnitude of ‘v’ term was very large as compared to all other 

parameters (Figure 4). The strength coefficients give us information about the difference in 

interaction ability of the 2 phases, namely, skin and water or skin and MWFs. The large 

magnitude of ‘v’ term indicates that there is a large difference in the hydrophobicity of the 

two phases i.e. skin and MWFs and the negative value (–v) indicates that both of the MWFs 

are more hydrophobic than skin. This can be attributed to the fact that Astrocut–C® contains 

heavy naphthenic oil and Tapfree 2® contains polyalkylene glycol and fatty acids. This also 

points out that the more hydrophobic the solute, the more likely the solute will be retained in 

the MWFs. In the case of skin/water and skin/17% methanol systems, the ‘v’ term is also 

negative but the magnitude is very small, the explanation for this could be due to the fact that 

skin is 70% water and since it remains hydrated throughout the 8hrs duration of experiment, 

there appears to be very little difference in skin and water/17% methanol hydrophobicity. 

Adding methanol to water makes it less polar, so the ‘v’ term for skin/17% methanol is 

slightly higher in magnitude than skin/water system. These results suggest that the more non-
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polar the dosing phase the smaller the solute permeability. This also implies that the MWFs 

are less cohesive than skin, that is, the cavity formation in MWFs is more well defined than 

skin as skin has a more organized configuration (Kamlet et al., 1988).  

 

The second most important interaction is the hydrogen bond (HB) donating ability of 

the phases. The larger magnitude of ‘b’ term shows a large difference in HB donating ability 

between skin and both MWFs, skin being a better HB donor than both MWFs. This also 

implies that HB bases will prefer to go to skin than MWFs. When comparing skin/water and 

skin/17% methanol system, the magnitude is very small and this suggests that the HB 

donating ability of skin and water/17% methanol is almost similar. This is consistent with 

water being a very good HB donor. The other terms appear to be less important than the ‘v’ 

and ‘b’ terms. Use of the LSER equation therefore allows one to provide a quantitative 

measure of the difference in interaction between the two phases that are operative during 

occupational exposure to MWFs. 

 

The significance of interaction coefficients is to enlighten the solvent effects, that is, 

change in molecular interaction between solute and solvent upon addition of different 

solvents in water. In this case, we can clearly see that the hydrophobic and HB acidity 

interaction of the systems have significantly changed upon addition of Astrocut–C® and 

Tapfree 2®. This implies that upon addition of these mixtures to water, most significant 

change will occur in the molecular interaction of more lipophilic and less basic chemicals. 
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LSER has some limitations as it does not consider the shape of the solute; smaller 

strength coefficients tells us that the difference in interaction ability of two solvents is small 

but it does not tell whether the interaction is present or absent; and there is no interpretation 

for intercepts which may be useful in explaining the interactions. The advantages of our 

LSER approach here is that it provides chemical insights for understanding the importance of 

specific interactions occurring in the permeation/partitioning process between two phases as 

well as explains the difference in the interactions between two different systems. These 

advantages of using LSER make it a general equation for modeling permeability or 

partitioning. LSER is easy to perform due to availability of descriptors for a large number of 

solutes (Vitha and Carr, 2006). LSER is used for evaluating partitioning of solutes between 

two phases (Xia et al., 2007), retention behavior in chromatography (Khaledi et al., 1998), 

drug distribution (Abraham et al., 1999a), permeability through biological membranes and 

skin (Geinoz et al., 2004), to determine molecular descriptors (Abraham et al., 2004) and 

classification of stationary phases (Abraham et al., 1999b).  

 

In summary, our results suggest that large and hydrophobic biocides tend to retain in 

commercial cutting fluids whereas more basic biocides will tend to permeate through skin. 

Also, there are some ingredients in cutting fluids that limit biocide permeation across skin. 

This will be the focus of future studies within the context of an LSER. These findings can 

help in selection of biocides and metalworking fluid formulations, thereby help to prevent the 

occupational risk of biocides in metal workers exposed to MWFs.  
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Figure 3.1. GC Chromatogram of all probe compounds and biocides showing good resolution and peak shapes. The numbers 

correspond to serial number in Table 1a.
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Figure 3.2a. Flux (μg/hr ± SE) profile of a representative probe compound, acetophenone, in 

water, 17% methanol, Astrocut–C® and Tapfree 2® (n=4). 
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Figure 3.2b. Flux (μg /hr ± SE) profile of a representative biocide, o-phenylphenol, in water, 

17% methanol, Astrocut–C® and Tapfree 2® (n=4). 
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Figure 3.3a. Plot showing the slope (μg/cm2/hr ± SE) of cumulative absorption (μg/cm2) vs. 

time profile for acetophenone in water, 17% methanol, Astrocut–C® and Tapfree 2®. 
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Figure 3.3b. Plot showing the slope (μg/cm2/hr ± SE) of cumulative absorption (μg/cm2) vs. 

time for o-phenylphenol in water, 17% methanol, Astrocut–C® and Tapfree 2®. 
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Figure 3.4. Strength or regression coefficients (± SE) obtained from multiple linear 

regression analysis of LSER equation with experimental permeability coefficient as 

dependent variable and molecular descriptors of solutes as independent variables. 
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Figure 3.5a. Plot showing experimental versus predicted permeability coefficients of probe 

compounds in water (n = 25). 
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Figure 3.5b. Plot showing experimental versus predicted permeability coefficients of probe 

compounds in methanol (n = 25). 
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Figure 3.5c. Plot showing experimental versus predicted permeability coefficients of probe 

compounds in Astrocut–C® (n = 25). 
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Figure 3.5d. Plot showing experimental versus predicted permeability coefficients of probe 

compounds in Tapfree 2® (n = 25). 
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Figure 3.6. Experimental vs. pooled predicted Log Kp of 4 biocides in water, 17% methanol, 

Astrocut–C® and Tapfree 2®. 
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Figure 3.7. Interaction coefficients obtained from subtracting strength coefficients of probe 

compounds in water from strength coefficient of solvents or formulations. 
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Table 3.1a. Molecular descriptors of probe solutes and biocides obtained from ADME Boxes 

software (Pharma Algorithms, Toronto, Canada). 

 

 

 

 

  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

S.no. Solutes R2 π2
H α2

H β2
H Vx 

1 Chlorobenzene 0.718 0.65 0 0.07 0.8388 

2 Ethylbenzene 0.613 0.51 0 0.15 0.9982 

3 p-xylene 0.613 0.52 0 0.16 0.9982 

4 Bromobenzene 0.882 0.73 0 0.09 0.8914 

5 Propylbenzene 0.604 0.5 0 0.15 1.1391 

6 4-chlorotoluene 0.705 0.74 0 0.05 0.9797 

7 Iodobenzene 1.188 0.82 0 0.12 0.9746 

8 naphthalene 1.34 0.92 0 0.2 1.0854 

9 1-methyl naphthalene 1.344 0.92 0 0.2 1.2263 

10 Biphenyl 1.36 0.99 0 0.26 1.3242 

11 Benzonitrilie 0.742 1.11 0 0.33 0.8711 

12 Nitrobenzene 0.871 1.11 0 0.28 0.8906 

13 4-chloroanisole 0.838 0.86 0 0.24 1.0384 

14 4-nitrotoluene 0.87 1.11 0 0.28 1.0315 

15 4-chloroacetophenone 0.955 1.09 0 0.44 1.1363 

16 Phenol 0.805 0.89 0.6 0.3 0.7751 

17 4-florophenol 0.67 0.97 0.63 0.23 0.7927 

18 Acetophenone 0.818 1.01 0 0.48 1.0139 

19 m-cresol 0.822 0.88 0.57 0.34 0.916 

20 4-ethylphenol 0.8 0.9 0.55 0.36 1.0569 

21 3,5-dimethylphenol 0.82 0.84 0.57 0.36 1.0569 

22 3-chlorophenol 0.909 1.06 0.69 0.15 0.8975 

23 4-chloroaniline 1.06 1.13 0.3 0.31 0.9386 

24 Phenethyl alcohol 0.811 0.86 0.31 0.65 1.0569 

25 3-methylbenzene alcohol 0.815 0.9 0.39 0.59 1.0569 
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Table 3.1a. Continued 

 

26 p-chloro-m-cresol 0.92 1.02 0.67 0.22 1.0384 

27 p-chloro-m-xylenol  0.925 0.96 0.64 0.21 1.1793 

28 4-tert-amylphenol 0.79 0.8 0.5 0.44 1.4796 

29 o-phenylphenol 1.55 1.4 0.56 0.49 1.3829 



 104

Table 3.1b. Experimental Log Kp of probe solutes in water, 17% methanol, Astrocut–C® and 

Tapfree 2®. 

S.no. Solutes 

Log Kp 
(cm.hr-1) 
(Water) 

Log Kp  
(cm.hr-1)  

(17% Methanol) 

Log Kp 
 (cm.hr-1) 

(Astrocut–C®) 

Log Kp  
(cm.hr-1)  

(Tapfree 2®) 
1 Chlorobenzene -1.486 -1.512 -2.201 -2.147 

2 Ethylbenzene -1.539 -1.568 -2.270 -2.063 

3 p-xylene -1.423 -1.411 -2.226 -2.047 

4 Bromobenzene -1.206 -1.439 -2.357 -2.285 

5 Propylbenzene -1.646 -1.817 -2.781 -2.595 

6 4-chlorotoluene -1.275 -1.502 -2.582 -2.386 

7 Iodobenzene -1.121 -1.352 -2.599 -2.424 

8 naphthalene -1.099 -1.360 -2.515 -2.470 

9 1-methyl naphthalene -1.505 -1.643 -3.366 -3.246 

10 Biphenyl -1.588 -1.703 -3.642 -3.520 

11 Benzonitrilie -0.943 -1.296 -1.423 -1.795 

12 Nitrobenzene -0.837 -1.248 -1.628 -1.932 

13 4-chloroanisole -0.961 -1.341 -2.300 -2.308 

14 4-nitrotoluene -1.048 -1.369 -2.180 -2.393 

15 4-chloroacetophenone -1.123 -1.459 -2.422 -3.116 

16 Phenol -1.673 -1.810 -1.926 -2.290 

17 4-florophenol -1.589 -2.059 -1.969 -2.882 

18 Acetophenone -0.948 -1.317 -1.635 -2.173 

19 m-cresol -1.456 -1.973 -1.936 -2.688 

20 4-ethylphenol -1.348 -1.897 -2.264 -2.892 

21 3,5-dimethylphenol -1.473 -2.067 -2.339 -3.404 

22 3-chlorophenol -1.446 -2.021 -2.976 -3.171 

23 4-chloroaniline -1.028 -1.072 -1.764 -2.991 

24 Phenethyl alcohol -1.554 -2.219 -1.830 -2.484 

25 3-methylbenzene alcohol -1.471 -2.139 -1.843 -2.644 
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Table 3.2.  Experimental and predicted Log Kp of biocides in water, 17% methanol, Astrocut–C® and Tapfree 2®. Values with 

different superscripts are significantly different (p < 0.05) from each other across different solvents or formulations.*ND = biocide 

not detected in skin perfusate.  

 

 

 

 

 

 

 

 

 

 

Biocides Water 17% Methanol Astrocut–C® Tapfree 2®

 Expt. 
LogKp 
(cm.hr-1) 

Pred. 
Log Kp 
(cm.hr-1) 

Expt. 
LogKp 
(cm.hr-1) 

Pred. 
Log Kp 
(cm.hr-1) 

Expt. 
LogKp 
(cm.hr-1) 

Pred. 
Log Kp 
(cm.hr-1) 

Expt. 
LogKp 
(cm.hr-1) 

Pred. 
Log Kp 
(cm.hr-1) 

p-chloro-m-cresol -1.407a -1.565 -1.756b -2.051 ND* -2.930 ND -3.561 

p-chloro-m-xylenol -1.441a -1.685 -1.746ab -2.177 ND -3.413 ND -3.930 

4-tert-amylphenol -1.651a -1.882 -1.880ab -2.506 -3.709c -3.696 -4.249d -4.262 

o-phenylphenol -1.502a -1.402 -1.809ab -2.044 -3.138c -3.584 -3.641d -4.515 
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ABSTRACT 

 

Metalworking fluids (MWF) are complex mixtures consisting of a variety of 

components and additives. A lack of scientific data exists regarding the dermal permeation of 

its components, particularly biocides. The aim of this study was to evaluate the dermal 

permeation of biocides and other aromatic chemicals in water and in three, generic soluble 

oil, semi-synthetic and synthetic MWF types in order to evaluate any differences in their 

permeation profiles. An in vitro flow through diffusion cell study was performed to 

determine dermal permeation. Infinite dose of different groups of chemicals (6 biocides and 

29 aromatic chemicals) was applied to porcine skin with perfusate samples being collected 

over an 8 hr period. Perfusate samples were analyzed by GC-MS and UPLC-MS and 

permeability was calculated from the analysis of the permeated chemical concentration-time 

profile. In general, the permeation of chemicals was highest in aqueous solution, followed by 

synthetic, semi-synthetic and soluble oil MWF. The absorption profiles of most of the 

chemicals including 6 biocides were statistically different among the synthetic and soluble oil 

MWF formulations, with reduced permeation occurring in oily formulations. Permeation of 

almost all chemicals was statistically different between aqueous and 3 MWF formulation 

types. Data from this study show that permeation of chemicals is higher in a generic synthetic 

MWF when compared to a soluble oil MWF. This indicates that a soluble oil MWF may be 

safer than a synthetic MWF in regard to dermal permeation of chemicals to allow for an 

increased potential of systemic toxicity. Therefore, one may conclude that a synthetic type of 

formulation has more potential to produce contact dermatitis and induce systemic 
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toxicological effects. The dilution of these MWF formulations with water may increase 

dermal permeability of biocides allowing for an enhanced risk for systemic toxicological 

effects and dermatitis potential. 

 

Keywords: Dermal permeation, metalworking fluids, occupational exposure 
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INTRODUCTION 

 

Both chronic and acute occupational exposure to metalworking fluids (MWF) by way 

of inhalation, dermal contact and ingestion may lead to severe health effects. Dermal contact 

to MWF is the most important route of exposure which may occur from deposition of mist or 

droplets generated during machining processes, or by splashing of MWF on exposed skin of 

workers (Sartorelli et al., 1999). Metalworking fluids are a necessary and an integral part of 

machining and tooling industries, whether the application involves cutting, grinding, 

stamping or drawing. Metalworking fluids serve as a coolant, lubricant or remove the fine 

particles or swarfs produced during a machining process (Cohen and White, 2006). 

 

Metalworking fluids are complex formulations containing different chemical types 

along with combinations of various additives, most of which are organic compounds 

including biocides, corrosion inhibitors, defoamers, coolants, antioxidants, extreme pressure 

agents, lubricants, emulsifiers, couplers, dyes, odor maskers, friction modifiers, oiliness 

agents, passivators, plasticizers, thickeners, tackiness agents, viscosity index improvers and 

diluents (Byers, 1994; NIOSH, 1998). The term MWF is a broader term often used for 

representing metal-removal, metal-forming, metal-protecting and metal-treating fluids 

(NIOSH, 1998). Over the past few decades, the chemistry of MWF has drastically changed 

resulting in decreased use of straight oils and increased usage of water-based MWF including  

semi-synthetics (with low percentage of oil) and the soluble oil (with high percentage of oil). 

MWF which contain no oil are referred to as synthetic fluids. The usage of these water-based 
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MWF, both semi-synthetic and synthetic, has increased from 4-5% to 30% in recent years 

(Verma et al., 2006). 

 

The total global utilization of metalworking fluids (MWF) including both the straight 

oils and the water-based products is approximately 2,055,000 metric tons and European 

Union consumption of water-based fluids is approximately 178,000 metric tons (Brutto, 

2008). Metalworking fluids represent a business of approximately $800 million in the United 

States alone (Glen, 1998). NIOSH (1998) estimates that approximately 1.2 million US 

workers are exposed to MWF annually. Due to the widespread usage of MWF around the 

globe, this level of exposure suggests that health and safety issues related to MWF usage 

must be addressed. One of the primary aspects of these issues is the dermal exposure and 

absorption of different chemicals and contaminants that are often times present in MWF.  

 

Dermal exposure is followed by dermal permeation which leads to potential local and 

systemic health effects. The majority of studies on environmental and occupational exposure 

of chemicals, including MWF, are focused on the inhalation route of exposure and the 

pulmonary response (Bernstein et al., 1995; Detwiler-Okabayashi and Schaper, 1996; Eisen 

et al., 2001; Oudyk et al., 2003; Robins et al., 1997). Dermal absorption is often times 

overlooked. Following exposure, a chemical may be absorbed into the vascular system 

contributing to systemic burden or produce physical irritation and degradation of skin barrier 

properties or sensitize skin to induce allergic reactions (Semple, 2004). It has been 

documented that some ingredients of MWF, especially biocides, are associated with 
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carcinogenesis as well as irritant and allergic contact dermatitis (NIOSH, 1998) which may 

be positively correlated to their dermal absorption. Dermal permeation may be measured in 

vitro either by Franz static (Franz, 1975) or flow through (Bronaugh and Stewart, 1985) 

diffusion cell experiments using human, rat, pig skin or by the IPPSF (Isolated Perfused 

Porcine Skin Flap) method (Riviere et al., 1986).   

 

In this study, permeation of several chemicals/components representing a broad range 

of chemicals and phenolic and isothiazolinone biocides was evaluated in water and in three 

generic MWF formulation types: Synthetic (no oil), semi-synthetic (low oil) and soluble oil 

(high oil). This was accomplished by performing flow through diffusion cell experiments 

using porcine skin. Porcine skin was used in this study due to its similarity to human skin in 

anatomical, biochemical, and physiological characteristics (Monteiro-Riviere, 1991). The 

objective of the study was to evaluate the absorption profile of MWF biocides and selected 

aromatic chemicals in the three generic types of MWF and in aqueous solution. Next, the 

variations in absorption between the 4 solutions using parameters of flux and the skin 

permeability coefficient were compared.  

 

MATERIALS AND METHODS 

 

Chemicals and dosing solutions  

All chemicals and MWF biocides (p-chloro-m-cresol, p-chloro-m-xylenol, p-tertiary 

amylphenol, o-phenyl phenol, 1,2-benzisothiazolin-3-one, 2-octyl-4-isothiazoline-3-one) 
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listed in Table 1 were purchased from Sigma-Aldrich (St. Louis, MO, USA). Ultra-pure 

water (deionized) was procured from the college laboratory facility. Three, generic 

metalworking formulations namely soluble oil, synthetic and semi-synthetic fluids were 

provided by a MWF manufacturer. All the MWF were diluted (to simulate actual use of 

MWF) at 1:10 parts with water (i.e. 1 part MWF + 9 parts water) prior to addition of 

chemicals and dosing onto skin surface. A 65 μm polydimethylsiloxane/divinylbenzene 

(PDMS/DVB) fiber was purchased from Supelco (Bellfonte, PA). The extraction cartridge 

(Oasis® HLB (Hydrophilic Lipophilic Balance) 1ml–30mg) was purchased from Waters 

Corporation. Ten sets of 25 mg/ml stock solutions in methanol were made using 4 chemicals 

in each set based on similar solubility. These solutions were used to make the dosing solution 

in water, soluble oil, semi-synthetic and synthetic MWF with 12.5–2000 μg/ml 

concentrations of the different chemicals. These chemicals were also added to media (Krebs–

Ringer bicarbonate buffer) to obtain a separate set of standard solutions to be used as external 

calibration standards.  

 

Flow through Diffusion Cell Experiments  

Bronaugh two-compartment Teflon flow through diffusion cells was used for this 

experiment (Bronaugh and Stewart, 1985). Fresh skin was obtained from the dorsum of white 

weanling pigs (30–40 kg). The dorsum of the pig was clipped and then dermatomed to a 

thickness of 400–500 μm with a Padgett dermatome (Padgett Instruments Inc., Kansas city, 

MO), punched into circular discs (19 mm diameter) and placed into the diffusion cell 

tightened by the screw cap to provide a dosing surface area of 0.64 cm2. A dosing solution of 
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1 ml (infinite dose) of 29 aromatic chemicals and 6 biocides in water, soluble oil, semi-

synthetic and synthetic MWF were applied onto the skin surface and the diffusion cells were 

occluded with aluminum foil to prevent evaporation. Occlusive conditions were used to 

prevent the evaporation of volatile compounds. The skin discs were perfused using Krebs–

Ringer bicarbonate buffer (pH 7.4–7.5) spiked with dextrose and bovine serum albumin (4.5 

%). The temperature of the perfusate and flow through cells was maintained at 37oC using a 

Brinkmann constant temperature circulator (Brinkmann Inc., Westbury, NY). The flow rate 

was maintained at 4 ml/hr using a peristaltic pump (Watson-Marlow PumpPro, Wilmington, 

MA). Perfusate samples (n=4) were collected in covered vials at 0, 15, 30, 45, 60, 75, 90, 

105, 120, 180, 240, 300, 360, 420 and 480 min post dosing. Experiment was run until 8 hrs to 

simulate the typical 8 hrs work day exposure although exposure may be of longer duration. 

Blank sample controls were collected before dosing with chemicals. The concentration of 

chemicals in dosing solution ranged between 12.5–2000 μg/ml depending upon the solubility 

of chemicals in water. Samples collected were kept frozen until analysis. 

 

Analysis of chemicals  

A Varian 3800 GC/4000 MS coupled with SPME (Solid Phase Microextraction) 

equipped Combi-PAL autosampler and a Waters UPLC-MS was used to analyze the 

chemicals. A PDMS/DVB SPME fiber, preconditioned according to manufacturer directions, 

was used to extract the chemicals (except isothiazolinones) from samples for GC analysis 

and SPE (Solid Phase Extraction) using 1ml (30mg) Oasis® HLB cartridges were used for 

UPLC analysis. A 1 ml perfusate sample containing phenolic biocides and other chemicals 
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(except isothiazolinone biocides) or standard was added to a 10 ml GC vial. The samples 

were continually stirred at 500 rpm at 65oC for 10 min. Then the PDMS/DVB SPME fiber 

was inserted in the headspace of the sample vial for extraction of chemicals. The vial was 

kept static at 65oC and the extraction time was 20 min. The fiber was removed from the vial 

and desorbed in the injection port of GC-MS for 2 min for quantitative analysis. Analysis 

was optimized using a set of external standards spiked in media. The temperature of the 

injection port was maintained at 270oC and the chromatographic separations were performed 

on a Restek Rxi-5ms capillary column (30m x 0.25mm ID x 0.25μm film). The column oven 

was programmed as follows: the initial temperature was 40oC, held for 1 min, ramped at 

20oC/min to 60oC and 3oC/min to 97oC, held for 3.5 min, then ramped at 20oC/min to 200oC 

and 40oC/min to 250oC and finally held for 2 min at 250oC. Helium was used as the inert 

carrier gas and a constant flow of 1ml/min was maintained with pressure pulse on at 21psi. 

Isothiazolinones were extracted by SPE and analyzed by UPLC-MS using Acquity UPLC 

BEH C8 (1.7mm) 2.1 x 50 mm column, with a runtime of 5 min. The mobile phase was 

maintained on gradient condition started with polar and then slowly changed to non-polar 

condition. The calibration standards were analyzed daily along with the samples and the 

concentration of chemicals in the sample was calculated from the linear standard curve (R2 = 

0.99). 

 

The focus of this study is to estimate dermal permeability of biocides. Dermal 

permeation of other aromatic chemicals is simultaneously assessed because all these 

chemicals permeate through skin and analytical methods for these chemicals are validated. 
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Further these represent a wider range of physico-chemical properties that allow 

generalization to be made and they may represent some additives and contaminants of MWF 

such as polycyclic aromatic compounds. Moreover, refined petroleum oils used in MWF are 

complex mixtures which contain aromatic hydrocarbons. The different chemical groups used 

in this study were naphthalenes, alcohols, benzoates, toluenes, acetophenones, phenols, 

aniline, anisole, benzenes, xylene and biphenyl. These compounds represent a broad range of 

Log Ko/w (lipophilicity) extending from 1.36–3.98 and that of biocides from 1.32–3.83 

(ADME boxes software-version 4.1, Pharma Algorithms); the molecular weight of all 

chemicals including biocides ranged from 94–213 Daltons (Table 2). The criteria for 

selection of these chemicals included a broad range of Log Ko/w, molecular weight (because 

these are the important parameters affecting permeation) and GC amenability. However, 

isothiazolinone biocides were not GC sensitive, so they were analyzed by UPLC-MS with 

solid phase extraction. 

 

Calculations and Statistics  

 Permeability coefficient (Kp) (cm/hr) was calculated from the ratio of steady state 

flux (μg/cm2.hr) to the concentration (μg/cm3) of initial topical dose. Apparent steady state 

flux was obtained from the slope of cumulative absorption amounts versus time curve (0–8 

hr) as several solutes did not achieve steady state during the 8-hr study. Statistical analysis 

was performed using SAS 9.1 for Windows software (SAS institute Inc., Cary, NC). The 

resulting means of log permeability values of chemicals in different treatment groups (water, 

soluble oil, synthetic and semi-synthetic MWF) (n=4) were compared to each other using 



 117

one-way ANOVA and multiple comparison methods such as Fisher’s LSD (Least Significant 

Difference) and Duncan’s methods. The level of significance used was α = 0.05 (p<0.05).  

 

RESULTS 

 

The mean experimental permeabilities (Log Kp ± SE) (n=4) of the chemicals in 

aqueous solution, synthetic, semi-synthetic and soluble oil metalworking fluids are expressed 

as log values in Table 1. As per the results obtained, the table can be divided into 2 groups. In 

the first group, out of 35 chemicals, the permeability of 26 chemicals including all 6 biocides 

was statistically different between synthetic and soluble oil type of MWF. In the second, 

most of the chemicals are phenols and their permeabilities are not statistically different 

among 3 types of MWF. However, the permeability of almost all of the chemicals in water 

was statistically different than their permeability in the 3 types of MWF in both groups. 

 

In general, the permeation of chemicals was highest in aqueous solution, followed by 

synthetic, semi-synthetic and soluble oil metalworking fluid. The range of log Kp values of 

biocides and other aromatic chemicals in  aqueous solution, synthetic, semi-synthetic and 

soluble oil metalworking fluids were -2.44 to -1.24 cm/hr, -3.27 to -1.45 cm/hr, -3.69 to -1.55 

cm/hr and -4.09 to -1.88 cm/hr, respectively. The permeation (Kp) of 11 chemicals 

(benzoates, naphthalenes, biphenyl, nitrotoluene, chloroanisole, chloroacetophenone, 

octylisothiazoline and iodobenzene) was statistically different among all the solutions. The 

permeation of all 6 biocides in water, synthetic and soluble oil MWF was statistically 
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different. Among metalworking fluids, the highest permeation was observed in synthetic 

metalworking fluid whereas lowest permeation was observed in soluble oil metalworking 

fluid. Figure 1 shows a graph of log Kp values of biocides and other aromatic chemicals in 

aqueous solution, synthetic, semi-synthetic and soluble oil metalworking fluids plotted 

against the each chemical listed in order of increasing lipophilicity.  

 

Furthermore, in an attempt to evaluate effect of dilution (with water) on permeability 

of chemicals in MWF, permeability (Log Kp) of 28 chemicals in generic synthetic and 

soluble oil MWF obtained from this study was compared to permeability of chemicals in 

commercial synthetic (Tapfree 2®) and soluble oil (Astrocut-C®) MWF obtained from 

previous study  (Vijay et al., 2007) (Figure 2 and 3, respectively). In Figure 2, permeability of 

chemicals in diluted (1:10 parts with water) generic synthetic MWF and undiluted Tapfree 2® 

are shown. In general, the permeability of chemicals in generic synthetic MWF was higher 

than undiluted Tapfree 2®. Figure 3 shows permeability of chemicals in diluted (1:10 parts 

with water) generic soluble oil MWF and diluted (1:10 parts with water) Astrocut-C®. In 

general, the permeability of chemicals in both formulations was not statistically different. In 

both Figures, the chemicals are arranged from lower lipophilicity to higher lipophilicity. Data 

showed that the permeability of chemicals decreases as the lipophilicity of chemical 

increases. This becomes more evident in Figure 3 due to the fact that a soluble oil MWF is 

more lipophilic than a synthetic MWF and thus more lipophilic chemicals tend to remain in 

the formulation with greatest lipophilicity resulting in lower skin permeability. 
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Individual absorption profiles represented by flux (μg/hr) of a representative biocide, 

p-chloro-m-cresol (top) and a representative chemical, 4-chloroacetophenone (below), in 

water, soluble oil, synthetic and semi-synthetic MWF (n=4) are presented in Figure 4 to 

show the difference in flux across aqueous and 3 generic MWF. The total amount of 

chemicals absorbed during a period of 8 hrs in water, synthetic, semi-synthetic and soluble 

oil type of MWF is presented in Table 3, as % of applied dose. 

 

DISCUSSION 

 

The goal of this study was to determine the dermal permeability of chemicals in water 

and 3 diverse generic metalworking fluid mixtures and then determine the effect of dilution 

on permeability of chemicals in MWF.  Since the chemistry of synthetic, semi-synthetic and 

soluble oil metalworking fluids is different, diversities in permeability were expected. 

Together with inhalation route, the dermal contact is the primary means of exposure to 

occupational and environmental chemicals. Evaluation of dermal absorption of these 

chemicals following topical exposure is critical to provide a link between skin permeation 

and the local skin or systemic effects. A few studies investigated the permeation of chemicals 

in metalworking fluids which pass through skin (Al Humadi et al., 2000). A study in Finland 

reported that occupational skin diseases including both irritant and allergic contact dermatitis 

were common among metalworking machinists, whereas occupational respiratory disease 

was very rare (Suuronen et al., 2007). 

 



 120

Most of the studies concerning the potential harmful effects of MWF are usually 

inconsistent because of the wide variation in the composition of MWF and their 

contaminants. One of the primary differences in their composition lies in the base oil content. 

Soluble oil and semi-synthetic MWF contain 30-85% and 5-30% severely refined base oil, 

respectively. The most commonly used base oils are mineral oils which may be either 

naphthenic or paraffinic in nature. The base oil used for formulating soluble and semi-

synthetic MWF is generally heavy naphthenic mineral oil (Anderson et al., 2003). On the 

other hand, synthetic MWF contain no petroleum oil and are made with organic and 

inorganic salts dissolved in water. Water-based MWF are diluted with 10-40 parts water/1 

part concentrate before use (NIOSH, 1998).  

 

Our results demonstrated the greatest permeation in pure water, less in a synthetic 

MWF formulation, and the lowest in a soluble oil MWF formulation. The permeation of 

biocides and other chemicals in semi-synthetic MWF were not statistically different than 

permeation in synthetic or soluble oil MWF more than likely due to the composition of the 

fluids. A semi-synthetic MWF is more or less similar to the other two MWF (due to its oil 

content). Synthetic and soluble oil MWF are different in composition and % oil content, 

therefore, the permeability in these 2 formulations was statistically different. Vijay et al 

(2007), compared the absorption profile of commercial soluble oil (Astrocut-C®), synthetic 

(Tapfree 2®) MWF and water. The dermal permeation of biocides was higher in water when 

compared to 2 commercial MWF. Similar results were observed by Sartorelli et al (1999) 

where they assessed dermal absorption of polycyclic aromatic hydrocarbons (PAH) in 
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lubricating oil and acetone. The dermal permeability of PAH was less in lubricating oil in 

comparison to acetone as vehicle and they concluded this was due to the liposolubility of 

PAH e.g. naphthalene and their consequent affinity with oily liquids (Sartorelli et al., 1999). 

Jayjock et al (1996) determined the effect of formulation on bioavailability of isothiazolinone 

biocides and found that the biocide was significantly less bioavailable in the dermis from 

three polymer containing emulsions than the surface application of the same amount of 

biocide from water. Furthermore, similar results were observed by Baynes et al. (2003) that 

the permeation of triazine biocide was more in PEG (poly ethylene glycol) based defined 

(with limited number of additives) cutting fluids when compared to mineral oil based defined 

cutting fluids.  

 

Comparison of chemical permeability in a diluted generic synthetic MWF with 

undiluted commercial synthetic MWF (Tapfree 2®) from our previous study suggested that 

dilution with water (1 part MWF/ 9 parts water) increases permeability (Vijay et al., 2007). 

Further, there was no difference in permeability of chemicals in a diluted generic soluble oil 

MWF and a commercial soluble oil MWF (Astrocut-C®). Moreover, generic and commercial 

MWF are different in composition, so dilution alone may not explain the difference. These 

findings along with highest permeation in aqueous solution suggest that as the volume of 

water is increased in MWF, the permeation of chemicals rises. In contrast to these findings, 

permeation was higher in Astrocut-C® than Tapfree 2® in the study conducted by Vijay et al. 

(2007), because Tapfree 2® was not diluted with water whereas Astrocut-C® was diluted with 

water (more water in the latter). It is plausible that the oil content in semi-synthetic and 
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soluble oil MWF and synthetic lubricants in synthetic MWF restrict the release of chemicals 

into skin layers (stratum corneum and viable epidermis) because MWF are more hydrophobic 

than skin (Sartorelli et al., 1999; Vijay et al., 2007). Increased chemical solubility in 

formulations (MWF) reduces the partitioning of biocides from MWF into skin which results 

in reduced permeability (Kp). Upon addition of water in the formulations, the partitioning of 

biocides from formulation into skin relatively raises leading to increased permeability in 

diluted formulations.  In addition to this, it is postulated that another possibility may be 

related to emulsification. A better or more stable emulsion will be less likely to release a 

chemical due to its emulsification properties. It has been shown that both release and 

permeation rate of anesthetics (Welin-Berger et al., 2001) and hydrocortisone (Laugel et al., 

1998) decreases from emulsions due to its emulsification properties. The concentration of the 

different components in a MWF (acids, amines, esters) might possibly contribute to 

subsequent health effects. This parallels the fact that increased concentrations of materials 

which are added to a system at a later date (tank-side additives) and/or common industrial 

contaminants (tramp oil) may also be contributors to any subsequent health effects.  

 

Our findings along with previous results (Vijay et al., 2007) demonstrated that more 

lipophilic chemicals have comparatively less permeation into skin from lipophilic vehicles. 

Although there are several reports that suggest a linear correlation between log Kp and log 

Ko/w, our data showed poor correlation between log Kp and log Ko/w of chemicals (data not 

shown). This deviation may be explained as the permeability of chemicals not only depend 

on log Ko/w, but also on other characteristics such as, but not limited to, molecular volume, 
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hydrogen bonding properties, polarizability, dipolarity (Abraham et al., 1999). Moreover, log 

Ko/w values vary from source to source, which again adds to erroneous correlation with log 

Kp. There are many possible physico-chemical interactions between various additives and 

contaminants seen in MWF systems and the components of that particular MWF being used, 

which may result and can not be ignored.  Such interactions include (1) alterations to the 

solubility and ionization of chemicals within the MWF, (2) changes in the alkalinity or pH of 

the formulation or (3) ionic or covalent interactions between biocides and other additives 

which may all change the partitioning behavior (Baynes et al., 2003; Baynes and Riviere, 

2004).  

 

In a study performed by Greeley and Rajagopalan (2004), there was no effect of 

storage or contaminants on the functional properties (lubrication, cooling) of semi-synthetic 

MWF collected from different sources. This implies that used MWF with or without presence 

of some contaminants and unused, fresh, MWF are similar in functional characteristics. 

However, the contaminants (such as nitrosamines, endotoxins, mycotoxins, chips or swarfs, 

PAH, tramp oils) present in used MWF may, in fact, produce systemic effects if absorbed 

into skin. Their permeation will more likely be influenced by MWF type and dilution with 

water. Increased permeation of chemicals might also enhance incidence of dermatitis (Zhai 

and Maibach, 2001), such as allergic contact dermatitis, since it is the amount of biocides or 

chemicals that penetrates into the viable epidermis to react with target receptor that induces 

an immunological reaction (Jayjock et al., 1996). Biocides used in this study such as 

octylisothiazolinone, benzisothiazolinone, chlorocresol, chloroxylenol and others as well as 
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MWF components are listed as allergens responsible for producing allergic contact dermatitis 

(Geier et al., 2004a; 2004b).  

 

In the present study, the permeability (Kp) of above mentioned biocides and most of 

the other aromatic chemicals were statistically different between aqueous solution, synthetic 

and soluble oil MWF suggesting that soluble oil MWF has the lowest potential to induce 

contact dermatitis than aqueous solution or synthetic MWF. Similarly, increased permeation 

of carcinogenic nitrosamine may lead to greater risk of cancer. Generally higher levels of 

amines are used in synthetic and semi-synthetic fluids when compared to soluble oil fluids 

(Brutto, 2008). Amines such as diethanolamine (DEA) or triethanolamine (TEA) form 

carcinogenic nitrosamines (Jarvholm et al., 1986) and according to our data, the chances of 

absorption of nitrosamine in synthetic and semi-synthetic fluids is greater than in soluble oil 

fluids. However, further study is required to assess the permeation of nitrosamine in different 

types of MWF. 

 

In conclusion, data from this study show that permeation of biocides and other 

aromatic chemicals is higher in synthetic metalworking fluids when compared to soluble oil, 

which indicates that a soluble oil type of MWF may be safer than a synthetic fluid with 

respect to dermal permeation of biocides. Therefore, there would be less potential to produce 

contact dermatitis. In addition, dilution of metalworking fluids with water appeared to 

increase dermal permeability which could enhance risk of systemic toxicological effects and 
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dermatitis. However, by maintaining a clean sump and making minimal use of biocides and 

other additives, the possibility of experiencing any adverse health effects may be lowered.  
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Figure 4.1. Experimental Log Kp (± SE) of biocides and other groups of chemicals in water, synthetic, semi-synthetic and soluble 

oil MWF plotted against name of chemicals [lowest (benzisothiazolinone) to highest (biphenyl) log Ko/w]. 
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Figure 4.2. Experimental Log Kp (± SE) of biocides and other groups of chemicals in undiluted Tapfree 2® (commercial synthetic 

MWF) and diluted (1:10 with water) generic synthetic MWF plotted against name of chemicals [lowest (phenethylalcohol) to 

highest (biphenyl) log Ko/w]. 
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Figure 4.3. Experimental Log Kp (± SE) of biocides and other groups of chemicals in diluted (1:10 with water) Astrocut-C® 

(commercial soluble oil MWF) and diluted (1:10 with water) generic soluble oil MWF plotted against name of chemicals [lowest 

(phenethylalcohol) to highest (biphenyl) log Ko/w]. 
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Figure 4.4. Flux (μg/hr ± SE) profile of a representative biocide, p-chloro-m-cresol (top) 

(Note: flux in water is shown on secondary axis) and representative aromatic chemical, 4-

chloro- acetophenone (below), in water, soluble oil, synthetic and semi-synthetic MWF 

(n=4). 
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Table 4.1. Log Kp values (± SE) of biocides and aromatic chemicals in water, synthetic, 

semi-synthetic (SS) and soluble oil type of metalworking fluids.  

Values with different alphabetic characters are statistically different and those with same 
characters are not statistically different across the columns, p < 0.05.  

 Solutes Water Synthetic SS Soluble oil 
1 Naphthalene -1.41 a ± 0.03 -1.92 b ± 0.03 -2.31 c ± 0.03 -2.55 d ± 0.04 
2 1-Methyl naphthalene -1.46 a ± 0.06 -2.18 b ± 0.11 -2.66 c ± 0.07 -2.96 d ± 0.08 
3 Methyl benzoate -1.66 a ± 0.06 -2.08 b ± 0.04 -2.41 c ± 0.06 -3.07 d ± 0.07 
4 Ethyl benzoate -1.91 a ± 0.08 -2.89 b ± 0.05 -3.69 c ± 0.13 -4.09 d ± 0.02 
5 Methyl-2-methylbenzoate -1.55 a ± 0.04 -2.04 b ± 0.01 -2.43 c ± 0.03 -3.06  d ± 0.06 
6 Biphenyl -1.53 a ± 0.03 -2.40 b ± 0.02 -2.88  c ± 0.01 -3.35 d ± 0.04 
7 4-Nitrotoluene -1.24 a ± 0.02 -1.45 b ± 0.06 -1.69  c ± 0.02 -2.23 d ± 0.06 
8 4-Chloroacetophenone -1.43 a ± 0.04 -1.73 b ± 0.03 -1.98 c ± 0.02 -2.56 d ± 0.07 
9 4-Chloroanisole -1.29 a ± 0.03 -1.67 b ± 0.01 -2.03 c ± 0.02 -2.54 d ± 0.05 

10 Iodobenzene -1.58 a ± 0.02 -1.91 b ± 0.01 -2.40 c ± 0.02 -2.84 d ± 0.06 
11 2-Octyl-4-isothiazolinone -2.05 a ± 0.04 -2.96  b ± 0.06 -3.27 c ± 0.01 -3.46 d ± 0.01 
12 1,2-Benzisothiazolinone -2.12 a ± 0.05 -2.91 b ± 0.09 -2.99 b ± 0.06 -3.89 c ± 0.11 
13 o-Phenylphenol  -1.53 a ± 0.03 -2.36 b ± 0.01 -2.32  b ± 0.04 -2.54 c ± 0.04 
14 p-Chloro-m-xylenol -1.54 a ± 0.05 -2.63  b ± 0.03 -2.73 c ± 0.07 -2.92 c ± 0.04 
15 p-Chloro-m-cresol  -1.53 a ± 0.06 -2.24 b ± 0.04 -2.34 bc ± 0.08 -2.54 c ± 0.06 
16 4-tert-Amylphenol  -1.74 a ± 0.04 -2.95 b ± 0.02 -3.04  bc ± 0.04 -3.22 c ± 0.04 
17 4-Ethylphenol -1.61 a ± 0.05 -1.88 b ± 0.03 -1.99 bc ± 0.03 -2.09 c ± 0.05 
18 Nitrobenzene -1.40 a ± 0.03 -1.47 ab ± 0.02 -1.55 b ± 0.03 -1.94 c ± 0.04 
19 Bromobenzene -1.91 a ± 0.03 -2.01 a ± 0.03 -2.33 b ± 0.04 -2.54 c ± 0.11 
20 Propylbenzene -2.44 a ± 0.02 -2.47 a ± 0.05 -2.56 ab ± 0.02 -2.62 b ± 0.08 
21 4-Chloroaniline -1.37 a ± 0.07 -1.56 ab ± 0.03 -1.60 b ± 0.06 -1.94 c ± 0.06 
22 Benzonitrile -1.57 a ± 0.03 -1.61 a ± 0.01 -1.57 a ± 0.02 -1.88 b ± 0.06 
23 Acetophenone -1.61 a ± 0.05 -1.58 a ± 0.04 -1.66 a ± 0.04 -1.98 b ± 0.08 
24 Phenethyl alcohol -2.15  a ± 0.06 -2.04 a ± 0.05 -2.06 ab ± 0.05 -2.30 b ± 0.10 
25 4-Chlorotoluene -1.81 a ± 0.13 -1.83 a ± 0.14 -2.22 ab ± 0.13 -2.43  b ± 0.13 
26 Chlorobenzene -2.08 a ± 0.14 -2.10 a ± 0.10 -2.33 ab ± 0.04 -2.50 b ± 0.06 
27 Ethylbenzene -2.24 a ± 0.14 -2.12 ab ± 0.16 -2.45 ab ± 0.13 -2.57  b ± 0.08 
28 Phenol -2.29 a ± 0.17 -2.14 ab ± 0.10 -2.42 ab ± 0.22 -2.39 b ± 0.17 
29 m-Cresol -1.86  a ± 0.06 -1.92 ab ± 0.05 -1.93 ab ± 0.07 -2.09 b ± 0.04 
30 3,5-Dimethylphenol -1.77 a ± 0.06 -2.04 b ± 0.05 -2.08 b ± 0.08 -2.22 b ± 0.05 
31 3-Chlorophenol -1.63 a ± 0.11 -2.04 b ± 0.08 -2.34 b ± 0.12 -2.34 b ± 0.06 
32 3-Bromophenol -1.47 a ± 0.14 -2.14 b ± 0.07 -2.35 b ± 0.12 -2.43 b ± 0.10 
33 p-Xylene -2.11 a ± 0.13 -1.99 a ± 0.11 -2.17 a ± 0.08 -2.07 a ± 0.08 
34 4-Florophenol -1.96 a ± 0.06 -1.82 a ± 0.06 -2.00  a ± 0.07 -2.13 a ± 0.10 
35 3-Methylbenzene alcohol -1.84 a ± 0.13 -1.73 a ± 0.08 -2.08 a ± 0.22 -2.18 a ± 0.09 
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Table 4.2. CAS number, molecular weight and log Ko/w (Source: ADME boxes-Pharma 

Algorithms) of biocides and aromatic chemicals.  

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
                 The chemicals are arranged in increasing order of Log Ko/w 

SNo Solutes CAS# Mol. Wt. Log Ko/w 
1 1,2-Benzisothiazolinone 2634-33-5 151.18 1.32 
2 Phenethyl alcohol 60-12-8 122.17 1.36 
3 Phenol 108-95-2 94.11 1.50 
4 Benzonitrilie 100-47-0 103.12 1.56 
5 3-methylbenzene alcohol 587-03-1 122.17 1.60 
6 Acetophenone 98-86-2 120.15 1.63 
7 4-florophenol 371-41-5 112.10 1.77 
8 4-chloroaniline 106-47-8 127.57 1.83 
9 Nitrobenzene 98-95-3 123.11 1.85 

10 m-cresol 108-39-4 108.14 1.98 
11 Methyl benzoate 93-58-3 136.15 2.20 
12 4-chloroacetophenone 99-91-2 154.60 2.32 
13 3,5-dimethylphenol 108-68-9 122.17 2.35 
14 4-nitrotoluene 99-99-0 137.14 2.37 
15 2-octyl-4-isothiazolinone 26530-20-1 213.34 2.45 
16 4-ethylphenol 123-07-9 122.17 2.50 
17 3-chlorophenol 108-43-0 128.56 2.50 
18 3-bromophenol 591-20-8 173.01 2.60 
19 Ethyl benzoate 93-89-0 150.18 2.64 
20 Methyl-2-methylbenzoate 89-71-4 150.18 2.75 
21 4-chloroanisole 623-12-1 142.59 2.78 
22 Chlorobenzene 108-90-7 112.56 2.84 
23 Bromobenzene 108-86-1 157.01 2.99 
24 o-phenylphenol  90-43-7 170.21 3.09 
25 p-chloro-m-cresol  59-50-7 142.59 3.10 
26 Ethylbenzene 100-41-4 106.17 3.15 
27 p-xylene 106-42-3 106.17 3.15 
28 Iodobenzene 591-50-4 204.01 3.25 
29 p-chloro-m-xylenol 88-04-0 156.61 3.27 
30 4-chlorotoluene 106-43-4 126.59 3.33 
31 naphthalene 91-20-3 128.17 3.44 
32 Propylbenzene 103-65-1 120.20 3.69 
33 4-tert-amylphenol  80-46-6 164.25 3.83 
34 1-methyl naphthalene 90-12-0 142.20 3.97 
35 Biphenyl 92-52-4 154.21 3.98 
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Table 4.3. Total amount of biocides and aromatic chemicals absorbed (% Dose) in water, 

synthetic, semi-synthetic (SS) and soluble oil type of metalworking fluids. 

 

The chemicals are arranged in increasing order of Log Ko/w 

SNo Solutes Dose (ppm) Water Synthetic SS Soluble oil 
1 1,2-Benzisothiazolinone 2000 1.98 0.41 0.31 0.26 
2 Phenethyl alcohol 250 3.32 3.66 3.12 2.37 
3 Phenol 62.5 2.25 2.89 1.81 1.47 
4 Benzonitrilie 12.5 12.19 11.54 11.82 6.02 
5 3-methylbenzene alcohol 250 6.36 7.8 3.83 2.65 
6 Acetophenone 62.5 12 11.96 9.38 4.87 
7 4-florophenol 62.5 4.33 5.95 3.8 3.25 
8 4-chloroaniline 62.5 19.28 12.73 10.71 5.38 
9 Nitrobenzene 12.5 17.72 15.19 13.19 5.23 

10 m-cresol 62.5 6.01 5.01 4.56 3.5 
11 Methyl benzoate 12.5 10.11 3.65 1.44 0.41 
12 4-chloroacetophenone 12.5 16.97 8.28 4.02 1.17 
13 3,5-dimethylphenol 62.5 7.51 3.74 2.99 2.5 
14 4-nitrotoluene 12.5 24.03 15.86 8.98 2.7 
15 2-octyl-4-isothiazolinone 500 2.03 0.17 0.22 0.05 
16 4-ethylphenol 62.5 10.65 5.41 4.05 3.47 
17 3-chlorophenol 62.5 9.25 2.96 1.61 1.7 
18 3-bromophenol 62.5 12.59 2.04 1.52 1.29 
19 Ethyl benzoate 12.5 5.1 0.51 0.08 0.006 
20 Methyl-2-methylbenzoate 12.5 12.14 3.98 1.4 0.39 
21 4-chloroanisole 12.5 16.85 9.21 4.12 1.22 
22 Chlorobenzene 12.5 2.12 2.19 1.99 1.19 
23 Bromobenzene 12.5 2.94 3.18 2.2 1.2 
24 o-phenylphenol  100 11.7 1.83 1.73 1.12 
25 p-chloro-m-cresol  100 11.83 1.98 1.45 1.06 
26 Ethylbenzene 12.5 1.53 2.47 1.46 0.74 
27 p-xylene 12.5 2.04 2.7 2.2 2.31 
28 Iodobenzene 12.5 7.6 5.1 1.77 0.68 
29 p-chloro-m-xylenol 100 10.62 0.81 0.59 0.41 
30 4-chlorotoluene 12.5 5 6.42 2.84 1.6 
31 naphthalene 12.5 13.44 5.35 2.19 1.35 
32 Propylbenzene 12.5 1.3 1.2 0.78 0.8 
33 4-tert-amylphenol  100 6.11 0.37 0.28 0.2 
34 1-methyl naphthalene 12.5 14.44 2.94 0.92 0.52 
35 Biphenyl 12.5 11.44 1.66 0.5 0.2 
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ABSTRACT 

 

In silico approaches to model dermal permeability require a training set of chemicals. 

Selection of an appropriate set of chemicals is the key factor in the precision of a model. The 

objective is to develop a training set of chemicals representing a wider chemical space 

relevant to biological activity such as dermal permeability and compare it with the currently 

used training set of chemicals by our laboratory, which was based on a subjective selection 

process. Wider chemical space refers to structurally diverse chemicals with a wide range of 

all the descriptor values. A parent dataset of 4098 chemicals with 5 solvatochromic 

descriptors obtained from ADME boxes database was used for this study. The approach for 

diverse chemical selection was performed using “uniform coverage design” run by SpaceFill 

program and compared with a cluster analysis using SAS. Five sets of 25 chemicals were 

obtained from the design and evaluated based on gas chromatographic assay amenability and 

representation of structurally diverse group. A final set of 25 chemicals to be used for 

modeling dermal permeability was selected, based on aforementioned criteria. Graphical plot 

of the principal components demonstrated that currently used training set of chemicals have 

narrow representation of parent dataset whereas the selected training set have appropriate 

representation in terms of chemical space. QSAR models were built from both training set of 

chemicals. The model based on the 25 selected chemicals (R2= 0.99) was statistically better 

then the model based on currently used training set of 32 chemicals (R2= 0.91). 

 

Keywords: skin absorption; LSER; diverse chemical selection; QSAR; modeling. 
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INTRODUCTION 

 

Mathematical modeling is a promising area, which can be used to supplement in vivo or in 

vitro experimental studies to predict the dermal absorption of chemicals. In silico approaches 

help limit the number of animals and cost, time and labor to obtain experimental 

measurements to make predictions about the potential of chemical permeation through skin. 

The permeation of a chemical through skin is influenced by its physico-chemical 

characteristics and the biological characteristics of the skin, which can be predicted using a 

Quantitative Structure Activity Relationship (QSAR) approach. The philosophy of QSAR is 

that biological activity (“dermal permeation” in this case) is a consequence of its molecular 

structure; and those aspects of molecular structure (molecular descriptors) that are relevant to 

a particular biological activity can be identified using computer softwares such as ADME 

boxes, Polly, Triplet, Molconn-Z, Codessa-pro, etc. Therefore, molecular descriptors can be 

defined as useful numbers or symbols which represent unique chemical information (certain 

aspects like size, shape, symmetry, complexity, branching, cyclicity, stereo-electronic 

property) of a chemical derived from its structure [1].  

In this context, QSAR models for dermal permeability will be referred as Quantitative 

Structure Permeability Relationship (QSPR) [2] and the parameter used to evaluate 

permeation is the permeability coefficient (Kp). To develop a predictive mathematical model, 

a robust training set of chemicals is required. The model is built from the data obtained from 

the training set of chemicals; therefore, selection of an appropriate training set of diverse 

chemicals is a key factor along with number of chemicals and quality of the modeling 
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method in the precision of a model. The test set of chemicals is used to check the validity of 

the model. If the model is robust enough, it may be used as an alternative to in vitro studies.  

The majority of earlier QSPR were built from less diverse or homologous chemicals and with 

few descriptors, which were collinear with each other [3-4]. This lead to the hypothesis of the 

current work that a mathematical model built on data from less diverse or homologous 

training set of chemicals may not be accurate in its predictive capability for wide range of 

diverse chemicals, thus, development of a training set of diverse and more representative 

chemicals from a large dataset should improve the predictions made by the model. 

QSPR approaches to model dermal permeability require (1) a training set of chemicals 

representing wider chemical space; (2) reliable and consistent parameter (to determine 

permeability) values, obtained from standardized experiments with skin samples taken from 

the same source and preferably from a single laboratory, for a set of chemicals (training set); 

(3) descriptors that correspond to the chemical-skin interactions which occur during 

permeation process [2,5-7]. The main descriptors influencing the permeation of chemicals 

are hydrophobicity, molecular volume and hydrogen bonding ability [4,8-9]. To serve as a 

good representative training set, the chemicals should be structurally diverse and the 

descriptors should have a wide range of values with minimal multicollinearity [7,10].  

This study is focused on utilization of different methodologies for selection of a set of 

chemicals, which represent a wide range of chemical information (molecular descriptor 

values) relevant to biological activity such as dermal permeability. In addition, appropriate 

training set of chemicals should be gas chromatography (GC) assay amenable so that they 

can be accurately and rapidly analyzed by standard chromatographic techniques with 
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consistency. The objective of this study is to develop a training set of chemicals representing 

wider chemical space (in terms of descriptor values) using a best possible chemical selection 

method (with an ability to choose “representative” and “diverse” chemicals based on 

descriptor values) and comparing it with the training set presently used for modeling dermal 

permeation in our laboratory. 

 

MATERIALS AND METHODS 

 

 Descriptors, Dataset and the model 

There are more than 2,000 defined descriptors for each chemical, which can be computed by 

using various softwares [1]. In order to identify descriptors for solvation process, the steps 

involved in solvation process must be known. A cavity model has been proposed by 

Abraham & Liszi [11] to describe solvation which involve 3 steps: (1) Formation of suitable 

size of cavity proportional to solute size, in the solvent which is a endoergic process 

(breakage of solvent-solvent bond), (2) Insertion of solute into cavity and reorganization of 

solvent molecules around solute, and (3) Exoergic solute solvent interaction. Based on 

solvation process, five solvatochromic (involved in solvation process during permeation) 

descriptors (E, S, A, B, V) were found to be most relevant to the passive diffusion process 

[12] (Table 1).  

The term “solvato” indicates that these descriptors are involved in the solvation process. 

Solvation is a chemical reaction in which solute and solvent molecules interact with 

relatively weak bonds, which occur during partitioning or permeation. The term “chromic” is 
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used due to the fact that these descriptors were first obtained by spectrophotometric methods 

and thus called as solvatochromic descriptors [13]. The descriptors E, S, A and B are 

measure of solute propensity to undergo solute-solvent interactions, all of which are 

energetically favorable i.e. exoergic; whereas the descriptor V models the endoergic cavity 

formation together with exoergic solute-solvent general (London) dispersion interactions 

[14].  

A dataset of 4584 chemicals with 5 solvatochromic descriptors was obtained from absolve 

database of ADME Boxes version 4.1 software (Pharma Algorithms, Toronto, Canada) and 

entered into Microsoft Excel® spreadsheet. This dataset included the 32 chemicals used as the 

current training set in our laboratory, which was subjectively selected from test set of 

chemicals used to characterize selectivity in miceller electrokinetic chromatography [15].  

The dataset from ADME Boxes was chosen because all the 5 solvatochromic values were 

available. For most of the chemicals S, A and B descriptor values were experimentally 

derived whereas E and V descriptor values were calculated. The approach using these five 

solvatochromic descriptors to predict the dermal permeability of test set of chemicals is 

known as Linear Solvation Energy Relationship (LSER) which is a subset of other QSPR 

models and thus multiple linear regression. 

 

Data validation 

Data validation was performed by checking for missing or incorrect values. Chemicals with 

missing descriptor values and missing standard name were omitted from the parent dataset. 

[4584=>4508] 
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Identifying outliers 

A multivariate method which accounts for correlation between variables such as Jackknife 

and Mahalanobis methods is always better than univariate (z-score, Walsh’s method) 

methods and also produces less potential outliers i.e. there is lesser chance of erroneously 

designating valid data points as outliers [16]. The outlier analysis was performed using 

Jackknife method at default setting (JMP version 7.0 software, SAS Institute Inc., Cary, 

USA).  

The distance for each observation is calculated with estimates of the mean, standard 

deviation, and correlation matrix that do not include the observation itself. The Jackknife 

distance of each point is measured from the multivariate mean (centroid) with respect to the 

correlation structure and is plotted for each observation number. Extreme multivariate 

outliers were identified based on distance values (which were greater than the threshold 

distance value provided by Jackknife method) and were omitted from the parent dataset. 

[4508=>4098] 

 

Constraints 

Since the diverse chemical selection procedure is based on the descriptor values of 4098 

chemicals, any inadequacies associated with this dataset may influence the outcome of the 

analysis such as 5 descriptors vs. other relevant descriptors, different source and accuracy in 

the calculation of descriptor values and structurally diverse chemical representation.  
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Principal Component Analysis    

All the 4098 chemicals which included the training set of 32 chemicals used by our 

laboratory were analyzed by Principal Component Analysis (PCA) using default setting 

(JMP version 7.0 software, SAS Institute Inc., Cary, USA). PCA is a variable or 

dimensionality reduction technique and can be used in regression and cluster analysis. PCA 

also reduces multicollinearity among highly correlated variables to produce uncorrelated 

principal components (PC), which are linear combination of the original variables [17]. In 

this context, PCA is only used as dimensionality reduction technique to reduce the number of 

variables from 5 to 2 so that the variability in the data can be visualized in 2-Dimensions.  

The number of PCs is equal to number of variables in the dataset and first few PCs capture 

most of the variability explained by all variables. First PC is the linear combination of 

variables that captures the highest variability, followed by second, third, fourth and so on, 

which is indicated by the Eigen values. Eigen vectors indicate the loading of each variable on 

the PCs which help us to interpret the meaning of PC values. PCA has been used to 

characterize differences and similarities between individual components of large dataset as 

well as in the selection of appropriate solutes for micellar electrokinetic chromatography 

system [18]. 

 

Cluster Analysis 

To choose diverse chemicals, different methods of agglomerative, hierarchical cluster 

analysis were performed using SAS (version 9.1.2) software (SAS Institute Inc., Cary, USA) 

and these 4098 chemicals were divided in different clusters. These clusters were formed with 
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the aim of minimizing intra-cluster variability and maximizing inter-cluster variability such 

that chemicals belonging to same cluster have similar characteristics and chemicals in 

different clusters are different. Cluster analysis provided different cluster solutions (number 

of clusters) based on pseudo F statistic, pseudo t2 value and cubic clustering criterion. 

Choosing the appropriate number of clusters out of many cluster solutions is subjective and 

fully based on the researcher discretion [17]. Once the appropriate numbers of clusters are 

decided, chemicals are chosen at random from different clusters which may not be an 

appropriate representation of diverse set of chemicals as well as may be biased. 

 

Uniform Coverage Design 

A SpaceFill program using “uniform coverage design” [19] was used for diverse chemical 

selection. A file with data was uploaded in the program and number of desired chemicals 

(n=25) was specified to run this program at default detting. Since the number of variables in 

the LSER model was 5, five observations for each variable were chosen for statistical 

significance. 

In this algorithm, all the 4098 chemicals were analyzed in one, two, three, four and five 

dimensional chemical space based on descriptor values and the cloud of chemicals (chemical 

space). The ‘k’ descriptors were divided into ‘n’ (n=number of desired chemicals) bins to 

form nk cells or hypercube (sub-spaces), to accommodate uniform number of chemicals in all 

cells with the least amount of empty cells. The uniform coverage design maximizes the intra-

cell homogeneity and inter-cell heterogeneity such that chemicals which were similar in 

descriptor values were placed in one cell and different chemicals in different cells. The 
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design started with a random selection of 25 chemicals (chemicals with distinct descriptor 

values) with a designated uniform coverage criterion (UCC) score (smaller is better). Then 

using an exchange algorithm, one at a time one chemical was picked from the chemical space 

and another chemical was dropped from the design with an aim to minimize the UCC score. 

Each time when the program exchanges a chemical, there is a change in UCC score. The 

exchange algorithm continues until there is no change in the UCC score of the design to 

provide a list of desired number of diverse chemicals. Five sets of 25 chemicals were 

obtained by running the program 5 times (a total of 125 chemicals). The advantage of this 

approach over cluster analysis is that no actual cluster is formed, instead chemical space is 

divided into number of hypothetical cells and the desired number of chemicals are chosen 

based on trying to get the same number of chemicals in each hyper-cell, so as to cover the 

entire chemical space. Therefore, the selection of chemicals is objective and not biased by the 

researcher.  

 

Model building 

To demonstrate the usefulness of selected training set of 25 chemicals, two different LSER 

models were built, one from the proposed training set of 25 chemicals and other from 

currently used training set of 32 chemicals by our laboratory. Model building was performed 

with multiple linear regression analysis using SAS (version 9.1.2) software (SAS Institute 

Inc., Cary, USA). The values for independent variables (descriptors) were obtained from 

ADME boxes version 4.1 software (Pharma Algorithms, Toronto, Canada). The values for 

dependent variable (permeability coefficient expressed as log Kp) were obtained from Potts 



 147

and Guy model [20]. Log Kp values for some chemicals (with higher log Ko/w) were not 

calculated by NIOSH skin permeation calculator because the log Ko/w cut off value was 

between -3.5 to 6.5. Therefore, the log Kp value for those chemicals were calculated using 

the Potts and Guy formula in MS Excel®.  

 

RESULTS AND DISCUSSION 

 

Many QSAR models for predicting dermal permeation have been developed in the last few 

decades. Most of them were based on literature data (permeability coefficient) from different 

sources generated in several laboratories and the training sets of chemicals were restricted in 

terms of range of descriptors and structures. Therefore, these QSAR models were restricted 

in terms of accurate prediction due to variability in data and could be applied to limited 

chemicals due to the narrow range of descriptor values and structures. For better predictions, 

the descriptor values of test set of chemicals should fall in the range of descriptor values of 

training set of chemicals [21]. Many scientists have used the same dataset to develop dermal 

QSAR models. Therefore identification of chemicals within a domain of a large chemical 

universe is required to facilitate the development of more robust QSARs for predicting 

dermal permeation [22]. It has been previously shown that large and diverse datasets 

provided better correlation than small and non-diverse datasets [23].  This demonstrates the 

need for a structurally diverse training set of chemicals with a wide range of descriptor 

values, which is the focus of this study. A reasonable number of diverse and representative 

chemicals in a training set with experimental permeability coefficients from a single 
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laboratory will be sufficient for better prediction rather than using a large dataset with 

permeability coefficients from multiple laboratories. 

This work started with the collection of dataset of 4584 chemicals by manually entering the 

data into Microsoft Excel® spread sheet. All of the chemicals did not have all the 5 

descriptors, therefore, chemicals with missing descriptor values were dropped from the 

original list. Some of the chemicals in the original list didn’t have standard names, so they 

were also dropped from the list, which resulted in a set of 4508 chemicals. Finally, all the 

data was checked again using simple statistical and graphing techniques to confirm the 

correctness of the data. A good data management practice is to screen the dataset for outliers, 

since atypical values can influence the results obtained from statistical analysis that may lead 

to incorrect interpretation. Jackknife method is a better method for outlier screening since it 

does not include the observation itself for calculating the distance. In this way, 410 outliers 

were identified and omitted from the existing dataset, leaving us with 4098 chemicals as a 

parent (working) dataset for further statistical analysis.  

The real “chemical space” is a universe of compounds containing at least 1060 molecules 

where chemicals can be characterized by a wide range of physico-chemical descriptors. A 

cloud of chemicals in multi-dimensional descriptor space can be defined as the chemical 

space. In the real chemical space chemicals are clustered together (defined by a particular set 

of descriptors such as solvatochromatic descriptors, descriptors for receptor binding) to form 

sub-space [24-25]. In this context a dataset of approximately 4100 chemicals in 5-

dimensional descriptor space represents a sub-space of large chemical space and serve as 

parent chemical space from which diverse chemicals were selected. Principal component 
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analysis of 4098 chemicals with 5 descriptors produced 5 principal components. PC1 and 

PC2 covered nearly 70% of the variability among the chemical data (Table 2) and thus was 

used to visualize the chemical space graphically in 2-Dimension instead of 5-Dimension. The 

currently used training set in our lab represented a narrow chemical space (in terms of 

solvatochromic descriptor values) among the large set of chemicals obtained from ADME 

boxes database, which can be visualized as a small zone of scatter rather than the whole 

spread represented by all chemicals (Figure 1). 

Cluster analysis of 4098 chemicals provided several cluster solution based on pseudo F 

statistic, pseudo t2 value and cubic clustering criterion (Table 2). Similar attempts have been 

made using statistical cluster analysis to classify 57 solvents into 20 different clusters to 

represent diverse chemicals in each cluster [17]. However, their parent dataset was very 

small as compared to ours and the selection of solvents of each cluster was subjective. There 

is no available method to choose chemicals from different clusters other than random 

selection which is subjective and thus, can be labor intensive and could introduce bias. Even 

choosing the number of clusters is also subjective and depends on the researcher discretion. 

Therefore a better and less subjective method (uniform coverage design) has been identified 

to select chemicals representing a wider chemical space. This is the first study to apply 

uniform coverage design for the selection of diverse chemicals using original descriptor 

values to build the model. Uniform coverage design successfully provided 5 sets of 25 

chemicals (a total of 125 chemicals) representing wide range of descriptor values which can 

be visualized as a large zone of scatter among the whole spread represented by all chemicals 

(Figure 2). The final training set of 25 chemicals was selected based on diverse structure 
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representation, wider descriptor values, market availability and GC assay amenability (Table 

3).  The molecular weight, Log Ko/w, descriptor (A, B, V, S and E) values of these selected 

chemicals ranged from 55-360, -1.12-8.22, 0-0.62, 0-1.21, 0.5-2.5, 0.24-2.05 and -0.34-2.63, 

respectively. The range of descriptor (A, B, V, S and E) values for the parent dataset of 4098 

chemicals was 0-0.88, 0-1.5, 0.22-2.83, -0.9-2.55 and -1.1-2.9 respectively. The descriptor 

values of the proposed training set of chemicals has almost covered the range of descriptor 

values for the parent dataset demonstrating that uniform coverage design has properly 

performed the task of diverse chemical selection. 

Unless all the selected chemicals can be analyzed by a single method and represent diverse 

structure, the task is not complete. This is why we performed the uniform coverage design 

algorithm 5 times to obtain 5 sets of 25 chemicals so that the chemicals can be selected based 

on structural diversity, GC amenability and availability in the market. Not all selected 

chemicals from the parent dataset were available in the market. Gas chromatography 

amenability was chosen as a criterion for selection since all the training set of chemicals 

could be analyzed simultaneously to determine permeability coefficient. Although this will 

lead to relatively narrowing of chemical space, simultaneous analysis could save time and 

cost involved in the analysis. An alternative strategy would be to screen the chemicals (from 

parent dataset) for GC amenability before applying uniform coverage design method and 

select the set of compounds with the lowest UCC score.  

LSER models were built from both the proposed and the currently used training sets to 

illustrate the applicability of proposed training set of chemicals. Since experimental 

permeability coefficients of the proposed training set of chemicals were not available, log Kp 
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were calculated using Potts and Guy model [26] so that the source of an estimated 

permeability coefficient would be the same for both group of training sets. Potts and Guy 

model was used to calculate the permeability values because it uses only two descriptors, 

namely, molecular weight and log Ko/w which are easily available when compared to other 

specific descriptors. The LSER skin permeability model built from proposed training set of 

25 chemicals showed a R2 of 0.985 (F-stat = 249, SE = 0.18) whereas the LSER model built 

from currently used training set of 32 chemicals showed a R2 of 0.91(F-stat = 53, SE = 0.15) 

(Table 4). Moreover, the structural diversity and span of descriptor values of currently used 

training set were narrower than proposed training set of 25 chemicals. The range of 

molecular weight, Log Ko/w, descriptor (A, B, V, S and E) values for the currently used 

training set of 32 chemicals was 92-204, 1.07-3.76, 0-0.7, 0.07-0.65, 0.78-1.32, 0.5-1.13 and 

0.6-1.36, respectively (Table 5). The model from the proposed training set performed better 

over the model from the currently used training set. However, the QSPR model built from the 

proposed training set of chemicals should be validated by using experimental permeability 

coefficient generated from a single laboratory.  

 

CONCLUSIONS 

 

In conclusion, uniform coverage design seems to be a better and less subjective method for 

diverse chemical selection. The model built from the proposed training set of chemicals 

performed better than the model build from training set of chemicals representing a narrow 
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chemical space. In the future, experimental permeability values of these 25 chemicals will be 

obtained and with their descriptor values will be used to validate the LSER model.  
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Figure 5.1. Scatterplot of PC1 vs. PC2 showing currently used training set of chemicals (big 

squares) among 4098 chemicals 
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Figure 5.2. Scatterplot of PC1 vs. PC2 showing 25 representative and diverse chemicals (big 

squares) selected by Uniform Coverage Design 
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Table 5.1. Five solvatochromic descriptors and the LSER model (e, s, a, b, v are regression 

coefficients and c is the intercept). 

 

Symbol Definition 
E Excess MOLAR REFRACTIVITY (represents molecular force of lone 

pair electrons) 
S POLARIZABILITY/DIPOLRITY of the solute 
A Hydrogen bond DONOR capacity (summation of acidity from all H-

bonds of the solute) 
B Hydrogen bond ACCEPTOR capacity (summation of basicity from all 

H-bonds of the solute) 
V McGowan characteristic MOLECULAR VOLUME 
LSER Model Log Kp = c + eE + sS + aA + bB + vV 
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Table 5.2. (a) PCA output showing Eigen value and percent of variability captured by each 

of the 5 principal components (top); (b) Cluster analysis providing several cluster solution 

(200, 212, 265, 275, 297, 383, 501 clusters) (bottom). 

 

PC Number Eigen value Percent Percent Cum Percent 

1 2.0636 41.272  41.272 

2 1.3649 27.297  68.569 

3 0.7937 15.873  84.442 

4 0.6441 12.883  97.325 

5 0.1338 2.675  100.000 

 

Number of clusters R2 CCC Pseudo F-stat Pseudo T2 
     

501 97.6 71 322 9 
500 97.5 67.2 312 323 
383 96.7 56.9 320 8.6 
382 96.6 53.9 312 169 
297 95.4 34.1 295 9.4 
296 95.1 27.8 279 309 
275 94.8 26.6 286 4 
274 94.7 23.2 278 144 
265 94.5 21.2 277 15.5 
264 94.3 17.5 268 192 
212 93.3 11.7 284 5.2 
211 92.8 4.76 268 285 
200 92.8 6.52 280 15.1 
199 92.4 1.9 269 232 
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Table 5.3. Selected training set of 25 chemicals with their CAS numbers, molecular weight, Log Ko/w, descriptor values and Log 

Kp  (cm hr-1) values calculated by Potts and Guy model. 

S. no. Compound name CAS no. Mol. Wt. LogKo/w A B V S E Log Kp 
1 Proprionitrile 107-12-0 55.08 0.35 0.02 0.36 0.5451 0.90 0.16 -2.83 
2 cis-2,3-Butylene oxide 1758-33-4 72.11 0.79 0.05 0.31 0.6223 0.70 0.21 -2.62 
3 1,3-Diaminopropane 109-76-2 74.12 -1.12 0.43 1.14 0.7309 0.61 0.45 -3.99 
4 trans-Pent-2-en-1-ol 1576-96-1 86.13 1.12 0.35 0.53 0.8288 0.52 0.34 -2.47 
5 2-Aminopyridine 504-29-0 94.16 0.53 0.32 0.63 0.7751 1.10 0.98 -2.94 
6 1,1,-Difluoro-2-chloroethene 359-10-4 98.48 1.60 0.15 0 0.5050 0.28 -0.34 -2.2 
7 2,3-Dimethylbutan-2-ol 594-60-5 102.17 1.64 0.31 0.60 1.0127 0.27 0.21 -2.2 
8 3,5-Dimethylphenol 108-68-9 122.17 2.61 0.57 0.36 1.0569 0.84 0.82 -1.63 
9 Di-sec-butylamine 626-23-3 129.24 2.63 0.08 0.71 1.3356 0.24 0.10 -1.66 

10 Glycidyl butyl ether 2426-08-6 130.20 1.08 0.05 0.65 1.1037 0.95 0.20 -2.77 
11 4-Nitroaniline 100-01-6 138.13 1.47 0.46 0.35 0.9904 1.93 1.22 -2.54 
12 Nonylamine 112-20-9 143.27 3.29 0.16 0.61 1.4765 0.35 0.19 -1.28 
13 2-sec-Butylphenol 89-72-5 150.22 3.46 0.52 0.41 1.3387 0.91 0.82 -1.2 
14 Chloroiodomethane 593-71-5 176.38 1.84 0.13 0.08 0.6301 0.66 0.85 -2.51 
15 1-Aminoanthracene 610-49-1 193.24 3.43 0.21 0.63 1.5542 1.69 2.63 -1.48 
16 Diethyl adipate 141-28-6 202.26 2.37 0 0.85 1.6664 0.96 0.09 -2.29 
17 Atrazine 1912-24-9 215.68 2.82 0.32 0.96 1.6196 1.17 1.51 -2.06 
18 Tetradecanoic acid 544-63-8 228.37 5.98 0.62 0.45 2.1556 0.65 0.06 0.11 
19 Hexaethylbenzene 604-88-6 246.43 8.22 0 0.12 2.4072 0.44 0.81 1.58 
20 4-Dodecylaniline 104-42-7 261.45 7.03 0.21 0.52 2.5070 0.88 0.87 0.65 
21 Tributyl phosphate 126-73-8  266.32 3.82 0 1.21 2.2388 0.90 -0.10 -1.65 
22 Estrone 53-16-7 270.36 3.43 0.50 1.08 2.1558 2.05 1.73 -1.95 
23 Amitriptyline 50-48-6 277.40 4.95 0 1.00 2.3996 1.78 2.25 -0.92 
24 2,3',4,5,5'-Pentachlorobiphenyl 68194-12-7 326.43 6.98 0 0.08 1.9362 1.60 2.07 0.22 
25 2,2',4,4',6,6'-Hexachlorobiphenyl 33979-03-2 360.87 7.62 0 0.09 2.0586 1.69 2.12 0.46 
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Table 5.4. Output of multiple linear regression analysis and LSER model built from training set of  

selected 25 chemicals and current training set of 32 chemicals. 

 
Regression Statistics (from training set of selected 25 chemicals obtained by SpaceFilling design) 
 
R Square 0.9849     
Adjusted R Square 0.9810     
Standard Error 0.1819     
Observations (n) 25 a     
F-stat 248.91     
     
LSER Model (regression coefficient ± SE a) 
Log Kp = -2.81±0.11 + 0.3±0.08 E – 0.77±0.12 S + 0.3±0.18 A – 2.1±0.11 B + 1.95±0.06 V 

      
 
Regression Statistics (from current training set of 32 chemicals) 
 
R Square 0.9100    
Adjusted R Square 0.8927    
Standard Error 0.1546      
Observations (n) 32 a  
F-stat 52.625  
  
LSER Model (regression coefficient ± SE a) 
Log Kp = -2.62±0.28 + 0.24±0.18 E – 0.99±0.2 S + 0.09±0.12 A – 2.01±0.23 B + 2.02±0.29 V 

 
a In general, the SEs of the regression coefficients are much smaller for the model built from chemicals obtained by  
Uniform coverage (SpaceFilling) design and fewer compounds have been used, 25 vs. 32. 
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Table 5.5. Currently used training set of 32 chemicals with their CAS numbers, molecular weight, Log Ko/w, descriptor values and 

Log Kp (cm hr-1) values calculated by Potts and Guy model. 

S. no. Compound name CAS no. Mol. Wt. LogKo/w A B V S E Log Kp 
1 Toluene 108-88-3 92.1 2.5403 0 0.14 0.8573 0.52 0.601 -1.5 
2 Phenol 108-95-2 94.1 1.5128 0.6 0.3 0.7751 0.89 0.805 -2.24 
3 Benzonitrilie 100-47-0 103.1 1.54 0 0.33 0.8711 1.11 0.742 -2.28 
4 Ethylbenzene 100-41-4 106.2 3.0314 0 0.15 0.9982 0.51 0.613 -1.24 
5 p-Xylene 106-42-3 106.2 3.0876 0 0.16 0.9982 0.52 0.623 -1.2 
6 Benzyl alcohol 100-51-6 108.1 1.0755 0.39 0.56 0.9160 0.87 0.803 -2.64 
7 m-Cresol 108-39-4 108.15 2.0601 0.57 0.34 0.9160 0.88 0.822 -1.94 
8 4-Florophenol 371-41-5 112.1 1.7132 0.63 0.23 0.7927 0.97 0.67 -2.21 
9 Chlorobenzene 108-90-7 112.6 2.6375 0 0.07 0.8388 0.65 0.718 -1.55 
10 Acetophenone 98-86-2 120.1 1.6736 0 0.48 1.0139 1.01 0.818 -2.28 
11 Propylbenzene 103-65-1 120.2 3.5225 0 0.15 1.1391 0.5 0.604 -0.97 
12 4-Ethylphenol 123-07-9 122.17 2.5512 0.55 0.36 1.0569 0.9 0.8 -1.67 
13 3-Methylbenzene alcohol 587-03-1 122.17 1.6228 0.39 0.59 1.0569 0.9 0.815 -2.33 
14 3,5-Dimethylphenol 108-68-9 122.2 2.6074 0.57 0.36 1.0569 0.84 0.82 -1.63 
15 2-Phenethyl alcohol 60-12-8 122.2 1.5666 0.31 0.65 1.0569 0.86 0.811 -2.37 
16 Nitrobenzene 98-95-3 123.1 1.8107 0 0.28 0.8906 1.11 0.871 -2.21 
17 4-Chlorotoluene 106-43-4 126.6 3.1848 0 0.07 0.9797 0.74 0.705 -1.25 
18 4-Chloroaniline 106-47-8 127.6 1.7205 0.3 0.31 0.9386 1.13 1.06 -2.3 
19 Naphthalene 91-20-3 128.18 3.169 0 0.2 1.0854 0.92 1.34 -1.27 
20 3-Chlorophenol 108-43-0 128.6 2.1573 0.69 0.15 0.8975 1.06 0.909 -1.99 
21 Methyl benzoate 93-58-3 136.1 1.8282 0 0.46 1.0726 0.85 0.733 -2.27 
22 Phenylacetate 122-79-2 136.1 1.5898 0 0.54 1.0726 1.13 0.661 -2.44 
23 4-Nitrotoluene 99-99-0 137.1 2.358 0 0.28 1.0315 1.11 0.87 -1.9 
24 1-Methyl naphthalene 90-12-0 142.2 3.7163 0 0.2 1.2263 0.92 1.344 -0.97 
25 4-Chloroanisole 623-12-1 142.59 2.7184 0 0.24 1.0384 0.86 0.838 -1.68 



 162

Table 5.5. Continued 

 
 

 

26 Ethyl benzoate 93-89-0 150.18 2.32 0 0.46 1.2135 0.85 0.689 -2.01 
27 Methyl-2-methylbenzoate 89-71-4 150.18 2.38 0 0.43 1.2135 0.87 0.772 -1.97 
28 Biphenyl 92-52-4 154.2 3.757 0 0.26 1.3242 0.99 1.36 -1.01 
29 4-Chloroacetophenone 99-91-2 154.6 2.32 0 0.44 1.1363 1.09 0.955 -2.04 
30 Bromobenzene 108-86-1 157.02 2.883 0 0.09 0.8914 0.73 0.882 -1.65 
31 3-Bromophenol 591-20-8 173.01 2.4 0.7 0.16 0.9501 1.13 1.06 -2.09 
32 Iodobenzene 591-50-4 204.01 3.16 0 0.12 0.9746 0.82 1.188 -1.74 
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CONCLUSIONS 

 

Previous studies were focused on the evaluation of the dermal permeation of solutes 

in a single solvent. However, this is not the case in the real world scenario, where almost all 

of the formulations are in fact a mixture of many solvents and solutes. Metalworking fluids 

(MWFs) are complex heterogeneous formulations of different chemicals where some 

components may alter the dermal permeability of one or several of the constituent chemicals 

or additives. Therefore it is better to use generic or commercial MWF formulations as a 

whole to perform dermal absorption studies. For each type of MWF, a unique LSER model 

was developed, which would correspond with the particular MWF composition. Since there 

are 3 main types of water-based MWF formulations, three different LSER models were 

developed. Different proprietary MWF formulations with similar composition can be 

identified using interaction coefficients. If the interaction coefficients are the same for two 

formulations, then it may be implied that the two formulations are similar in composition or 

at least they will show similar absorption profiles for the chemicals. LSER modeling is a 

powerful tool for providing insight into various molecular interactions between skin and 

vehicle.  

 

In the study discussed in chapter 3, dermal permeation of the biocides and a training 

set of chemicals was determined in 2 commercial MWF formulations (Astrocut–C® and 

Tapfree 2®). The LSER models were then built from the experimental permeability data and 

the descriptor values. Analysis of the regression coefficients revealed that the hydrophobicity 
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or cavity term (v) of the system was the main factor in explaining the reduced permeability of 

the biocides across the skin in both MWFs. The large magnitude of the ‘v’ term indicated 

that there was a large difference in the hydrophobicity of the two phases (i.e. skin and 

MWFs).The negative value (–v) indicated that both of the MWFs were more hydrophobic 

than skin. This points out that the more hydrophobic the solute, the more likely the solute 

will be retained in the MWFs. The interaction coefficients helped to explain the solvent 

effects, that is, the change in the molecular interactions between the solute and the solvent 

upon addition of the different solvents in water. In this case, the hydrophobic and HB acidity 

interactions of the systems had significantly changed upon addition of Astrocut–C® and 

Tapfree 2®. This implied that upon addition of these mixtures to water, the most significant 

change would occur in the molecular interactions of the more lipophilic and less basic 

chemicals. The dermal permeation was observed to be highest in the aqueous solution 

followed by Astrocut–C® and Tapfree 2®. 

 

Chapter 4 was focused on (1) comparing the permeability of chemicals across 

aqueous and 3 generic type of MWF formulations and (2) evaluating the effect of dilution of 

MWFs (with water) on the dermal permeability of the biocides and the training set of 

chemicals. Since the chemistry of the synthetic, semi-synthetic and soluble oil metalworking 

fluids was different, diversities in permeability were expected. As in the earlier study 

(chapter 3) the highest permeation of chemicals was found in the aqueous solution when 

compared to MWFs. The highest permeability among MWFs was observed in synthetic 

MWFs followed by semi-synthetic and soluble oil MWFs. When the diluted MWF 
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formulation was compared to un-diluted MWF from both the studies, it was observed that the 

diluted MWF demonstrated higher permeation of chemicals than the undiluted MWF. As 

demonstrated in the previous study, the MWFs were more hydrophobic than skin, therefore, 

increased chemical solubility in the MWF formulations reduced the partitioning of biocides 

from the MWFs into the skin resulting in reduced permeability. When water was added to the 

MWFs, the hydrophobic property of the MWF decreased. Therefore, the partitioning of the 

biocides from the MWF formulations into the skin was greater than before leading to 

increased permeability in diluted formulations. 

 

Chapter 5 focused on the analysis of the training set of chemicals in chapter 3 using 

several statistical methods. Principal component analysis revealed that the training set of 

chemicals in question have a narrow representation in terms of structure and chemical space. 

Two methods were compared for diverse chemical selection, namely, cluster analysis and 

uniform coverage design. The end point of cluster analysis was found to be very subjective 

whereas uniform coverage design objectively provided the desired number of diverse and 

representative chemicals to be used as a training set. This selected training set of chemicals 

demonstrated a wider range of descriptor values and structures than the training set used in 

chapter 3. Moreover the model built from the selected training set of chemicals performed 

statistically better than the model developed from the training set used in chapter 3. 

 

These studies provide insight of the extent of dermal absorption of chemicals in 

different MWF formulations as well as aqueous solution, which is very important component 
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in risk assessment of these chemicals through the skin. In addition, the LSER models will be 

useful to predict the absorption potential of new chemicals, especially when constructed 

based on diverse chemical data. In summary, the experimental permeability values and the 

descriptors of diverse chemicals selected by uniform coverage design will help to develop a 

robust and better predictive model for the dermal risk assessment of new chemicals in the 

mixture. 

 

Future directions 

MWF formulations of different proprietary origins may differ (slight to very large 

differences) in composition. It will be advantageous to identify and use only a few 

components present in commercial MWFs which have the largest influence on dermal 

permeability. If there are only a few components in the solution, then it will be relatively 

easier to predict the change in the properties of two phases (skin and vehicle) using a LSER 

model. Due to proprietary reasons information about the exact composition and 

concentrations of additives in the commercial MWFs is not known. Therefore, identification 

of major additives or chemicals in MWF formulations (which would have larger influence on 

alteration of dermal permeation of chemicals) is very challenging and needs to be 

investigated. 

 

This study has utilized the 5 solvatochromic descriptors, which were already 

recommended by literature. There are more than 2000 available descriptors and many more 

are continuously being added to the existing databases. Identification of the relevant 
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descriptors characterizing simple diffusion (permeation) process using stepwise regression or 

other variable selection methods may improve the predictability of the model. For this 

purpose, the accurate calculation of descriptor values using the appropriate software such as 

ADAPT, Hybot 3D, QuaSAR, Sybyl would also be helpful. 

 

Since we obtained a parent dataset of approximately 4100 chemicals from the ADME 

boxes software and we don’t know if that dataset is a good representation of structure and 

chemical space, a bigger database, which includes chemicals with maximum structural 

diversity and wider descriptor range, should be analyzed to select more diverse chemicals for 

a training set. 
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APPENDIX 

 

Composition of metalworking fluids, in general (NIOSH, 1998): 

 

  Straight oils Soluble oils Semi-synthetics Synthetics 

1 Dilution with water No dilution 5 – 40 parts 10 – 40 parts 10 – 40 parts 

2 Mineral oils 60 – 100% 30 – 85% 5 – 30% Nil 

3 Emulsifiers Nil 5 – 20% 5 – 10% 5 – 10% 

4 Surfactants 0 – 10% 5 – 20% 10 – 20% 10 – 20% 

5 Corrosion inhibitors 0 – 10% 3 – 10% 10 – 20% 10 – 20% 

6 Extreme pressure agents 0 – 40% 0 – 20% 0 – 10% 0 – 10% 

7 Biocides Nil 0 – 2% 0 – 2% 0 – 2% 
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