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Abstract 

Various modified methods have been proposed in response to criticisms regarding 

the practical applicability of allometric scaling, which is one of the most widely used 

approaches in predicting human drug clearance based on data from animal species. The 

major problems encountered among allometric methods in predicting human drug 

clearance are addressed in this dissertation. In chapter 2, a large data set for allometric 

scaling (n = 138) was collected from the literature and was categorized according to the 

following criteria: oral or systemic clearance; elimination routes; protein or non-protein 

chemicals; low, intermediate, or high metabolic clearance. Some significant observations 

have been made regarding the applicability of allometric scaling according to the 

pharmacokinetic and physical-chemical properties of the drugs examined. Of special 

note, several potential rules were developed for when one could expect large vertical 

allometry. In chapter 3, a new model for predicting human clearance was developed. The 

new model was shown to provide better predictability than any other current approach. In 

particular, the new model for the first time predicts the occurrence of large vertical 

allometry noted in humans. In chapter 4, a general equation was derived, which directly 

describes the mathematical relationship between predicted pharmacokinetic (PK) 

parameters in humans and the body weights of animals and the values of their 

corresponding measured PK parameters. This relationship clearly illustrates the species 

or body weight-dependency of the prediction performance by allometric scaling. Finally, 

real data from the literature demonstrated the species-dependency predicted from the 

equation. In chapter 5, the functionality of the correction factors, maximum life-span 
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potential (MLP) and brain weight (BrW) in allometry is mathematically described for the 

first time. It was found that corrections by MLP or BrW are equivalent to a multiplication 

of certain constants by the predicted values in humans from simple allometry and has 

nothing to do with any measured values of PK parameters in any animal species. The role 

of correction factors (MLP and BrW) or "rule of exponents" in species scaling was 

evaluated. 
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Chapter 1 

An Overview and Critical Analysis of the Approaches Used to Predict 

Human Drug Clearance 

Prediction of pharmacokinetic (PK) parameters, primarily clearance (CL), 

apparent volume of distribution (V) and half-life (T1/2), is an exceptionally important 

issue in drug development, since PK characteristics are critical in deciding upon the 

potential clinical utility and success of drug candidates. In addition, prediction of PK 

parameters in humans is essential in deciding upon the "first-time dose" in humans. As a 

consequence, tremendous efforts from scientists in the pharmaceutical industry and 

academia have been directed to developing methods for predicting PK parameters based 

on data from in vitro experiments and in vivo studies in animals. This inter-species 

scaling is based on the assumption of similarities in anatomy, physiology and 

biochemistry between humans and other animal species Among the PK parameters, 

CL is particularly important in determining the characteristics of drug disposition in the 

body. Currently, there are primarily three levels of approaches that are used in predicting 

human CL: in vitro methods; in vivo methods (allometric methods); and in vitro-in vivo 

integrated methods. 

In vitro methods 

The fundamental principle behind in vitro predictions is based upon the 

consideration of enzyme kinetics. The idea is to obtain in vitro metabolic CL (CL,>, vUm) 

measurements of drug candidates from in vitro systems, which include human liver 
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slices, isolated or cultured human hepatocytes, human liver microsomes and cytochrome 

P450 expression systems. In vivo metabolic CL (CL,„ viVo) values are then estimated by 

incorporating scaling factors and assuming an appropriate liver model 

In in vitro systems, metabolic rate (dX/dt or V, velocity) follows the Michaelis-

Menten equation 

_ dX _ V max- C j j 

dt Km + C 

where Vmax is the maximum rate when enzymes are saturated with substrate 

(concentration, C) and Km is the Michaelis constant. Under linear conditions, i.e. when 

drug concentration is much lower than Km (C « Km), which is true for most drugs 

under in vivo conditions, equation 1-1 is simplified as, 

dX Vmax-C ^ ^ 

dt Km 

Since CL is defined as rate divided by the driving force concentration, 

_ dX / dt _ V max ^ ^ 
in vitro ~ c ~ Km 

CL,„ vitro is synonymous with intrinsic clearance. The CL,„ vUw value is extrapolated to 

obain an estimate of CL,„ v/vo by, 

CLin vivo = CLi„ vitro " scaling • factor 1-4 

where, the scaling factor is obtained upon consideration of numerous factors such as 

cytochrome P450 content, microsome content and number of hepatocytes in the human 

liver (Table 1.1). 

The aforementioned CL,„ v/vo and CL,„ vitw are actually measures of intrinsic CL, 

which do not take into account real liver physiology. The second step is to convert 
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intrinsic CL to an organ CL based on one of three liver models well-stirred or venous 

equilibrium or perfusion-limited model (Equation 1-5); undistributed sinusoidal or 

parallel tube model (Equation 1-6); or the dispersion model (Equation 1-7). Details 

describing these three models will not be provided here. The well-stirred model, which 

treats the liver as a single and well-stirred compartment (thus, without concentration 

gradients within the liver), is the simplest and most widely used model. Hepatic clearance 

(CLH) is given by, 

CLh = 1-5 
QH + CLJ, J„( • F„ 

CLH 1-6 

CLH = QH •  [ 1  -  ^ ( a - l ) / 2 D n  _  ( 1  _ .  e -(A- l )'2DN 1  

Where, 

CLH: hepatic CL 

QH: hepatic blood flow 

CLu,int: unbound intrinsic CL 

fu: unbound fraction in plasma 

Rn: efficiency number 

Dn: dispersion number 

a  =  V l  +  4 R n D n  

The in vitro approach is often used in the early stages of drug development, while 

it is not a very useful or reliable approach in predicting human CL during selection of a 

first-time dose in humans. There are several major disadvantages or deficiencies 
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associated with in vitro methods. Such methods can not predict CL of drugs which are 

eliminated by non-metabolic pathways such as renal excretion. As to the estimation of 

intrinsic CL itself, there are many unresolved problems. All such experimental 

approaches, such as liver slices, hepatocytes, microsomes or P450 lack real hepatic 

physiology. For example, the metabolic activity of all these systems may have artifacts 

(either higher or lower activity) due to separation from the body (for example, during 

preservation and in vitro culturing processes). In addition, the contact of drug within in 

vitro systems is not representative of in vivo plasma conditions for many drugs due to the 

complexity of the accessibility of drugs to enzymes. Protein binding is often different 

under in vitro and in vivo conditions . Furthermore, in in vitro systems, metabolic 

inhibition by metabolites may occur due to lack of removal processes for metabolites, 

unlike in vivo conditions, in which metabolites are removed from the liver by blood flow. 

Allometric methods 

Allometric scaling is an empirical method since it is derived based on 

1 0 
observations, although there may be some possible underlying theory ' . Allometric 

scaling can be basically described by a simple power function 

P  =  a W " '  1-8 

where a is a coefficient, b is an exponent and W is the body weight of each species and P 

is any pharmacokinetic or physiological parameter. This power function simply states 

that the parameters follow a non-proportional relationship with body weight in each 

species unless b is equal to 1. This relationship, also called a power law in biology is 

very important in understanding many evolutionary features. For example, if the ratio of 
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leg thickness to body weight of elephants was the same as that of humans, elephants 

could not stand up. The common exponents of some important physiological and 

pharmacokinetic parameters are summarized in Table 1.2 

Allometric scaling is one of the most widely used approaches in predicting human 

CL. However, substantial prediction errors have been observed using Equation 1-9, 

leading to many modifications of the basic allometric relationship. A discussion of these 

modifications, as well as simple allometry, is presented in the following sections. 

Simple allometrv 

C L  =  a W ' '  1-9 

By log-log transformation of this equation (i.e., logCl vs logW) followed by linear 

regression, the value for CL in humans can be obtained (Figure 1.1). It is worthy to 

mention that a common practice in the pharmaceutical industry is to scale a CL value 

based only on one animal species (since only data from one species is available) and by 

assuming a universal slope (b = 0.75) or another values such as b = 0.66 as proposed by 

Chiou 

Plasma concentration method (Dedrick plot) 

A so-called simple Dedrick plot is based on the concept of biological time (also 

referred as physiological time) which states that organisms use their own bodily 

processes as a "coordinate" and these processes commonly correlate well with body size. 

For example, Tya of hexobarbital in all mammalian species is equivalent to 1680 "gut 

t c 
beats". A Dedrick plot is one with an x-axis of,—— » and a y-axis of, nr» where 

^  D / W  

1.0 is the exponent of V from simple allometry, bcL is the CL exponent from simple 
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allometry and D is the administered dose. Plotting this transformed time and transformed 

plasma concentrations from all species would lead to a single superimposed line. Later, 

this kind of plot was called the elementary Dedrick plot since it treats the exponent of V 

as having a value of 1.0. Boxenbaum extended this idea to a more complex Dedrick plot 

by introducing a time concept called Kallynochrons (also referred as pharmacokinetic 

time), which is, , where by is the exponent of V from simple allometry. 

C 8 Accordingly, the y-axis is transformed to , ^ . Since the Dedrick plot is based on a 
D/W"^  

relationship between parameters (here, time and concentration) and body weight, this 

method is also categorized as being an allometric method. Although the Dedrick plot was 

developed a long time ago, it has not been widely used. Part of the reason for this is that 

it is more complicated than simple allometry and it requires an estimation of the 

exponents of CL and volume. A comparative study by Mahmood showed that the 

Dedrick plot method did not have any prediction improvement compared to simple 

allometry 

Maximum life-span potential (MLP) correction method 

Each species has its own characteristic natural life span, which is referred to 

"maximum life-span potential" (MLP). The MLP is considered a biological clock which 

may regulate the metabolic rate and other biochemical activities. MLP is often found to 

be inversely related to the metabolic rate, which means that a higher metabolic activity 

would result in a shorter MLP. This has been found to be true for many biological 

phenomena. Boxenbaum proposed scaling CL corrected for MLP (Equation 1-10) and he 
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was the first to successfully apply scaling of antipyrine CL \ However, this correction 

resulted in numerous failures for other drugs, leading to a proposal referred to as the "rule 

of exponents" (ROE) which simply defines the situations in which to apply the MLP 

correction. The values of MLP, calculated by Equation 1-11, are listed in Table 1.3. 

C L M L P  =  a W ' '  1-10 

MLP = 10.839 • 1-11 

where MLP is in years, BrW and W are in grams. 

Brain weisht (BrW) correction method 

Mahmood empirically proposed scaling of BrW-corrected CL (CL x BrW) and 

successfully applied this modified scaling to antiepileptic drugs (Equation 1-12) 

However, this method was also found to fail to predict CL for many drugs, therefore, 

Mahmood himself further proposed the ROE to determine when to use BrW corrections. 

C L B r W r ^ a W "  1-12 

Rule of exponents (ROE) 

Based on his observations on the application of MLP or BrW corrections, 

Mahmood proposed a "rule of exponents" to discriminate between the MLP or BrW 

correction factors. The rule states: 1) if the exponent from the simple allometry is 

between 0.55 and 0.70, simple allometry is applied; 2), if the exponent is between 0.70 

and 1.0, the MLP correction approach is applied; 3), if the exponent is greater than 1.0, 

the BrW correction is applied. ROE currently is widely practiced in the industry. It does a 

better job than simple allometry, although it still fails in many cases, especially for large 

vertical allometry (large over-prediction of human values, with prediction errors greater 
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than 1000%). Interestingly, some recent studies by Ward et al. indicated that ROE did not 

show any advantage over the approaches with or without use of any correction factors. 

Furthermore, Ward et al showed that the prediction of CL based on the monkey liver 

1 1 -2 
blood flow (LBF) method was superior to ROE ' . This controversy is currently 

unresolved. 

Scalins of unbound CL(CL„) 

This approach (Equation 1-13) includes considerations of the potential effect 

exerted by plasma protein binding on CL For low CL drugs, scaling of CLu 

approximates scaling of CLu,int, which reflects the hepatic enzymatic activity or the 

efficiency of excretory organs. However, for high CL drugs, inclusion of binding 

information does not have any sound basis. Both successes and failures were observed 

using the unbound CL approach. 

CLu=aW' '  1 -13  

In vitro and in vivo integrated (IVIVI) methods 

The failure of simple allometry to provide accurate prediction in humans is due to 

the deviation of values from one or more species from the power function. These 

deviations can be caused by either measurement errors or by "position deviations" of 

species from the allometric relationship. The latter caused naturally to the proposal of 

IVIVI, which includes a correction factor based on in vitro metabolic data in each species 

to "correct" the "position deviations" (Equation 1-14). This approach was highlighted in 

the application of 10 extensively metabolized drugs The integration of in vitro 

information to scaling is a very promising one. However, because there are still many 
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unresolved issues as discussed under in vitro methods, it is difficult to conclude an 

unequivocal acceptance of this approach. Furthermore, the method only applies to drugs 

that are metabolized and requires additional in vitro data in each species. 

PT 
CL - a 1-14 

PT ^'^speciesCm vitro) 

Liver blood flow (LBF) methods 

Ward et al. recently reported that ROE is no better than any other method of 

allometric scaling. In addition, they found that the monkey liver blood flow method 

provides the best approach compared to all allometric methods 

PT — r*! . Q human 1.1^ ^^human *^^aniraal " ^ 
^animal 

There is still no resolution of the controversy regarding the conclusion about ROE 

reported in their studies. However, the LBF method (Equation 1-15) is only an extension 

of simple allometry by using one animal species and setting a specific exponent. Setting 

the allometric exponents as listed in Table 1.4 is completely equivalent to the LBF 

method based on one animal species. The exponents are very close to the universal 

exponent. Several calculations for individual species are shown in Equations 1-16 to 1-

18. 

7 0 - 2 1  _  . . .  a• 

LBF„, 0.333-85 " a-0.333''-'^ 

70• 21 . ^ ^ a • 70"'^^ ... a • j 

LBF^nkey 5-45 ' 

LBFH„^.„ 70-21 a-70''-''_a-W, — human 1-18 

LBF<,„g 12-30 a •12"™ 
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Criticisms of allometry 

To date, the major criticism for using allometry for predicting PK parameters 

focuses on the resulting considerable prediction errors. A two-fold prediction error is 

thought to be acceptable. However, many predictions are often greater than two-fold with 

a few even greater than ten-fold. Such large over-predictions, which also are referred as 

vertical allometry, for example, the allometric relationship for diazepam (Figure 1-2), are 

a serious concern, since it will lead to potential over-dosing in humans (due to the over-

predicted CL). Bonate et al. compared the relative errors of PK parameters predicted by 

allometric scaling with those by just assuming a CL of 200 ml/min for all drugs and 

concluded that allometric scaling was not any better. The authors further argued that the 

real prediction performance of allometric scaling may be worse if literature bias was 

considered. This conclusion of Bonate is not totally accepted, however, it does point out 

that allometric methods are still "immature" and cautions should be taken in their 

practical application. 

Another criticism concerns the power function itself. Power functions are well 

known for creating substantial errors in data fitting. The log-log transformation of the 

1 c fj 

data will visually minimize the deviations from a regression line . A high R , greater 

than 0.90 or even 0.95, does not guarantee that all the data points will be close to the 

regression line. The extrapolation of this regression line to a human value (at a body 

weight of about 70 Kg), which is obtained from the fitted data based on a limited number 

of animal species with maximum body weight less than 20 Kg, may have great 

uncertainty associated with it. It is also well known that the regression process does not 
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treat the weight of each animal species comparably. The measurement errors in a given 

parameter from an animal species could lead to significant prediction errors in humans as 

a result of fitting a power function. 

This dissertation will provide answers to the problems raised above, including: 

providing some guidance on how and when to use allometric scaling and how to 

appreciate the predictions by allometric scaling with our current knowledge; proposing a 

new model for predicting human drug clearance with an emphasis on how to predict the 

occurrence of large vertical allometry; deriving a mathematical relationship to 

quantitatively describe the prediction dependency on weight or animal species, and 

helping appreciate the uncertainty associated with data containing experimental errors; 

quantitatively describing the functionality of correction factors using maximum MLP, 

BrW or ROE. 
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CL = a W 

O 
o 
o 

Slope = b 

Intercept = a 

LogW 

Figure 1.1: Fitting log-log transformed power function by linear regression. 
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Figure 1.2; Vertical allometry is illustrated using diazepam as an example. There is a 

large vertical distance between observed CL and predicted CL from the four animal 

species for the allometric scaling of diazepam CL, therefore, this phenomenon occurring 

when using allometric scaling is named as vertical allometry. 
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Table 1.1 Contents of microsomes, proteins and hepatocytes in human liver ^ 

P450 contents in human hepatocytes 

Number of hepatocytes in human liver 

P450 content in human liver microsomes 

Microsome protein contents in human liver 

0.14 nmol P450/10 cells 

1.2 X 10^ cells/liver 

0.32 nmol P450/mg microsome protein 

52.5 mg microsome/g liver 
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Table 1.2 Typical values of some physiologically and pharmacokinetically important 

1 9 
allometric exponents in mammals ' 

Physiology Exponent 

Blood volume 1.0 

Liver weight 0.87 

Intestine weight 0.94 

Liver plasma flow 0.79 

Kidney blood flow 0.78 

Heat beat duration 0.27 

Pharmacokinetics 

CL 0.75 

V 1.0 

Ti/2 0.25 
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1 9 
Table 1.3. Values of W, BrW and MLP in different mammalian species ' 

Species Adult W (g) Adult BrW (g) % B r W / W  MLP (years) 

Mouse 23.0 0.334 1.45 2.67 

Rat 250 1.88 0.751 4.68 

Guinea pig 270 3.42 1.27 6.72 

Rabbit 2550 9.97 0.391 8.01 

Rhesus monkey 4700 62.0 1.32 22.3 

Dog 14200 75.4 0.531 19.7 

Goat 31300 130 0.416 23.3 

Sheep 57600 110 0.191 18.3 

Pig 77200 58.2 0.075 11.4 

Cattle 310000 252 0.081 21.2 

Human 70000 1530 2.19 93.4 

W: weight; BrW: brain weight; MLP: maximum life-span potential. 
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Table 1.4. Allometric exponents from one-species simple allometry, which is equivalent 

to the "LBF" method. Data for Q and W are the same as used by Ward et al. 

Species Rat Monkey Dog Human 

W(kg) 0.333 5 12 70 

Q (ml/min/kg) 85 45 30 21 

b 0.74 0.72 0.79 

W: adult weight; Q: liver blood flow (LBF). 



31 

Chapter 2 

A Global Examination of Allometric Scaling in Predicting Human Clearance and 

the Prediction of Large Vertical Allometry 

Abstract 

Four observations were obtained by examining 138 sets of animal species' 

clearance (CL) data for allometric scaling for predicting human clearance. 1) The 

analysis does not provide strong evidence that systemic clearance, CLs (n = 102), is more 

predictable than apparent oral clearance, CLpo (n = 24), but caution is needed because of 

the potential prediction error in CLpo caused by differences in bioavailability across 

species. 2) CL of proteins (n = 10) can be more accurately predicted than that of non

protein chemicals (n = 102). 3) CL is more predictable for compounds eliminated by 

renal or biliary excretion (n = 33) than by metabolism (n = 57). 4) CL predictability for 

hepatically eliminated compounds followed the order: high CL (n = 11) > intermediate 

CL (n =17) > low CL (n =29). All large vertical allometry (percentage error of prediction 

greater than 1000%) occurred for low CL drug. A qualitative analysis revealed a few 

potential rules for predicting the occurrence of large vertical allometry; 1) ratio of 

unbound fraction of drug in plasma (fu) between rats and humans greater than 5; 2) Clog? 

greater than 2. Metabolic elimination and low clearance could be additional indicators in 

expectation of large vertical allometry. 
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Introduction 

Allometric scaling is a widely used approach for predicting human clearance (CL) 

based on animal data. The observed power function relationship between clearance and 

body weight is empirical, although there is some possible underlying physiological 

1 fy 

rationale ' . Recently, the % power law of metabolic rate was theoretically derived based 

on the fractal geometry of nutrition-supply network of organisms However, many 

prediction errors, mostly over-prediction (also called "vertical allometry"), have been 

observed by using allometric scaling. Great effort has been focused on how to improve 

allometric scaling by various approaches, including correction according to: in vitro 

16 17 metabolic data ; two-term power function modification ; correction by maximum life

span potential (MLP); brain weight (BrW) rule of exponents (ROE) scaling 

unbound CL The correction of in vitro metabolic data was successful in predicting 

human CL for ten extensively metabolized drugs however, whether such a correction 

method can improve the prediction for other compounds is unknown due to the small data 

set studied. Based on the data analysis of sixteen drugs, Mahmood reported that the use 

of in vitro data obtained from liver microsomes to predict hepatic CL in humans did not 

provide reliable predictions In addition, correction by in vitro data did not help 

prediction for compounds eliminated by renal or biliary excretion. By scaling unbound 

CL, Feng has shown some degree of success in improving the prediction of low CL 

drugs. However, the method failed to adequately predict clearance for compounds 

illustrating large vertical allometry such as diazepam and valproate. In addition, it made 

worse the predictions for propranolol, antipyrine, theophylline and midazolam. Although 
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the authors further corrected the large vertical allometry by using brain weight (BrW) 

correction, it was not desirable to use such a correction because it was a posteriori 

analysis. Furthermore, by analyzing a variety of drugs, Mahmood showed that prediction 

of unbound CL was even worse than that for total CL Both MLP and BrW corrections 

have successful examples, but the number is limited The two approaches also have 

shown worse prediction for some drugs if they were used indiscriminately. This 

limitation further led to the proposal of the "rule of exponents" which delineates the 

selection criteria for using MLP or BrW correction based on the values of exponents 

obtained from simple allometry. However, due to the artificial cut-off of the exponent 

values and the small sample size examined (38 drugs), whether the rules are applicable to 

other drugs is still subject to testing. In addition, ROE is still unable to predict the 

occurrence of some large vertical allometry. In summary, the modifications to allometric 

scaling discussed above showed some common limitations: small training sample size, 

limited testing of data, and failure to predict large vertical allometry. The occurrence of 

large vertical allometry is a particularly serious concern when using allometric scaling, 

because it may lead to significant over-dosing in humans due to the over-estimation of 

CL values in humans. 

The current study was designed to examine the predictability of allometric scaling 

for 138 drugs or chemicals by dividing them into several reasonable categories. 

Particularly, large vertical allometry was examined by considering physicochemical 

parameters of the compounds as well as pharmacokinetic parameters, and some potential 

rules were derived to predict the occurrence of large vertical allometry. 
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Methods 

Data collection 

One-hundred and thirty-eight (138) sets of CL data, each set having investigated 

at least three animal species, were obtained from the literature. The data were categorized 

according to the following criteria; oral clearance (CLpo) or systemic clearance (CLs); 

elimination routes (by metabolism or excretion or both); proteins or non-protein 

chemicals; low, intermediate, or high metabolic CL (Figure 2.1). 

Complicated CLpo data were not used. For example, the first-pass effect of 

nicardipine was dose-dependent and it was very difficult to justify the selection of CLpo 

values from each species, therefore, such CLpo data were not used. For another example, 

the dose of actisomide in rats was too high compared with those given to dog and 

monkeys (because plasma concentrations were not detectable for the low dose in rats), 

which might be the reason for the significant lower bioavailability in rats. Therefore, the 

CLpo data in rats were not amendable for scaling. For meloxicam, an extensively 

metabolized drug, CLpo in humans was calculated from total radioactivity, therefore, such 

CLpo data could not be used for scaling. 

Only compounds excreted unchanged via the kidney or bile are considered under 

"excretion". If compounds are metabolized before renal or biliary excretion, such drugs 

are categorized as undergoing "metabolism". For example, AZT is glucuronidated before 

being excreted by the kidney; ethinylestradiol, AY-30068 and rifabutin are metabolized 

before undergoing biliary excretion, therefore, these compounds are categorized as 
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undergoing "metabolism". If compounds have comparable percentages of metabolism 

and excretion, such drugs are categorized as "both". 

Compounds eliminated by metabolism are categorized as low, intermediate or 

high clearance based upon a hepatic extraction ratio of less than 0.3, between 0.3 and 0.7, 

greater than 0.7, respectively. Compounds eliminated by excretion were not categorized 

in this way, because if renal blood flow is used as a reference, no compounds undergoing 

excretion could be categorized as having a high CL. 

Plasma unbound fractions (fu) were also collected in animals and humans. If 

different fu data were reported, fu values were selected based on comparable plasma 

concentrations between species, since binding may be concentration-dependent. For 

compounds whose plasma binding was negligible, fu was taken as 0.95. A preliminary 

data analysis showed that the fu in rats was very close to the average of fu in all animals 

(data not shown). Because the data for fu in rats were most abundant, fu values in rats 

were used as an index to assess differences in plasma binding between animals and 

humans. Sixty-eight (68) sets of fu ratios (fu in rats / fu in humans) were obtained. 

Octanoliwater partition coefficients (ClogP) of compounds were calculated by 

Clog? for Windows V4.0 (Biocyte Corp., CA). BSH is a radical and cisplatinum is a 

coordinated metal, therefore, their ClogP values could not be calculated. 

Allometric scaling 

Clearances of each compound were plotted against the animal body weights on a 

log-log scale according to the following allometric equation: 

logCL = loga + b-logW 2-1 



36 

where W is the body weight; a and b are a coefficient and an exponent, respectively. CL 

in humans was predicted by using a human body weight or 70 Kg (if it was not reported 

in the literature). Predictability for individual compounds was assessed by percentage 

error (PE), which is defined as: 

n — PT pg ^ ^^pred-cted ^i-observed ^ Qver-prediction) 2-2 
observed 

PT — CT 
pg ^ ^ predicted ^^-observed ^ under-prcdiction) 2-3 

predicted 

CT — CI 
The common way to define PE is, PE = — *EI!E1XIOO%, for both over-

observed 

prediction and under-prediction. However, this definition is best used when a normal 

distribution of CL is assumed. For example, the true CL is 100 ml/min and the 

occurrence of predicted values of 10 ml/min and 190 ml/min would have the same 

probability, which is not likely to occur in reality. Furthermore, using only, 

CL — CL 
PE = — observed fQj- ovcr-prediction and under-prediction will limit 

^^observed 

the under-prediction to a maximum of 100% error, no matter how small CL is under

estimated; whereas, there is no limitation to the over-estimation error. By using, 

CL — CL 
PE = —EEEdicted observed ^100%^ for under-prcdiction, one can appreciate the extent of 

predicted 

under-estimation error, which is comparable to that of over-estimation. For example, the 

true CL is 100 ml/min and a 10-fold over-estimation and under-estimation are equivalent 

to PE of +900% and -900%, respectively. Average percentage error (APE) was used to 

assess the overall predictability and defined as: 



N 
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Results 

One hundred and thirty-eight (138) sets of CL data as well as other useful 

information are listed in Table 2.1. The data were arranged such that CLs of chemicals, 

CLpo of chemicals, CLs of proteins and CLs of peptide could be distinguished clearly. The 

scheme for data categorization is further illustrated in Figure 2.1. 

The APE for predicted human CLs is 254.7%, which is smaller than that for 

predicted CLpo (416.9%). Although prediction of CLs showed a wider range of PE, 

prediction of CLpo showed a greater percentage of large over-predictions (Figure 2.2). 

This result suggested that CLpo has larger prediction errors than CLj. Prediction of CLs 

for seven compounds (warfarin, reboxetine, tamsulosin, valproate, diazepam, GV 

150526A and susalimod) showed the largest vertical allometry (PE > 1000%). Prediction 

of CLpo for five compounds (AY-30068, berpidil, rifabutin, tamsulosin, zenarestat) 

showed similarly large vertical allometry. Unfortunately, only one compound, 

tamsulosin, with large vertical allometry was present in both categories. Large vertical 

allometry contributed to a substantial extent to APE. Therefore, conclusion can not be 

made that CLs could be better predicted than CLpo. A further analysis showed similar 

prediction errors for those compounds for which both CLpo and CLs values were available 

(Table 2.2). 

Protein non-vrotein chemicals 

Data sets for two peptides, cyclosporine and SK&F 107647, were not categorized 

into proteins, because the physicochemical and biochemical properties of peptides are 
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significantly different from proteins. Ten protein therapeutics showed an excellent 

predictability with a PE of 55.7%, compared with a PE of 254.7% for non-protein 

chemicals (Figure 2.3). 

Elimination routes 

The PE for compounds eliminated by metabolism, excretion, or both is 254.7%, 

147.7%, 100.0%, respectively (Figure 2.4). Therefore, compounds eliminated by biliary 

or renal excretion appear to have better predictability than compounds eliminated by 

metabolism. For compounds eliminated by excretion, only susalimod showed large 

vertical allometry (PE, 1676.3%), whereas, six compounds eliminated by metabolism had 

similarly large vertical allometry. 

Low, intermediate and, high hepatic CL 

An obvious trend in predictability was observed among the three categories 

(Figure 2.5). The prediction of high CL drugs had a PE of 47.3%, which is moderately 

better than the prediction of intermediate CL (PE, 120.4%) and far better than the 

prediction of low CL (PE, 597.8%). All six metabolized compounds with large vertical 

allometry have very low CL. The results indicated the difficulty in predicting CL in 

humans for compounds with low CL values. 

Examination oflarse vertical allometry and its prediction: tentative rules 

In order to avoid the complexity caused by bioavailability differences across 

species in predicting CLpo, the presence of large vertical allometry and its prediction was 

limited to values of CLj. Table 2.3 lists the compounds with CLs prediction PE values 

greater than 1000%. The elimination routes, ClogP values and fu ratio (fu in rats / fu in 
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humans) are also listed. A close examination of the seven compounds having large 

vertical allometry revealed that all seven compounds have ClogP values greater than 2, fu 

ratios greater than 5 (except susalimod, reboxetine, whose fu ratio was unavailable). 

These two characteristics are proposed as a tentative general rules to predict the 

occurrence of large vertical allometry. In addition, only susalimod was eliminated by 

excretion. Thus, metabolic elimination may also serve as an additional indicator for 

expecting large vertical allometry. In fact, the six compounds with PE values greater than 

1000% in predicting CLpo also showed ClogPs greater than 2, though fu is unknown for 

those compounds, supporting the idea that high ClogP may be a necessary condition for 

the occurrence of large vertical allometry. 
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Discussion 

The scaling of CLpo is compromised by the potential differences in bioavailability 

across species. Animal bioavailability has been shown to bear a weak correlation with 

human bioavailability. For example, the correlation coefficient (r) between oral 

bioavailability of humans and dogs was shown to be only about 0.3 (Tang et al., 

unpublished data). Thus, CLpo prediction may deviate for compounds with significantly 

different bioavailability among species. Therefore, we distinguished the prediction of 

CLpo froni that of CLg. A first glance at the APE values suggested that CLpo had greater 

prediction error and higher percentage of large over-prediction (Figure 2.2). However, the 

compounds with large vertical allometry, which contributed significantly to the 

magnitude of APE, do not overlap in the two groups, except for tamsulosin. Thus, we can 

not conclude that the predictability of CLs is better than that of CLpo. Further analysis of 

the compounds having both CLpo and CLs data revealed similar predictability for CLpo 

and CLs (Table 2.3). Citalopram, on the other hand, is an example of bioavailability 

affecting prediction of CLpo. Citalopram undergoes a considerable first-pass effect in 

animals, while it has an almost complete systemic availability in humans, resulting in a 

two-fold higher error for predicting CLpo than predicting CLs. To summarize, current data 

do not provide strong evidences for a better predictability for CLpo than CLs. However, 

investigators must be aware of the potential prediction error caused by differences in 

bioavailability across species. In the following discussions, CLpo data were not 

considered in order to exclude the complexity caused by bioavailability. 
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Proteins generally showed good predictability over a wide range of clearance 

values (0.47-620 ml/min). The excellent predictability for proteins has been observed by 

others The turnover rate of endogenous proteins, such as albumin, has been reported 

to follow the power function across species The known elimination mechanisms for 

proteins from the current data set may be classified into two categories: renal elimination 

and hepatic elimination. Renal elimination (such as interferon) is mainly through luminal 

endocytosis, followed by proteolytic degradation during proximal tubular reabsorption 

Hepatic elimination is mediated by hepatic uptake, presumably by receptor recognition, 

followed by proteolytic degradation. Thus, the elimination mechanisms of proteins are 

different from those of chemical compounds, which are mostly eliminated by 

oxidative/conjugative metabolism or excretion. Therefore, allometric scaling of proteins 

may not be heavily dependent on the factors affecting allometric scaling of chemicals, 

such as interspecies differences in metabolic system (e.g., CYP450s), plasma binding, 

etc. The good predictability for proteins drawn from the current study was based on ten 

drugs and the exponents showed a range of 0.577 to 1.056, which do not deviate 

significantly from 0.75. Whether exponents for prediction of other proteins retain a value 

close to 0.75 is unknown. Investigators should be aware of the potential existence of 

exponents significantly smaller than 0.5 or greater than 1.0, which might cause either 

under-prediction or over-prediction in humans. 

Compounds cleared by renal excretion have been thought to be predicted well by 

allometry The current data also showed that compounds eliminated by metabolism 

generally showed larger prediction errors than those undergoing excretion or by both 
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routes. Susalimod is an exception with a prediction PE of 1676.3%. Mahmood proposed a 

correction factor for drugs eliminated via biliary excretion. Using that correction, 

susalimod could be predicted well . 

The large vertical allometry for metabolized compounds was observed only for 

low CL compounds. CL for low clearance compounds is determined by CLu,int and fu, 

therefore, any differences in enzymatic systems (determining CLu^int) or plasma binding 

(determining fu) across species could cause prediction errors. In contrast, high hepatic CL 

drugs were expected to be more predictive than low CL compounds, because CL for high 

clearance drugs is determined mostly by blood flow, which is considered to scale 

allometrically across species ^ At the current time, it is very difficult to investigate the 

effects of CLu,int on allometric scaling, because by doing so, detailed information such as 

the differences in metabolic/excretion systems across species has to be available for each 

compound and each species. Correction by in vitro metabolic data is one step in this 

direction. In contrast, fu is more readily determined and the values are more exact, 

permitting better analysis. Thus, fu data were collected in order to investigate its effect on 

large vertical allometry. Furthermore, large vertical allometry was also examined from 

the perspective of physicochemical properties of the compounds. Initially several 

physicochemical parameters such as ClogP, H-bonding, molecular weight and pKa, were 

examined by multivariate analysis with an attempt to look for potential contributors to the 

large vertical allometry. A variety of models based on these physicochemical parameters 

have been tried but none of them prove to be predictive. However, after tabulating 

vertical allometry along with the ClogP and fu ratio values between rats and humans, a 
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trend was observed. All seven compounds with large vertical allometry with PEs greater 

than 1000% have relatively high ClogPs (greater than 2) and large fu ratios (greater than 

5, except for reboxetine and Susalimod, whose values of fu ratios are unknown) (Table 

2.3). Thus, two rules were proposed tentatively to predict the occurrence of large vertical 

allometry: fu ratio greater than 5 and Clog? greater than 2. Among all the other 

compounds with PEs less than 1000%, only cefpiramide has a ClogP greater than 2 and fu 

ratio greater than 5. Supporting to the two rules, the prediction of cefpiramide has a large 

PE of 511%. Only susalimod, out of seven compounds with large vertical allometry, was 

eliminated by excretion, therefore, metabolic elimination may also be an indicator for 

expecting large vertical allometry in conjunction with the two rules. The greater fu ratio 

as an indicator for large vertical allometry is reasonable. With regard to the ClogP rule, 

no explanation could be offered at this time. No relationship was observed between fu 

ratio and ClogP. Notably, the six compounds with PEs greater than 1000% in predicting 

CLpo also showed ClogP greater than 2, although fu is unknown for those compounds. 

The high ClogP values for compounds with such large vertical allometry in predicting 

CLpo may also be indicative of the same rules obtained from predicting CLj. 

One important point that needs to be mentioned is the potential incompleteness of 

the literature data search or literature bias, by which unsuccessful predictions were not 

published. Readers are encouraged to test the rules if they have additional data for fu and 

large vertical allometry. For example, reboxetine and susalimod have PE greater than 

1000% and ClogPs greater than 2, therefore, the fu ratios between rats and humans are 

predicted to be greater than 5. 
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The current study resulted in the following observations, which may be helpful in 

guiding the application of allometric scaling for predicting human CL: 1) predicting CLpo 

requires caution due to the potential bioavailability difference across species; 2) protein 

CL may be accurately predicted; 3) CL is more predictable for compounds eliminated by 

excretion than by metabolism; 4) CL is more predictable for compounds with high CL 

than for compounds with low CL. 

Furthermore, a qualitative analysis revealed certain potential rules for prediction 

of large vertical allometry. That is, large vertical allometry occurs when the following 

two rules apply to the compounds: 1) fu ratio between rats and humans greater than 5; 2) 

ClogP greater than 2. Metabolic elimination and low clearance could be additional 

indicators for expecting large vertical allometry. A quantitative model to predict human 

CL, which incorporates fu ratio and ClogP, is being developed. 
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Total data sets 
138 

Peptides 
2 

Proteins 
10 

Chemicals 
126 

Metabolism 
57 

CLs 
102 

Excretion 
33 

CLpo 
24 

Low CL Intermediate CL High CL 
29 17 11 

Both 
12 

Figure 2.1: Scheme for data categorization. The numbers under each category indicate 

the sample size. 
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Figure 2.2: Comparisons of CLpo and CLg. The scale of PE in the inner box-plots is 

reduced in order to better present the distribution of the majority of the data. The numbers 

in parentheses following each category indicate the sample size. The numbers under each 

category are average percentage errors (APE) and their standard deviations. 
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Figure 2.3: Comparisons of chemicals and proteins. The scale of PE in the inner box-

plots is reduced in order to better present the distribution of the majority of the data. The 

numbers in parentheses following each category indicate the sample size. The numbers 

under each category are average percentage errors (APE) and their standard deviations. 
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Figure 2.4: Comparisons of compounds eliminated by metabolism and by excretion and 

by both routes. The scale of PE in the inner box-plots is reduced in order to better 

present the distribution of the majority of the data. The numbers in parentheses following 

each category indicate the sample size. The numbers under each category are average 

percentage errors (APE) and their standard deviations. 
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Figure 2.5: Comparisons of low CL and intermediate CL and high CL. The scale of PE 

in the inner box-plots is reduced in order to better present the distribution of the majority 

of the data. The numbers in parentheses following each category indicate the sample size. 

The numbers under each category are average percentage errors (APE) and their standard 

deviations. 
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Table 2.1. Data used in the analyses 

Compounds ClogP Elimination fu a b d-'Qijg CLpred PE Ref 

routes ratio ml/min ml/min 

CL. (chemicals) 

3TC -1.50 Excretion 12.75 0.720 400 272 -47.2 10 

5-Fluorouracil -0.58 Excretion 7.78 0.744 168 183 9.0 24 

Acivicin -1.58 Both 4.03 0.604 49 52 7.0 25 

ACNU 0.43 Metabolism 1.87 50.71 0.957 805 2950 266.5 26 

ACPC 0.16 Excretion 3.27 0.776 110 88 -24.6 27 

Actisomide 5.42 Both 10.28 1.057 424 817 92.8 28 

Alfentanil 1.99 Metabolism 1.23 24.85 0.834 448 859 91.8 29 

Amlodipine 3.65 Metabolism 3.00 29.00 0.821 490 949 93.7 30 

Amphotericin B -3.65 Metabolism 2.12 1.03 0.870 30 41 38.0 31,32 

Amsacrine 3.74 Metabolism 35.87 0.421 352 215 -64.2 33 

Antipyrine 0.20 Metabolism 1.00 4.52 0.589 43 55 28.4 10,34 

AZT 0.04 Metabolism 24.59 0.929 1867 1273 -46.6 35,36 

Aztreonam 0.66 Excretion 4.53 0.629 88 66 -34.2 37 

Betamipron 0.79 Excretion 13.6 0.742 398 318 -25.2 38 

Bosentan 4.08 Metabolism 1.00 17.19 0.578 140 200 43.1 39.40 

BSH Radical 3.45 0.930 25 160 540.0 41 

ion 

Caffeine 3.00 Metabolism 0.94 6.36 0.750 137 154 12.0 16,42 

Candoxatrilat 0.64 Excretion 9.90 0.705 133 198 48.8 43 

Cefazolin -1.16 Excretion 0.56 4.79 0.733 53 108 103.8 44,45 

Cefraetazole -1.28 Excretion 3.73 12.80 0.633 129 188 46.1 44.46 

Cefoperazone -0.02 Excretion 4.23 6.77 0.577 74 79 6.2 44 

Cefotetan -1.48 Excretion 7.78 7.13 0.639 30 108 256.3 44,47,48 

Cefpiramide 2.12 Excretion 14.59 4.70 0.755 19 116 511.0 23,44,49 

Ceftizoxime 0.95 Excretion 0.99 11.24 0.563 126 123 -2.5 46 

CI-921 0.83 Metabolism 9.73 13.74 0.439 188 88.6 -112.3 33 

Cicaprost 2.21 Excretion 24.90 0.580 266 293 10.0 SO 
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30 
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38 

107 

108 

109,110 

111 

16 

112 

113,114 

lis 

116 

117 

118 

119 

23 

120 

121 

3.22 Metabolism 1.00 52.30 0.785 798 1465 

8.53 Metabolism 1.00 11.50 0.733 770 259 

-0.76 Excretion 1.28 4.97 0.651 93 79 

1.97 Metabolism 1.15 19.34 0.589 154 236 

1.06 Excretion 50.00 0.745 460 1185 

5.51 Metabolism 1.46 72.34 0.63 472 944 

3.48 Metabolism 0.90 32.07 0.514 560 285 

-0.99 Both 1.02 90.02 0.836 1360 3139 

-1.37 Excretion 1.00 7.90 0.759 141 199 

-0.90 Excretion 1.04 7.58 0.457 146 53 

1.45 Metabolism 28.67 0.664 637 481 

5.10 Metabolism 76.23 0.763 400 1950 

0.66 Metabolism 29.74 0.847 297 1087 

2.88 Metabolism 48.91 0.798 1050 1451 

3.64 Metabolism 0.33 71.07 0.890 1104 3117 

2.75 Metabolism 1.15 49.68 0.662 1050 827 

2.79 Metabolism 1.41 47.51 0.805 330 1452 

0.63 Excretion 21.79 0.846 728 793 

3.26 Metabolism 29.10 0.723 42 628 

1.88 Excretion 1.02 2.20 0.601 30 28 

3.55 Metabolism 50.62 0.679 924 906 

3.26 Metabolism 2.94 36.50 0.362 119 170 

5.88 Metabolism 1.30 68.82 0.716 840 1440 

-0.09 Both 0.58 1.10 1.18 27 165 

-1.85 Both 12.20 0.698 537 237 

1.36 Excretion 0.95 19.67 0.727 313 431 

2.31 Metabolism 1.25 28.95 0.679 420 518 

-0.49 Excretion 1.00 18.80 0.870 572 758 

2.94 Metabolism 0.88 56.00 0.908 949 2652 

0.74 Both 1.01 31.71 0.808 1333 982 

3.54 Excretion 3.70 0.791 6 106 

1.67 Excretion 0.99 29.23 0.564 588 321 

2.17 Metabolism 20.00 61.00 0.594 48 761 
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Tebufelone 6.01 Metabolism 31.07 0.878 720 1295 79.9 —na— 

Theophylline -0.06 Metabolism 0.69 1.89 0.817 51 61 19.3 16,123 

Thiopentone 2.98 Metabolism 0.57 3.67 1.059 215 330 53.4 29 

Tirilazad 7.03 Metabolism 2.17 26.50 0.693 580 503 -15.2 124 

Tolcapone 3.21 Metabolism 1.00 7.23 0.646 118 113 -4.9 125 

Trimethadione -0.12 Metabolism 4.45 0.777 46 114 150.5 92 

Troglitazone 5.17 Metabolism 0.98 12.44 0.81 411 383 -7.2 52,126,127 

Trospectomycin -1.29 Excretion 2.41 0.933 117 127 7.8 128,129 

Valproate 2.98 Metabolism 7.04 3.66 0.944 7 202 2786.3 130-132 

Warfarin 2.89 Metabolism 15.00 0.37 1.126 4 44 1005.9 133.134 

CL. tnroteins) 

CD4-IgG protein 0.102 0.740 3 2 -10.7 20 

Digoxin-Fab protein 1.017 0.667 21 17 -20.2 135 

Interferon-a protein 3.681 0.710 216 75 -187.4 136 

Lenercept protein 0.008 1.056 0.47 1 115.3 137 

iCD4 protein 3.364 0.577 57 39 -46.0 20 

Relaxin protein 5.829 0.776 175 158 -11.1 20 

rHFVm protein 0.198 0.774 3 5 82.7 138 

rhGH protein 6.474 0.688 152 120 -26.6 20 

rt-PA protein 16.942 0.842 620 606 -2.3 20 

Tenecteplase protein 3.360 0.896 98 151 54.3 139 

CL. (DCDtides) 

Cyclosporine peptide 5.515 1.146 273 718 162.9 9,140 

SK&F 107647 peptide 7.718 0.769 87 202 133.3 141 

AD-810 -0.36 Both 0.95 0.95 0.735 17 22 26.9 142 

Amlodipine 3.65 Metabolism 3.00 31.0 0.843 778 1114 43.2 30 

AY-30068 6.10 Metabolism 6.21 1.479 164 3325 1927.4 143 

Bepridil 6.21 Metabolism 360.00 0.842 1085 12879 1087.0 144,145 

CI-1007 6.45 Metabolism 526.39 0.975 34370 33078 -3.9 146 
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0.50 
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2.99 

0.59 

2.5 

1.97 

3.48 

-0.90 

-0.71 

1.88 

4.79 

2.17 

0.04 

5.17 

3.37 

Metabolism 

Metabolism 

Both 
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Metabolism 

Metabolism 

Metabolism 

Metabolism 

Metabolism 

Metabolism 

Metabolism 

Excretion 

Metabolism 

Excretion 

Metabolism 

Metabolism 

Excretion 

Metabolism 

Excretion 

0.84 

0.98 

1.19 

1.16 

1.15 

0.90 

1.04 

1.06 

20.00 

1.26 

99.0 

347.00 

32.43 

2.60 

156.00 

459.0 

14.50 

481.0 

12.5 

27.75 

484.00 

12.66 

12.94 

58.0 

18.97 

36.90 

7.00 

56.00 

2.32 

0.789 

0.843 

0.402 

0.643 

0.533 

0.286 

0.668 

1.000 

0.797 

0.623 

0.737 

0.360 

0.580 

0.431 

1.366 

0.625 

0.715 

0.633 

1.318 

438 

2200 

127 

40 

371 

2763 

201 

4483 

478 

188 

6930 

235 

138 

725 

489 

35.6 

29 

821 

47 

2828 

12467 

179 

40 

1502 

1547 

248 

33670 

369 

392 

11084 

58 

152 

362 

6274 

525 

146 

824 

627 



Table 2.2. Comparison of the predictability of human clearance for compounds having 

values for both CLpo and CLg. 

drug PE for predicting CLs PE for predicting CLpo 

Amiodipine 93.7 43.2 

Citaiopram 194.1 545.6 

Dofetiiide 30.0 40.9 

Feibamate 29.5 -0.4 

Metoprolol -27.2 -78.6 

IVIoxifloxacin 53.4 108.3 

Niivadipine -96.8 59.9 

Ofloxacin -176.4 -302.1 

Recainam -6.1 -100.3 

Tamsuiosin 1485.2 1374.9 

Troglitazone -7.2 0.4 

APE 199.9 ±431.1® 241.3 ±409.1 

": Mean ± standard deviation 
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Table 2.3. Compounds illustrating large vertical allometry 

Drugs PE fu ratio 

(rat/iiuman) 

ClogP Elimination routes CLobs (ml/min) 

Warfarin 1106 15.1 2.89 Metabolism 4 

Reboxetine 1395 NA 3.26 Metabolism 42 

Tamsulosin 1485 20.0 2.17 Metabolism 48 

Susalimod 1676 NA 3.54 Excretion 6 

Valproate 2786 7.04 2.98 Metabolism 7 

Diazepam 3087 5.00 3.16 Metabolism 27 

GV150526A 5266 13.5 5.17 Metabolism 6 

NA: Not available 
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Chapter 3 

A Novel Model for Prediction of Human Clearance by Allometric 

Scaling 

Abstract 

Sixty-one sets (61) of clearance (CL) values in animal species were allometrically 

scaled for predicting human clearance. Unbound fraction (fu) of drug in plasma in rats 

and humans were obtained from the literature. A model was developed to predict human 

n 770 
CL: CL = 33.35 ml/minx (a/Rfu) ' , where Rfu is the fu ratio between rats and humans 

and a is the coefficient obtained from allometric scaling. The new model was compared 

with simple allometric scaling and the "rule of exponents" (ROE). Results indicated that 

the new model provided better predictability for human values of CL than ROE. It is 

especially significant that for the first time the proposed model improves the prediction 

for drugs illustrating large vertical allometry. 
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Introduction 

Allometric scaling is widely used in predicting human clearance (CL) based on 

animal data. Since prediction errors are commonly observed in practical applications, 

various modifications to allometric scaling have been proposed. These modifications 

include: in vitro metabolic data correcting by either maximum life-span potential 

(MLP); brain weight (BrW) the "rule of exponents" (ROE)scaling unbound CL 

Correction by in vitro metabolic data was successful in predicting human CL of ten 

extensively metabolized drugs Based on a data analysis of sixteen drugs, however, 

Mahmood concluded that the use of in vitro data obtained from liver microsomes to 

1 S 
predict hepatic CL in humans did not provide reliable predictions . In addition, in vitro 

metabolic corrections can't be applied to compounds eliminated by excretion. Scaling 

unbound CL across animal species improved the prediction for certain compounds 

however, it failed to predict well for a few compounds with large vertical allometry such 

as diazepam and valproate. Recently, Mahmood suggested that unbound CL carmot be 

predicted any better than total clearance Corrections either with MLP or BrW have 

been shown to be inappropriate if they are used indiscriminately, which led to the idea of 

ROE. This rule provides selection criteria for use of MLP or BrW, based on the values of 

the exponents obtained from simple allometry Although ROE has been shown to 

improve the prediction significantly compared to simple allometry, this method is still not 

satisfactory in predicting large vertical allometry. 
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The coefficients ( a )  of the power function have been considered important in 

determining the magnitude of CL, because the exponents (b) have been shown to be 

relatively constant with a typical value close to 0.75 ^ Based upon analysis of more than 

60 drugs we have observed that the water-octanol partition coefficient (logP) and the 

ratio of unbound fraction (fu) in plasma between rats and humans (Rfu) may provide 

simple rules for anticipating the occurrence of large vertical allometry. Based upon these 

findings, therefore, we attempted to develop a new model for predicting human CL. 
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Methods 

A literature search was performed to obtain animal data for allometric scaling of 

CL and fu ratio in rats and humans. Only data sets including at least three animal species 

were used for scaling. Coefficients and exponents were obtained by fitting: body weight 

and CL; CLxMLP; or CLxBrW on a log-log scale according to the allometric equation: 

CL or CLxMLP or CLxBrW = a xW^. CL in humans was calculated by using 

coefficients and exponents obtained and human body weight or assuming 70 Kg (if 

weight was not reported in the publication). ML? was calculated by using, 

MLP = 10.839*W°®^® ^ The rule of exponents was applied as described by 

Mahmood: 1) if the exponent from simple allometry is between 0.55 and 0.70, simple 

allometry is applied; 2) if the exponent is between 0.70 and 1.0, CLxMLP approach is 

applied; 3) if the exponent is greater than 1.0, CLxBrW approach is applied; 4) if the 

exponent is less than 0.50, simple allometry is applied since none of the approaches could 

improve the prediction Predictability was assessed by percentage error (PE), which is, 

CLpre^-CLcbs CL obs O'Lpred ^ r\r\/li 
— XlUU%, for over-prediction and, — XlUU%, for under-
V^JLJC^S V^J^pred 

prediction. A power model is proposed, 

CL^aflPi^' 3-1 

transformed into, 

LogCL=Loga+J] Pi' LogPi 3-2 

where Pi is the variable for a, b, Rfu or (exponential values of water-octanol 

partition coefficient, ClogP). The transformed model was screened by a backward step-
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wise procedure (P-value entrance criterion at 0.1 and P-value removal criteria at 0.2) to 

obtain parameters of statistical significance (Intercooled Stata 7.0, Stata, College Station, 

TX). 
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Results 

The interest and rationale for developing a new allometric model was based on 

our previous findings that Rfu, combined with ClogP could be used to formulate rules to 

predict qualitatively the occurrence of large vertical allometry in predicting human CL 

(see Chapter 2). The current study was undertaken to create and test a model in which 

parameters such as Rfu, ClogP, as well as coefficient a and exponent b from simple 

allometry, could potentially be useful to quantitatively predict human CL. By 

multivariate analysis only coefficient a, exponent b and Rfu were found to be statistically 

significant with P-values of < 0.001, 0.05, <0.001, respectively. The model incorporating 

these three variables was; 

CL = 36.6 • (ml/ min) • (R^ = 0.82) 3-3 

The exponental value of b (0.71) is close to that of a (0.82) and Rfu (0.70). b is relatively 

constant and varies over a much narrower range (~ 0.35-1.20) than a (0.31-200) or Rfu 

(0.33-20), therefore, b was not considered to be an important determinant variable, a and 

fu ratio were finally used for the model as shown in Equation 3-4, 

CL = 33.35(ml/min)«a°" 3-4 

which retained an R of 0.81, indicating that the three-variable model does not improve 

the prediction performance. Values for CL increase with a, indicating that the coefficient 

a from simple allometry is a primary determinant of CL. hi contrast, CL decreases when 

Rfu increases due to the negative power of Rfu. This inverse relationship makes sense in 

that a higher value for fu in animals compared to in humans may lead to an over-

prediction of CL by simple allometry. The inverse functional relationship between fu and 
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CL predicted in humans, therefore, may correct the over-predictions caused by significant 

differences in fubetween animals and humans. 

The exponents of a and Rfu have very similar absolute values. Changing 0.71 to -

0.77 for the exponent of the fu ratio only slightly affects CL. For example, an Rfu of 10 

raised to the power, -0.71 is 0.19; while 10 raised to the power, -0.77 is 0.17. Most fu 

ratios are smaller than 10, therefore, the equation was further simplified to, 

CL = 33.35(ml / min) • (—)"" 3-5 
Rfu 

The term,^-, could be referred as an "fu-corrected-a". The predictability of CL 

predictions for both equations, as well as for simple allometry and ROE, is given in Table 

3.1. Equations 3-3 and 3-4 resulted in almost identical values. The significant 

improvement in prediction performance by the new proposed model, compared to ROE, 

could be judged from three perspectives. 

First, the average absolute value of percentage error by Equations 3-4 and 3-5, 

ROE and simple allometry were 11%, 78%, 185% and 323%, respectively. The 

significant improvement in prediction by the new model was quite obvious. 

Second, using the new model {e.g. Equation 3-5), only six compounds had 

percentage errors over 200%, with 548% for diazepam and 200-300% for the other five. 

In contrast, 11 compounds using the ROE method had prediction percentage errors 

greater than 200%, with 2100% for GV150526A, 1626% for diazepam, 1485% for 

tamsulosin, and 200-1000% for the other eight (Table 3.2). Therefore, the new model 

predicted the large vertical allometry with greater success compared to ROE. 
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Lastly, the new model showed a random pattern for under and over-prediction 

errors, whereas, the ROE method showed primarily under-prediction errors caused by the 

MLP correction for exponents between 0.55 and 0.70. Of course, ROE had a better 

predictability than simple allometry. The significantly improved prediction performance 

is also illustrated in Figures 3.2 and 3.3. 



66 

Discussion 

The use of fu ratio between rats and humans, rather than between all animals and 

humans, was based on our observation that the fu in rats is representative of the average fu 

in animals. In contrast, many significant differences between fu in rats and fu in humans 

were observed (Figure 1). One question could be raised concerning why scaling by the 

unbound CL approach did not provide stable and good predictability, because it appears 

that correcting CL by fu in each animal species would be more favorable than just 

considering only rats and humans. One possible explanation could be attributed to the 

serious error underlying data fitting to the power function and the considerable 

measurement error of fu, especially for highly plasma bound compounds. When three or 

more animal species are included for scaling unbound CL, the same number of fu 

variables with errors are also introduced into the data fitting, and may generate greater 

error in predicting human values than what is generated from the error of only one 

species, the rats, in the new proposed model. Here is an example to visualize this concept. 

Suppose three species, mouse (0.03 kg), rat (0.25 kg) and dog (15 kg), are used for 

allometric scaling of unbound CL. Then the final predicted CL in humans by allometry 

can be expressed as: 

CLp^dicted = A.(f„"»-)0-36 3-6 

where A is a function of CL observed in each animal species and the body weight of 

animals (derivation in Appendix 3-1). The new model can be expressed as: 

T3 — /£ rot \ —0.77 ^ /c human \0.77 o *7 
^^predicted "" * (.tu ' 
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where B is not equal to A, but is also a function of CL observed in each animal species 

and the body weight of animals. It is obvious that the correction of fu in each species 

incorporates more variance by introducing more fu variables compared to both simple 

allometry and the new model. 

Certainly, the new model is also empirical just as all of the other approaches. No 

solid physiological or biochemical basis could be offered at this time. Nevertheless, the 

new model was shown to be simple, reasonable, and more predicative than the currently 

available approaches. In particular, the new model significantly improves the prediction 

of the occurrence of the large vertical allometry for the first time. 

In summary, a novel and simple model, incorporating a and fu ratio between rats 

and humans, has been proposed and shown to provide a better predictability than the 

currently available allometric techniques. Most important, it significantly improves the 

prediction of the large vertical allometry for the first time. 



68 

P) 0.4 

0.0 0.2 0.4 0.6 0.8 1.0 

5 0.4 

0.0 0.2 0.4 0.6 
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Figure 3.1: Unbound fraction of drug in plasma (fu) for the average in all animal species 

(top) and in humans (bottom) as a function of fu in rats for 61 compounds. The average fu 

values in animals are based on at least two animal species including rats. The solid lines 

indicate the lines of identity. 
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Figure 3.2: Comparison of predicted versus observed human CL based upon simple 

allometry (top), the new model Equation 3-5 (middle) and "rule of exponents" (bottom). 

The solid lines indicate the line of identity. The dashed lines indicate the range associated 

with 200% error. 
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Figure 3.3: Comparison of percentage error for simple allometry (top), the new model 

Equation 3-5 (middle) and "rule of exponents" (bottom). The plots inside were scaled to 

400% error in order to more clearly illustrate the distribution of the majority of the data. 

The solid lines indicate the line of zero error. The dashed lines indicate the range 
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associated with 200% error. Symbols: b < 0.7 (circle); 0.7 < b < 1.0 (triangle); b > 1.0 

(rectangle) 



Table 3.1. Comparison of predictability of human clearance among different allometric methods 

Compounds Rfu a b CLobs 

Simple 

allometry Equation 3-4 Equation 3-5 ROE 

Compounds Rfu a b CLobs CLpred PE CLpred PE CLpred PE CLpred PE 

Indinavir^ 1.15 198.00 0.349 1325 872 -52 1772 34 1757 33 872 -52 

Remoxipride^ 2.94 36.50 0.362 119 170 43 247 108 232 95 170 43 

CI-921^ 9.73 13.74 0.439 188 89 -113 50 -277 44 -332 89 -112 

OFLX'^-® 1.04 7.58 0.457 146 53 -178 154 6 154 5 53 -175 

Dofetilide^ 0.98 19.20 0.462 105 136 30 329 214 330 214 136 30 

Nilvadipine®'^" 0.90 32.07 0.514 560 285 -96 519 -8 522 -7 285 -96 

Enprofylline^^ 0.46 6.34 0.526 315 59 -426 240 -31 251 -25 59 -434 

Ceftizoxime^^ 0.99 11.24 0.563 126 123 -2 216 72 217 72 123 -2 

Talsaclidine^^ 0.99 29.23 0.564 588 321 -82 452 -30 452 -30 321 -83 

Cefoperazone 4.23 6.77 0.577 74 79 6 52 -42 48 -54 79 7 

Bosentan^'*'^® 1.00 17.19 0.578 140 200 43 298 113 298 113 200 43 

Antipyrine^®'^^ 1.00 4.52 0.589 43 55 28 107 148 107 148 55 28 

Moxifloxacin^® 1.15 19.34 0.589 154 236 53 295 92 293 90 236 53 

--J 



Tamsulosin''''''" 20.00 61.00 0.594 'W 

Recainam^^ 1.02 2.20 0.601 30 

Nicardipine^"'^^ 1.46 72.34 0.630 472 

Cefmetazole^^'^^ 3.73 12.80 0.633 129 

Ketamine^"* 0.93 120.50 0.635 1170 

Cefotetan^^'^® 7.78 7.13 0.639 30 

Tolcapone^® 1.00 7.23 0.646 118 

Moxalactam^^-^® 1.28 4.97 0.651 93 

Propranolor^'^® 1.15 49.68 0.662 1050 

Sildenafil^" 1.25 28.95 0.679 420 

Tirilazad^^ 2.17 26.50 0.693 580 

Ro 24-6173^^ 1.30 68.82 0.716 840 

Sematilide^^ 0.95 19.67 0.727 313 

Cefazolin^®'^ 0.56 4.79 0.733 53 

Mofarotene^^ 1.00 11.50 0.733 770 

Diazepam^^'^® 4.94 37.57 0.737 27 

Caffeine^^'^^ 0.94 6.36 0.750 137 

Cefpiramide^^'^® 14.59 4.70 0.755 19 
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FCE22101^'''" 0.69 

NS-105''^'^^ 1.00 

Felbamate'*^'''^ 1.19 

Midazolam^^ 1.00 

Dolasetron'*® 0.90 

Mibefradil^^ 2.00 

Quinidine^^-^®'^® 1.41 

Sumatriptan''^ 1.01 

Troglitazone^"'^®'^® 0.98 

Theophylline^^'®" 0.69 

Amlodipine®^ 3.00 

DA-1131®^®^ 1.00 

Alfentanil^'' 1.23 

Norfloxacin®'^® 1.02 

Meloxicam®'' 0.60 

Methohexitone^'' 0.88 

Stavudine®® 1.00 

Amphotericin B®®'®^ 2.12 

11.18 0.756 494 

7.90 0.759 141 

1.50 0.766 30 

52.30 0.785 798 

57.44 0.793 1232 

66.88 0.804 532 

47.51 0.805 330 

31.71 0.808 1333 

12.44 0.810 411 

I.89 0.817 51 

29.00 0.821 490 

II.58 0.825 353 

24.85 0.834 448 

90.02 0.836 1360 

0.35 0.855 12 

72.75 0.857 1000 

18.80 0.870 572 

1.03 0.870 30 

278 -79 278 -77 285 -73 128 -286 

199 41 164 16 164 16 155 10 

39 30 40 34 40 33 21 -43 

1465 84 702 -14 702 -14 290 -175 

1670 36 813 -52 818 -51 907 -36 

2032 282 519 -3 497 -7 642 21 

1452 340 511 55 500 52 285 -16 

982 -35 474 -181 474 -181 319 -318 

383 0 236 -74 236 -74 178 -131 

61 19 71 39 72 42 42 -21 

949 94 204 -140 191 -156 324 -51 

385 9 220 -61 220 -61 104 -239 

859 92 342 -31 337 -33 253 -77 

3139 131 1051 -29 1050 -29 912 -49 

13 13 21 78 22 84 8 -50 

2777 178 991 -1 999 0 980 -2 

758 32 319 -79 319 -79 466 -23 

41 38 20 -50 19 -57 17 -76 

-J 



Fentanyl'^'' 1.06 59.66 0.882 730 

Propafenone®® 0.33 71.07 0.890 1104 

SU5416®® 0.88 56.00 0.908 949 

Ciprofloxacin^'^'®" 1.10 17.65 0.927 423 

Vaiproate"'®^'®^ 7.04 3.66 0.944 7 

ACNU®^ 1.87 50.71 0.957 805 

Ethosuximide^®'®^ 1.00 0.60 1.012 13 

Thiopentone^'' 0.57 3.67 1.059 215 

AL01576^®'®®'®® 0.98 0.35 1.104 28 

Warfarin®^'®® 15.00 0.37 1.126 4 

R025-6833®® 0.58 1.10 1.180 27 

GV150526A'° 13.50 2.00 1.196 6 

Average 

STDEV 

2525 246 745 2 743 2 384 -90 

3117 182 1953 77 2088 89 550 -101 

2652 179 810 -17 816 -16 971 2 

1085 157 284 -49 283 -50 270 -57 

202 2786 23 224 20 188 60 757 

2950 266 440 -83 423 -90 785 -3 

44 240 23 73 23 73 8 -63 

330 53 135 -59 140 -54 37 -481 

38 35 15 -86 15 -86 30 7 

44 1006 2 -76 2 -108 4 0 

165 513 53 96 55 102 39 44 

322 5266 9 49 8 28 132 2100 

323 77 78 185 

850 89 86 395 

--J 
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Appendix 3-1 

In Chapter 4, a general equation, which directly describes the mathematical 

relationship between predicted pharmacokinetic (PK) parameters in humans and the body 

weights of animal species (along with their corresponding measured PK parameters), is 

derived; 

p _"np(Ai+1.845Bi) 
^predicted J[ X i A 3-1 

i=l 

where Ppredicted is the predicted PK parameter in humans, Pi is the measured PK parameter 

in an animal species, 

A i = i ( l - B i . l o g n W j )  A 3 - 2  

w"-' 

^ A3-3 

logflw, 
JdogW, !:! )= 
k=l " 

where W is the animal body. Thus, using simple allometry predicted human CL 

(CLpredicted) from a Combination of animal mouse (0.03 kg), rat (0.25 kg) and dog (15 kg) 

can be obtained as, 

^//^T mouse\—0.36 /^Trat\0.17 //-^t dog\1.19 * ^ 
CLpredicted = (CL ) • (CL ) • (CL ®) A 3-4 
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Since, 

rr CL C L u = —  A  3 - 5  

scaling of unbound CL can be done by substituting CL with CLu into A3-1, resulting in, 

^Lpredicted. i.Q _ x-O.Se p.n 1.19 
r human ' ^ r mouse ' ^ ^ rat ' ^ ^ dog ^ A 3-6 
II 11 -̂ 11 -̂ 11 

Therefore, CL predicted in humans by scaling unbound CL can be obtained, 

r^T ^ \ ff mousexO.36 (f rat>.-0.17 /c dogx-1.19 /c human>.1.0 ^ ^ „ 
predicted v^u ' v u ' u ' u ' A 3-7 

where A is the CL value predicted in humans using simple allometry and is equal to, 

A  =  •  ( C L ' ^ ' •  ( C L ' ' " ® A 3 - 8  

In Appendix 4-1 of Chapter 4, the coefficient obtained from simple allometry can 

be expressed as. 

n 

A 3-9 

where Pi and Ai have the same notations as above. Therefore, the new model. 

CL = 33.35(ml/ min) • A 3-10 
Ktu 

can be expressed as. 
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r rat 
^ 11 

CL = 33.35(ml/min)-([][Pi^')0-^^ A3-11 
i=i fu 

That is. 

r^T T5 rflt\—0.77 /r huiTifln\0.77 * ^ 
CLpredicted =B-(fu ) '(^u ) A 3-12 

where. 

n 
B = 33.35(ml/min)(J][Pi^')°'^'' A3-13 

i=l 
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Chapter 4 

Accuracy of Allometrically-Predicted Pharmacokinetic Parameters in 

Humans- Role of Species Selection 

Abstract 

A general equation, which directly describes the mathematical relationship 

between predicted pharmacokinetic (PK) parameters in humans and the body weights of 

animal species (along with their corresponding measured PK parameters), was derived to 

illustrate the species or body weight dependency in the prediction performance from 

allometric scaling. Monte Carlo simulations were further performed to examine such 

dependency. Finally, real data from the literature demonstrated the species weight 

dependency predicted from the equation and the Monte Carlo simulations. Appreciation 

of such dependency may help researchers in selecting animal species and designing 

experiments for the application of allometric scaling. 
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Introduction 

Allometric scaling is the most widely used approach in predicting human PK 

parameters (CL, Vd, ti/2), which have been observed to follow the power function: 

parameter = a (body weight) where a and b axe a coefficient and an exponent, 

respectively. The observed power function is empirical, although there are some possible 

1 0 
underlying physiological bases for the relationship '. Recently, the % power law of 

metabolic rate was theoretically derived from the hydrodynamics and fractal geometry of 

the nutrition-supply network of the organisms However, many prediction errors in 

estimated human values have been observed. Great effort has been focused on how to 

improve the accuracy of the allometric scaling with various modifications, including: in 

1 £ \ n  

vitro correction ; two-term power function approach ; maximum life-span potential 

(MLP); brain weight (BrW) correction rule of exponents (ROE) unbound CL 

approach 

Unfortunately, none of these modifications individually is satisfactory since there 

are always prediction deviations. Such deviations are often considered to be caused by 

the differences in drug distribution/elimination across the species. However, investigators 

often neglect the other (perhaps, major) source for prediction deviations; the 

measurement errors associated with the PK parameters. The power function is well 

known for producing significant errors in data fitting. The log-log transformation of the 

data visually minimizes the deviations. A high R^, even a value greater than 0.90 or 0.95, 

does not guarantee that all the data points will be close to the regression line. The 

extrapolation of a human value by the regression line, which is obtained from data fitting 
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based on a very limited number of animal species, is fraught with considerable risk. It is 

also known that the regression process does not take equal account of each animal 

species. The measurement errors in the PK parameter values from animal species could 

lead to significant prediction error in humans as a consequence of fitting the power 

function. Therefore, it is necessary and desirable to know how the measurement error in 

animals, either random or systematic error, affects the regression and the ultimate 

prediction in a quantitative way. In this section, a general equation is derived, which 

directly describes the mathematical relationship between the predicted PK parameters in 

humans and the body weights of animals and the values of their respective measured PK 

parameters. Using allometric scaling of clearance (CL) as an illustrative PK parameter, 

simulations were performed to examine the dependency of the variability of predicted CL 

in humans on the variability of animal CL. Finally, real data from the literature are used 

to demonstrate the species dependency derived from the proposed theory. Based on these 

results, some suggestions are proposed for the selection of animal species and the 

application of animal data in allometric scaling. 
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Methods 

Theory 

The function relating predicted PK parameters in humans (Pprediaed) to animal 

body weights (W) and observed animal PK parameters (Pi) is derived in the following 

sections and cited in Appendix 4-1. 

The log-log transformation of, P = a • W*" gives, 

logP = loga + b*logW 4-1 

Let 

y = logP; X = l o g W - ,  a = 10"; b  = 

Then, Equation 4-1 can be simplified to, 

Y  =  a  +  p « X  4 - 2  

Suppose n different animal species are used for allometric scaling. Therefore, there are n 

sets of (X, Y) data to fit using linear regression. Based on the method of least square for 

linear regression, or and ficm be calculated as. 
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Substituting, y = logP; X = logW into Equation 4-3 and 4-4, and further substituting a 

and P into a = 10" \b- , expressions of a and h are obtained as. 

where. 

a = 

i=l 

4-5 

11 

b = ̂ Bj*logPi 4-6 
i=l 

1 " 
Ai=-(l-Bi.lognW=) 4-7 

n . r j=i 

w°-i 

riw. 
k=i 

4-8 

logJlw. 
EciogW, 

By assuming a human body weight of 70 Kg, the predicted P in humans is obtained from, 

Ppredted = a • 70" = J^p/A>+1.845B,) 4.9 

i=l 

Monte Carlo simulations 

CL was used as an example of a PK parameter. Tj'pical body weights of 

commonly used animals are listed in Table 4.1. Assuming that there is a perfect 

allometric relationship, CL = a*w'', between CL and W and setting a = 30 ml/min, b = 

0.75, the CL value for each species "seed values" for Monte Carlo simulations can be 
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obtained (Table 4.1). Log-normal distribution, NClnCLsegj +CV), is assumed for CL, where 

the coefficient of variation (CV) is 30% or 100%. One-hundred percent CV is employed 

in order to assess the effect of the overall deviations of CL values in animal species from 

the allometric relationship on the prediction performance. This 100% CV includes not 

only the experimental measurement errors, for which a 30% CV is commonly used, but 

also the "position deviations", which is named by the real position deviation of CL values 

in animal species from the assumed perfect allometric relationship. The magnitude of the 

"position deviations" is considered to be much greater than the measurement errors. The 

arithmetic mean and median values of CLpredicted in humans from these simulations are 

listed for comparison with the theoretically perfect value (726.0 ml/min) predicted from 

the power function. For some common combinations of animal species, in addition to the 

simulations where all the Pi values were variables, simulations were also performed by 

assuming that only one Pi was variable, whereas the others were held constant (the "seed 

values"). This was done in order to assess the contribution of each species to the 

prediction performance (Table 4.3). Different combinations of animal species from five 

species to two species were used for simulation purposes in order to select optimal 

combinations of animal species (Table 4.4). Percentage errors (PE), which are, 

PT — PT PT — PT 
'-^predic.ed '-^observed ^ ^ OVer-predictioH and, "-^observed predicted ^ ^ 

observed predicted 

under-prediction, were used to assess the prediction performance. All the calculations and 

simulations were performed with MATLAB 6.5 (The MathWorks, Inc., MI). 
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Literature data experimentation 

Twenty-six sets of allometric scaling data for CL from at least three species 

including mouse, rat and dog, were randomly collected from the literature. CL in humans 

was predicted by allometry. Percentage change (PC) is defined as: 

PT — PT PT — PT 
^l^remove-ith-species ^ all inCreaSC and, *-^"11 remove-id.-species ^ 

CLa,, CL,„ 

decrease, where CLaii is the CL predicted using all animal species and CZremove-ith-species is 

the CL predicted by removing the i"' species. 
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Results 

Theoretical experimentation 

n 

The equation, = a.70" = not only directly depicts the 
i=l 

relationship between the predicted PK values in humans to those observed in animals, but 

more importantly it indicates the dependency of the prediction variability on animal body 

weights, which determine the term, Ai+1.845Bi. Each animal Pi is raised to a specific 

power, Ai+l.845Bi. Prediction of CL is used as an example of a parameter, P, in the 

following discussion, though the principle can be applied to any PK parameter such as 

volume of distribution and half-life. A typical example of animal species combination, 

mouse, rat, rabbit and dog, was used to illustrate the body weight dependency suggested 

by Equation 4-9. Substituting body weights from these species into, Ai+1.845Bi, gives the 

equation; 

_^T -0.3631 -0.005357 , 0.5596 . 0.8089 A. 10 
^^predicted ^^mouse ^^rat ^^rabbit ^-^dog 

The exponent (-0.005357) for rat CL is close to 0 and indicates that the variability of rat 

CL would have little effect on the prediction of human CL. In contrast, the variability of 

dog CL would be expected to have a large effect on the prediction variability in humans. 

For example, a doubling of the values of dog CL results in a 0.75-fold increase in the 

predicted CL in humans; whereas, there is little prediction effect even on the predicted 

value in humans with a 100-fold change in rat CL (Figure 4.1). 

The roles that different species play in their contribution to the prediction 

accuracy and variability, were also examined by simulations allowing only one Pi to vary 
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at a time. Commonly used species combinations were examined: mouse, rat, rabbit, 

monkey, dog; mouse, rat, monkey, dog; and mouse, rat, dog (Table 4.2). The results 

demonstrate that the prediction performance is most sensitive to variability in the dog 

values; whereas, the rat made essentially no contribution to the prediction. For example, 

the 30% CV random error in rat CL only generates 0.01% mean PE. The mouse also 

showed a small contribution to the prediction variability. These results are consistent with 

the results derived from the model equation, which shows that rat CL has an extremely 

small effect on the variability in predicted human CL; whereas, a significant effect is 

observed for values of dog CL. 

Literature data experimentation 

The mouse, rat, rabbit or dog was individually removed from allometric scaling in 

order to examine the effect of deleting one species on the prediction, since the majority of 

the 26 allometry data sets used these four species. The rat contributed virtually nothing to 

prediction performance, because all the % changes were very close to 0 after removal of 

the rat. In contrast, removal of the dog from the allometry resulted in a significant change 

in predicted CL values in humans (Table 4.3, Figure 4.2). 
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Discussion 

The equation that has been derived here offers insight into allometric analysis in 

that it describes quantitatively the dependency of prediction variability on each animal 

species (i.e., species weight). An immediate practical significance of these findings will 

allow investigators to recognize such animal species or body weight dependency, on the 

predicted human value, and permit design of better or more optimal experiments. For 

example, large variability in the data for dog PK parameters would have a high potential 

risk for producing large deviations in predicted human values, whereas, variability in rat 

data can essentially be ignored. Having such a quantatitive equation available and 

realizing the magnitude of the species weight dependency, investigators may increase 

sample size for the species having the most significant effect on the predicted value in 

order to improve its accuracy, and appropriately reduce or eliminate completely the 

sample size for the species with the least effect. As demonstrated by both theoretical and 

literature experimentation, rats had no significance in predicting human PK parameters 

as long as the body weight of the rat is not the smallest in the species used in the 

allometric relationship. Why then have rats been widely, almost inevitably, included in 

allometric scaling? One reason is that the rat is relatively inexpensive and readily 

available. The other reason may be that investigators rely on the concept "the more, the 

better", without recognizing the magnitude of improvement in prediction brought by 

adding more species, the rat, in this discussion. In fairness, however, the role of species 

weight in allometric prediction has not been recognized until now. 
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In general, the more species used, the better the prediction will be. However, it is 

costly, time-consuming and not realistic to design allometric experimentation to include 

five or more species. A practical and economic way to minimize the number of animal 

species is to recognize the role of species weight; while still achieving the desired 

prediction goal. 

Monte Carlo simulations using different combinations of animal species were 

performed to select the "best" or optional combination of animal species. The results 

indicated that, in general, the more species used, the better becomes prediction 

performance (Tables 4.4 and 4.5). By comparing the percentage errors among different 

combinations of animal species, the following observations, in terms of prediction 

performance, could be obtained: 

1) The five-species combination is the best having the smallest PE mean, 

however, it offers no significant improvement over the four-species combinations. 

2) Certain three-species combinations, such as mouse/rat, monkey and dog, 

showed a similar prediction performance to that of the four species combinations; while 

some three-species combinations, such as rabbit, monkey and dog, showed a significantly 

worse prediction performance. 

3) The two-species combination showed the worst prediction performance, 

especially for the combinations of mouse and rat, rabbit and monkey, or monkey and dog, 

which should be forbidden combinations in allometric scaling. 
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4) Comparison of any combination having more than three species including 

mouse and rat showed that removal of the rat has little effect on the prediction 

performance, which is consistent with the previous findings. 

5) A three-species combination, mouse/rat, rabbit and dog, or mouse/rat, monkey 

and dog, may be economically desirable without scarifying the predictability compared to 

a five-species combination. 

However, investigators should keep in mind that all of the above observations are 

purely mathematical. The differences or similarities between animal species and humans 

in terms of anatomy, physiology, biochemistry, etc. are not considered. Unfortunately, 

there are still no significant findings, or agreement, for what animal species regarding 

these differences/similarities should be used to provide the best prediction in humans. 

To summarize, an equation has been derived that relates the accuracy of predicted 

PK parameters in humans to species weight used in allometric scaling and the Monte 

Carlo simulations provided a quantitative approach to appreciate the prediction variability 

in a species- dependent way (or more general, body weight-dependent). The awareness 

that such dependency exists may be helpful in selecting animal species and designing 

experiments, such as increasing the sample size for species having the greatest effect on 

the prediction, and reducing or even deleting the species having the smallest effect on the 

prediction. It is especially noted that rats were found to have no significance in predicting 

human PK parameters as long as the body weight of rats is not the smallest among the 

species used in the allometric experimentation. In addition, an economic combination of 
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three animal species, mouse/rat, rabbit and dog, or mouse/rat, monkey and dog, which 

allows a theoretically reasonable predictability, is proposed. 
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mouse 

rabbit 

0.1 10 

Fold Range in CLj 

Figure 4.1. The dependency of the prediction performance of CL in humans on the range 

of CL values in specific species based upon the equation using a combination of mouse, 

rat, rabbit and dog as an example. CLi indicates the 'th species. 
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4000 

-1000 

Remove: Mouse Rat Rabbit Dog 

Figure 4.2. The dependency of the prediction performance in humans on the animal 

species based on real data. The % change is defined as the percent change of CL 

predicted after the removal of a specific species relative to the CL predicted by all 

species. The inset graph illustrates the majority of the data. 
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Table 4.1. Animal body weights and the "seed values" of CLi for Monte Carlo 

simulations 

Species Body weights (Kg) "Seeds" of CLi (ml/min) 

Mouse (m) 0.03 2.2 

Rat (r) 0.2 9.0 

Rabbit (b) 4 84.9 

Monkey (k) 8 142.7 

Dog (d) 15 228.7 

Human (h) 70 726.0 
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Table 4.2. The effects of variability of species on the prediction performance in humans 

based on Monte Carlo simulations with 30%CV as input random error and 100 trials. 

Species Variables CLpredicted CLpredicted PE 

combinations* mean median mean 

m, r, b, k, d all 705.0 702.5 20.1 

m 734.9 729.5 6.9 

r 727.2 726.3 1.2 

b 722.8 730.4 

00 00 

k 705.9 697.7 12.1 

d 703.4 719.1 13.3 

m, r, k, d all 758.8 758.4 21.8 

m 732.9 718.7 7.0 

r 725.9 725.9 0.01 

k 729.8 741.6 14.1 

d 724.7 727.4 17.1 

m, r, d all 706.8 695.7 34.6 

m 739.8 722.9 8.0 

r 724.3 725.3 2.5 

d 718.5 732.2 29.2 

* m: mouse; r: rat; b: rabbit; k: monkey; d:dog 

# Letter indicates species whose values were variables. 
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Table 4.3. The effect of deleting one species on the prediction in humans based on real 

data 

Percent change by deleting: 
Drug 

Mouse Rat Rabbit Dog 

Acivicin" 23.2 3.1 NA' 17.5 

S-FIP" -43. -9.5 NA 691.6 

Amphotericin -38.5 -6.2 17.0 5.2 

Amsacrinê  ̂ 12.2 -1.0 100.5 -169.1 

CI-921" -239.3 -21.1 77.2 0.1 

-93.7 -7.0 NA 91.3 

Bosentan̂ ''" -169.7 0.1 -251.8 3698.0 

Candoxatrilaf' 17.2 0.1 28.7 -89.7 

DA-113 3.8 0.9 -28.4 46.3 

Enprofyllinê  59.2 -1.8 17.0 -206.8 

Interferon 30.4 -1.8 -10.0 12.5 

Meloxicam" 164.7 12.2 NA 50.7 

Moxifloxacin'̂  -11.4 1.4 NA 64.8 

Phencyclidine 26.2 2.4 NA -113.5 

Propafenone''" 0.5 1.6 -2.6 11.4 

Sch34343"̂ '" 65.8 3.8 -26.6 -33.5 

Sildenafil"' -5.2 -1.5 NA 36.0 

Cefotetan'"'"''̂  -7.8 0.5 -27.9 -43.2 

Cefmetazole'"'̂  -91.4 2.8 -17.9 -0.8 

' NA: Data not available for rabbit 



Cefoperazone"" 

Moxalactam'"® 

Cefpiramide"'"'" 

Cefazolin""' 

Erythromycin" 

Oleandomycin" 

rt-pA^o 

-31.8 2.7 

-22.6 0.9 

58.7 -0.3 

1.1 -0.1 

-8.0 -0.7 

-25.3 -7.1 

-7.3 -0.3 

-5.8 -147.4 

-7.1 -0.7 

34.7 -422.2 

-4.2 -34.7 

-21.4 -6.2 

NA 145.0 

14.7 -77.8 
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Table 4.4. Comparison of the prediction performance in humans obtained from different 

combinations of animal species based on Monte Carlo simulations with 30% CV random 

error and 100 trials. 

Species CLpredicted Hiedll CLpredicted Hiedl&n PE mean 

m, r, b, k, d 755.2 751.8 25.4 

m, r, b, k 797.7 768.9 38.3 

m, r, b, d 765.7 718.5 31.6 

m, b, k, d 754.6 719.8 23.5 

m, r, k, d 760.1 753.5 25.3 

r, b, k, d 780.0 702.7 32.4 

m, r, b 908.2 741.9 56.6 

m, r, k 836.4 769.8 51.1 

m, r, d 772.7 729.3 33.8 

m, b, k 771.9 706.7 34.8 

m, b, d 753.6 749.1 30.6 

m, k, d 784.1 732.7 28.1 

r, b,k 797.2 739.5 48.0 

r, b,d 777.2 769.5 46.1 

r, k, d 1826 785.6 35.7 

b, k,d 941.9 638.0 98.1 

m, r 2052 661.5 445.7 

m, b 868.6 787.8 64.6 

m, k 804.1 742.9 40.9 

m, d 766.6 692.9 41.7 

r,b 886.9 726.9 81.9 

r,k 810.2 742.0 57.8 

r,d 768.0 704.3 45.2 

b, k 1758 625.4 501.9 

b,d 1161 841.5 133.5 

k, d 1601 761.7 250.9 
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Table 4.5. Comparison of the prediction performance in humans obtained from different 

combinations of animal species based on Monte Carlo simulations with 100% CV 

random error and 100 trials. 

Species ^̂ -̂ redicted Hiie&Il CLpredicted niediflll PE mean 

m, r, b, k, d 957 736 131 

m, r, b, k 1200 771 207 

m, r, b, d 1145 663 191 

m, b, k, d 1162 766 150 

m, r, k, d 1082 680 175 

r, b, k, d 1706 791 243 

m, r, b 3298 810 821 

m, r, k 1811 595 413 

m, r, d 1983 803 339 

m, b, k 1229 632 204 

m, b, d 1122 732 152 

m, k, d 1231 865 157 

r, b,k 2922 864 536 

r, b,d 1292 735 215 

r, k, d 1831 826 269 

b, k,d 9002 558 1987 

m, r 6X105 547 7X105 

m, b 2009 833 362 

m, k 1908 646 392 

m, d 1819 889 282 

r,b 13677 907 2463 

r,k 2355 944 543 

r,d 2067 641 370 

b, k 9X105 791 2X105 

b,d 20233 722 5213 

k,d 4x106 590 3X106 
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Appendix 4-1 

log P = log a + b • log W A 4-1 

Let, 

X = logW ;Y = logP and a = 10"; b = P A 4-2 

Then, 

Y = a + p « X  

Based on the method of least squares for linear regression, or and P can be calculated as. 

A 4-3 

5](Xi-X)(Yi-Y) 
^ = 

X(Xi-X)' 
i=l 

A 4-4 

a  =  Y - p * X  A 4-5 

Let, 

C = 2](Xi-X)^ =^(logW'' f 
i=l k=l 

A 4-6 

Then 

log Pi 
log(P, •P2---*P„) x,-x 

logPz -
log(Pi "Pz ••••P„)' 

• • • + -
X „ - X  

logP„ -
l0g(Pi*P2---*P„) 

A 4-7 

Xi-X , , Pi 
— 'logC i 

n-l 
-) + 

X,-X n-l 

log(-
n*C P2*P3 - *Pn n*C P, "P, ••••P, 

n-l 

I'M n«C Pl*P2-*Pn-l 
-) A 4-8 
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r f C  '  n » C  

X i - X  X 2 - X  X 2 - X  
logP + (n-1)* —•logP2 ••• - —•logP„ 

n*C ' n*C n » C  

„^*Iogf2 ••• + ^^*logP„ 
n*C «*C n*C 

A 4-9 

= -i-.[(n-l).Xi-(X2+X3- + X„)].logPi+^.[(n-l).X2-(X,+X3- + X„)].logP2 
n*L n*C 

• • +-i-. [(n -1). X„ - (X, + X2 • • • + X„_,)]. logP„ 
n*C 

A 4-10 

1 W.""' 1 w-,"-' 
•log ! "log Pi + "log "logPa 

n«C W2*W3---*W„ * n*C Wi*W3---*W„ 2 3 n 1 3 n 

1 W 
•+ 'log a •logP_ 

n*C ®Wi*W2-"*Wn_i " 

Let, 

W," 
log-

ffWk 
1  W  "  1  1 1 * '  

B i =  " l o g  i —  =  - •  ^  A4 - 1 2  
n.C  ̂" n " 

nw. . logjiw, 

gdogw, 

Then, 
n n 

p = 5](Bi.logPi) = logJ~[Pi®' A4-13 
i=l i=I 
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X log Pi X'ogWj ^ 
a = Y-(3*X = V - i=l j=' 

n n i=l i=l 
i.(l-Bi.^logWj).logPi 

j=l 
A 4-14 

Let, 

Then, 

1 n 1 n 

A; - —(l-Bi.yiogWj) = -.(l-Bi.logl7w=) A4-15 
j=i j=i 

II 11 

a = ^(Ai.logPi) = logfJPi^' 
i=l i=l 

A 4-16 

a = 10" =J7Pi' 
i=l 

A 4-17 

n loonp®' " 
Ppredic.ed=a.70''=(J^Pi^').(70 

i=l i=l 
A4-18 
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Chapter 5 

A Mathematical Description of the Functionality of Correction Factors 

Used in Allometry and an Evaluation of the "Rule of Exponents" in 

Predicting Human Clearance 

Abstract 

The functionality of the correction factors, maximum life-span potential (MLP) 

and brain weight (BrW) in allometry, is mathematically described. Correction by MLP or 

BrW is equivalent to a multiplication of some constants by the predicted values in 

humans from simple allometry and they have nothing to do with any measured values of 

PK parameters in any animal species. The values of these constants (FMLP or PBRW) were 

calculated for some commonly used combinations of animal species. For all 

combinations of animal species, the value of PBRW is always greater than FMLP with a fold 

increase about 1.3 to 1.9. Different combinations of species give different values of pBrw 

or FMLP- In addition, the role of correction factors (MLP and BrW) or the "rule of 

exponents" (ROE) was evaluated. An intrinsic defect in using correction factors or ROE 

was revealed; different study designs will produce significantly different prediction 

results. However, ROE may still serve as an optional approach in predicting human CL 

since it was derived from real observations and applied to many examples. 
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Introduction 

Allometric scaling is one of the most widely used approaches in predicting human 

PK parameters (CL, Vd, ti/2) from animals. The allometric relationship has been observed 

to follow the power function: parameter = a (body weight) where a and b are a 

coefficient and an exponent, respectively. The power function is empirical with frequent 

prediction errors observed in practice. Therefore, various modifications have been 

proposed, including in vitro correction two-term power function approach 

maximum life-span potential (MLP); brain weight (BrW) correction rule of exponents 

(ROE) unbound CL approach Among these modifications, ROE appears to be 

widely used in industry. ROE states: 1) if the exponent from simple allometry is between 

0.55 and 0.70, simple allometry is applied. 2) if the exponent is between 0.70 and LO, 

CLxMLP approach is applied. 3) if the exponent is greater than LO, CLxBrW is applied. 

ROE is based on empirical observations, while it implies that when a high exponent is 

observed (greater than the universal exponent, 0.75), it is likely the CL may be over-

predicted. A MLP or BrW correction is thus used to lower this potential over-predicted 

value. Literestingly, some recent studies by Ward et al. indicated that ROE did not show 

any advantage over approaches with or without other correction factors. Furthermore, 

Ward et al. showed that the prediction of CL based on the monkey liver blood flow 

19 1 
(LBF) method was superior to ROE ' . This controversy is unresolved. 

The current work was not designed to solve this controversy or judge which 

approach is superior. In a previous section (Chapter 4), a general allometric equation 

(GAE) was derived, which is equivalent to the approach used to obtain predicted CL in 
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humans by performing a log-log transformation of the power function followed by linear 

regression. Based on GAE, we discovered the real functionality of the aforementioned 

correction factors (MLP and BrW) used in allometry. In addition, ROE was evaluated 

based on the above discoveries. 
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Methods 

Theory 

The function relating predicted PK parameters in humans (Ppredicted) to animal 

body weights (W) and observed animal PK parameters (P) was derived from a previous 

section (Chapter 4) and is given by, 

p _ T~rp(Ai+1.845Bi) 
•"•predicted JL X ' 5-1 

i=l 

where, 

W;: the body weight of i*^ animal species 

Pi: the value of PK parameters in i''^ animal species 

Ai=-(l-Bi.logJ^Wj) 
j=i 

logV 

, k=\ 

XdogW. !=!—)' 

The scaling of MLP-corrected CL, thus, is equivalent to, 

n 

(Pp,edic,.d • MLPhuman) = IT"'' ' ^' 5-2 

which is further equivalent to, 
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n 
i+1.845Bi) 

n 
p rTp.(Ai+1.845Bi) TTp(Ai+1.845Bi) 
^predicted MT P. 11 ' 11 ' 

where, 

r; _ i=l _ . 
MLP - 5-4 

The scaling of BrW-corrected CL, thus, is equivalent to, 

n 

(Ppredicw • BrWj„) = I][ (Pi. BrWi " *""'1' 5.5 

i=l 

which is further equivalent to, 

p _ i=l T~Tp(Ai+1.845Bj) _ p T~rp(Ai+1.845Bi) 
'predicted R W 11 BrW ^ 

"human i=i i=i 

where, 

^BrW ^T7 5-7 
BrW, human 

The common values for W, MLP and BrW of animal species are listed in Table 5.1. MLP 

and BrW were calculated from body weight according to the literature ^ All the 

mathematical equations are programmed in MATLAB 6.5 for calculations (The 

MathWorks, Inc., MI). 
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Results 

It can be seen that the first part of Equations 5-3 and 5-5, FMLP and FSRW, are only 

dependent on the combinations of animal species selected, since body weight, MLP and 

n 

BrW in each animal species are fixed constant. The second part, n^i 
i=l 

is in fact the predicted value in humans from simple allometry. The above analyses 

clearly indicate that the functionality of the correction factors, MLP and BrW, in 

allometry, is actually a multiplication of some constants by the predicted values in 

humans obtained from simple allometry and has nothing to do with any measured values 

of the PK parameters in any animal species. Those values of FMLP and FSRW for some 

common combinations of animal species are calculated (Table 5.2). 

First, the values of Fmlp vary from 0.33 to 0.62, which means that the predicted 

value by a MLP correction is about 1/3 to 2/3 of the predicted value by simple allometry, 

depending on the combination of species. The values of Fsrw vary from 0.17 to 0.47, 

which means that the predicted value using a BrW correction is about 1/5 to 1/2 of the 

predicted value by simple allometry, depending on the combination of species. 

Second, for all combinations of animal species, the value of Fsrw is always greater 

than FMLP with a fold increase about 1.3 to 1.9. In another word, the magnitude of the 

correction by BrW is always greater than that by MLP. The phenomenon, that is the 

observed larger magnitude of correction by the BrW method than by the MLP method, is 

theoretically proven here. 
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Lastly, different combinations of species give different values of FSRW or FMLP. 

The most significant difference is between the combination of (mouse, rat, dog) and 

(mouse, rat, monkey), which shows almost a two-fold change by replacing the dog by the 

monkey. 
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Discussion 

The functionality of the correction factors, MLP and BrW, was mathematically 

described for the first time. The correction with MLP and BrW in allometry is actually 

equivalent to multiplying some fixed constants by the values predicted by simple 

allometry. This statement also reveals an important fact; that prior to the experiments to 

obtain PK parameters in each animal species, the magnitude of correction by MLP or 

BrW has already been fixed once the combination of animal species has been chosen. 

Based on the above statements, we can evaluate the role of correction factors (MLP and 

BrW) or ROE. 

First, we can ask whether it is reasonable that the magnitude of correction by 

MLP or BrW is fixed once the combination of animal species is chosen, no matter what 

experimental values are measured in animals and no matter what exponents are obtained 

from simple allometry. For example, assuming that using the same combination of animal 

species the exponents from simple allometry for drug A and drug B are 0.71 and 0.99, 

respectively. As illustrated above the magnitude of correction for both drugs using MLP 

correction is the same. Is this reasonable? 

Second, we can ask whether it is reasonable that the magnitude of correction is 

only dependent on the animal species selected. There are numerous drugs whose PK 

parameters follow a good allometric relationship across animal species. The prediction of 

the PK parameters for those drugs, according to MLP, BrW or ROE correction methods, 

would be totally different if other animal species were used. For example, assume that the 

mouse, rat, monkey and dog are available species for experimentation with those drugs. 
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One group of investigators chooses mouse, rat and monkey and obtains exponents 

between 0.71 and 0.99 or greater than 1.00. The other group chooses the mouse, rat and 

dog and this should result in the same exponents. The first group would correct the 

predicted value from simple allometry by 0.62, if the exponents are between 0.71 and 

0.99 (therefore, corrected by the MLP method) or by 0.47 if the exponents are greater 

than 1.00 (therefore, corrected by the BrW method). In contrast, the second group would 

correct the predicted value from simple allometry by 0.32 if the exponents are between 

0.71 and 0.99 (therefore, corrected by the MLP method) or by 0.17 if the exponents are 

greater than 1.00 (therefore, corrected by the BrW method). A two- to three-fold 

difference in prediction values would occur between the two groups only because of 

choice of animal species. This phenomenon is inevitable and is an intrinsic defect 

associated with use of correction factors or ROE in allometry. 

The main purpose of this study was to illustrate the mathematical description of 

MLP or BrW or ROE correction and to point out the intrinsic defect with these correction 

methods. This intrinsic defect may partially explain the prediction errors made by ROE 

for many examples However, this is not to say that the ROE method should be 

discarded. On the contrary, because ROE was proposed based on real observations, it has 

been applied to many examples and has shown an improved predictability over that of 

simple allometry. Since there are no other affirmatively proven methods, which can 

significantly improve the predictability of CL in humans, the empirical ROE method may 

still serve as an optional approach in predicting human CL. 
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Table 5.1. Animal body weights, maximum life-span potential (MLP) and brain weight 

(BrW) 

Species Body weight (Kg) MLP (Years) 

mouse (m) 0.025 

rat (r) 0.333 

monkey (k) 5 

dog (d) 12 

human (h) 70 

2.758 

5.254 

22.91 

18.39 

93.39 

BrW (Kg) 

0.000363 

0.0025 

0.0660 

0.0637 

1.53 



113 

Table 5.2. The values for FMLP and PBRW for some common combinations of animal 

species 

Combination FMLP FfirW 

mouse, rat, monkey 0.622 0.474 

mouse, rat, dog 0.326 0.172 

mouse, monkey, dog 0.455 0.290 

rat, monkey, dog 0.505 0.341 

mouse, rat, monkey, dog 0.446 0.281 
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