
Bayesian Feedback Method for Optimum Phenytoin ~ o s i n g '  

Jae-Gook Shin*, Sun-Hee Lee, Sang-Goo Shin* Chan-Woong Park, Jae-Kyu Rho,** 

Kwang-Woo Lee,** Ho-Jin Myung** and Jin-Qyu Kim*** 

= Abstract = The accuracy of Bayesian feedback method for predicting phenytoin dosage 
was assessed and compared to conventional predictive methods such as the Richens & 
Dunlop method and Ludden method from 5 7  patients who took phenytoin for the treatment 
of grandma1 epilepsy. For the comparison of absolute predictability of each method, correla- 
tion coefficient between predicted and actual dosage, mean error (ME) and root mean 
squared error (RMSE) were calculated. For a single data pair, the Bayesian method showed a 
higher correlation coefficient (0.915) and' less ME & RMSE values(-2.0'YO & 8.8'%) than the 
Richens & Dunlop methood. and there was a staitistically significant difference between these 
two methods (p < 0.05). For multiple dat pairs, the Bayesian method also showed a higher 
correlation coefficient (0.93) and less ME & RMSE values (0.69"/0 & 7.2(%)), though there was 
no significant difference. It is suggested that the Bayesian method has better predictability 
and can be used conveniently even with single Cpss-dose data pair for optimum phenytoin 
dosage prediction. 
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INTRODUCTION 

Phenytoin has been used in the treatment of 
seizure disorders for several decades. The ther- 
apeutic and toxic effects of phenytoin have been 
reported to correlate well with its serum concen- 
tration (Buchthal et a/. 1960; Kutt et a/. 1964). 
The therapeutic range of serum concentrations 
is usually recognized to be approx~mately 10  to 
20 !rglml (Lund 1974), though some patients 
may require lower or higher concentrations. 
However, its pharmacology and pharmacokine- 
tics make the determination of an appropriate 
maintenance dose difficult because phenytoin is 
eliminated by metabolic processes, which exhibit 

Michaelis-Menten kinetic characteristics (Arnold 
and Gerber 1970; Perucca et a/. 1978). The cli- 
nical implication of Mtchaelis-Menten kinetics is 
that there is a nonlinear relationship, and nonpro- 
portional changes, between maintenance dose 
levels and steady-state phenytoin concentrations 
(Garrettson and Jusko 1975). 

For prediction of optimum maintenance dose, 
several methods have been proposed, which 
use steady--state concentration data (Richens 
and Dunlop 1975; Ludden et a/. 1977; Mullen 
1978). Recently, Vozeh and Coworkers (1 981) 
have described a method using Bayesian fore- 
casting to adjust phenytoin dosing. The Bayesian 
me thod  uses t h e  conditional probab~l i ty  of 
obtaining the measured concentrations or dosing 
rates, given a set of parameter values and the 
independent probability of the parameter them- 
selves, to obtain the' most likely set of para- 
meters for the individual patient (Sheiner and 



Beal 1982). 
Since the Bayes~an method relies upon pre- 

vious estimates of population parameter distr~bu- 
tions, it might be necessary to obtain population 
values for different groups of patients, such as 
different age groups. Thus, the purpose of this 
study was to evaluate the Bayesian method 
which incorporated population pharmacokinet~c 
parameters described by vozeh et a/. (1981) be- 
fore clinical application of this method to our 
therapeutic drug monitoring system in Seoul 
National University Hospital and to compare its 
predictive power wi th conventional dose pred~ct- 
ing methods. Conventional methods included the 
Richens & Dunlop (1975) and Ludden methods 
(1977), the former method using one set of 
steady-state phenytoin concentration with f~xed  
parameter of Km to 4.0 11gIml for optimum 
dose prediction and the latter method requiring 
more than two  sets of Cpss-dose pairs under 
t w o  d i f ferent  s teady-s ta te  condi t ions.  The 
Richens & Dunlop method is compared to a 
one-point Bayesian method which use only one 
set of Cpss-dose pairs for the prediction of 
phenytoin dose, and the Ludden method is com- 
pared to two-point Bayesian method. 

MATERIALS AND METHODS 

Fifty-seven pat ie~l ts w ~ t h  grandma1 ep~lepsy 
on the basis of clinical diagnosis and EEG pat- 
terns were selected for this study in the outpa- 
tient clinic of neurology, Seoul National Universi- 
ty  Hosprtal. Patients who had not previously 
been treated were  preferred for this study, 
however, patients who had beer! treated with 
phenytoin were also included. The following pa- 
tients were excluded in our study; a) pregnant 
women b) patients wi th rapid progressing hepa- 
tic andlor renal dysfunction c) patients receiving 
drugs which may interact wi th phenyto~n (etha- 
nol, disulfiram, chloramphenicol, salicylate, ben- 
zodiazepines, carbamazepine, phenobaribital, val- 
proate, isoniazid, phenothiazines, phenylbuta- 
zone, sulfonamide, methylphenidate). The aver- 
age age and weight of subjects were 26.91 yr 
(range; 11 to 66 yr) and 55.4 kg (range 14.0 to 
74.0 kg), respectively. Thirty-one patients were 
male. 

the patients who had not been previously tre- 
ated. Phenytoin was administered as a single 
daily dose in 22 patients. For the other patients, 
dosage was twice daily. The method of adminis- 
tration in an individual patient was fixed until 
steady-state plasma samples were drawn. At  
leas t  t w o  w e e k s  w e r e  a l l o w e d  b e t w e e n  
changes in dose and subsequent reestimation of 
the serum level in order that equilibrium with 
respect to the drug could be reached. 

Serum levels of phenytoin were determined 
by the f luorscence polarizing immunoassay 
method (TDx: Abott Co.), and the coefficient of 
variance of this method in the range of 7.5 to 30 
/ L  glml was below 5 percent. 

The reliability of patient compliance of drug in- 
take and steady-state phenytoin levels was ev- 
aluated by an extensive patient interview regard- 
ing compliance with the prescribed dosage reg- 
imen; by the variation in phenytoin serum levels 
during a period in which no cange in the pre- 
scribed dosace regimen; by comparing the re- 
sults of the phenytoin assay by TDx. 

Three methods were used to estimate opti- 
mum phenytoin dosage. 

M e t h o d  1 .  The fo l lowing equation is the  
mathematical expression for the nomogram pub- 
l~shed by Richens & Dunlop (1975), where km 
was set equal to 4 , ~ g l m I .  

Dose (predicted) 

this method uses a single observed Cpss-dose 
pair. From t h ~ s  method, 57 s~ngle-point predic- 
tions were made in our study. 

Method 2 :  When t w o  or more Cpss-dose 
pairs are available, the method of Ludden and 
Coworkers may be used (Ludden et a/. 1977). 
This method uses essentially no population para- 
meters, and estimates the values of V,,,, and 
km directly from the two  data points as shown 
in the following equations. 

Initial daily dose of 3 to 4 mglkglday of pheny- Dose 2 
toin, 30 to 50 m g  Tablet produced by phamacy Dose 2 = - km - - + V,,, 

Cpss 2 
Department of SNUH, was recommended for 



From the estimated parameters, one can predict 
a new maintenance dose. In our study, 28 pre- 
dictions were made by this method. However, in 
6 cases of 34  subjects reasonable parameters 
could not be obtained by Ludden method be- 
cause the calculated parameter k m  resulted in a 
negative value: 

Method 3 :  The Bayesian method of Vozeh et 
a/. (1 981) minimizes the following objective func- 
tlon; 

(V,,,,,, - 'jl,l,,k).' (km - km)' 
OBJ = + -- - 

2 2 
(T V I I ~ , ~ ~  (r kt11 

(Dose, - Dose,)' 

where, V,,,,, and km are the population mean 
values(6.642 mglkglday and 4.44 11 glml, respec- 
tively), v,,,;,, and km are the individual parameter 
es t~ma tes  w i t h  respect to which t he  above 
objective function is to be minimized: ~ o s e ,  is 
t h e  p r e d i c t ~ v e  d o s a g e  f o r  i,th o b s e r v e d  
Cpss-dose pair:  Dose, is the actual dosage 
associated wi th the ith of the pairs; ovmax and 
o ,,, are the interindividual standard deviationf or 

V,,,,, and km (1.72 and 2.4). respectively; and 0 
is the standard deviation of the combined in- 

traindividual and model misspecification residual 
error  ( 0 .25 ) .  N e w  dose  pred ic t ion fo r  t h e  
appropriate steady-state phenytoin concentration 
is performed by the approximation of the para- 
meter estimates at convergence with a personal 
computer. This method can be used for obtain- 
ing most probable pharmacokinetic parameter 
without restriction of the member of Cpss-dose 
pairs, even wi th only one Cpss-dose pair. Fif- 
ty-seven optimum dose predictions were made 
from initial one Cpss-dose pair, and 34 dose pre- 
dictions from multiple data pairs by this method. 

The precision of various methods were evalu- 
ated by correlating predicted phenytoin dosages 
against actual dosage for all three methods. The 
correlation coefficient between predicted and 
actual dosage was determined by least-squares 
linear regression. For more precise comparison, 
w e  assessed absolute predictability of the three 
dosing methods by measures of bias and preci- 
sion, ie, mean error (ME) and root mean squared 
error (RMSE), respectively. ME and RMSE ex- 
pressed as a percentage of the actual dose: 

1 Pred~cted dose- Actual dose 
ME = - -  - -- -- 

N ~ c t u a l d o s e  000'0 

1 /Predicted dose - Actual dose RMSE = - 2 ( - - - - - x 
N , I  Actual dose 

1 oo0/o)2 

Statistical difference between Richens & Dunlop 
methdo and one-point Bayesian method and be- 
tween Ludden and two-point Bayesian method 
was tested by paired t-test. 

The percentage of predictions that yielded 
errors > 100% were also calculated to  compare 
the performances of each method and were ex- 
pressed as a percentage of the total predictions 
for that method. 

RESULTS 

Figures 1 to 4 show the scatter plots for the 
predicted dosages against actual dosages for 
each method. 

One-point Bayesian method (Fig. 3) showed 
higher correlat ion coef f ient  ( r =  0 .91  5) than 
Richns & Dunlop method (r=0.893) when the 
method used a single set of Cpss-dose pair for 
the dosage predictions compared. Likewise, the 
two-point Bayesian method also showed higher 
correlation(r = 0.93) than the Ludden method(r= 
0.873) for multiple data pairs. In general, linear 
regression curves of Bayesian methods were 
close to unity and are compared to the curves of 
conventional methods. 

Table 1.  Summurizes the percentage of predic- 
tions with error > 10% for each method. The 
two-point Bayesian method had the lowest per- 
centage of underpredictions, 8.85, as well as the 
lowest percentage of total error > 10% in rela- 
tive magnitude. The Richens & Dunlop method 
had the largest percentage of total error > 10%. 
43.8%. 

The one-point Bayesian method gave lower 
ME & RMSE values than the Richens & Dunlop 
method (Table 2), and there was a significant 
difference between these two  methods (p < 
0.05) by paired t-test. 

In addition the two-point Bayesian method 
gave a lower M E  & RMSE values than the Lud- 
den method, but there was no significant differ- 
ence between these methods statistically (0.05 
< p < 0.01) by paired t-test for 28 cases. 

Where, w e  excluded 6 case of 34 predictions 
in two-point Bayesian method for the statistical 
analysis because they were unmatched with the 
predictions by Ludden method. 
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Fig. 1. Dosage predicted by Richens & Dunlop method Fig. 2. Dosage predicted by Ludden method vs. the 
vs. the actual dosage to achieve various plasma actual dosage to achieve various plasma con- 
concentrations withln therapeutic range (r .= centrations within therapeutic range (r=0.873). 
0.893). The solid line represents the line of the The solid line represents the line of the unity 
unlty and the dashed line represent i 1O0/0 de- and the dashed lines represent _+ 10% devia- 
vlation from the unity. tion from the unity. 
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Fig. 3. Dosage predicated by one-point Bayesian Fig. 4. Dosage predicted by two-point  B a y e s i a  
method vs. the actual dosage to achieve va- method vs. the actual dosage to achieve vi 
r~ous plasma concentrat~ons wlthin therapeutic rious plasma concentrat~ons within therapeut  
range (r-0.915). The solid line represents the range (r=0.930). The solid line represents tt- 
line of the unity and the dashed lines repre- line of the unlty and the dashed lines repr: 
sent i- 1O0/0 deviation from the unity. sent 5 10% deviation from the unity. 

Table 1 Percentage of predlct~ons wlth error > 1O0/0 

Rlchens & Dunlop Ludden One-polnt Bays~an Two-polnt Bayes~an 

( O/o ( % ) ( % I  ( OIo 
- 

over-pred~ct~on 31 6 21 4 10 5 11 8 
under predlctron 12 2 17 9 24 6 8 8 
total 43 8 39 4 35 1 20 6 

n 5 7 28" 5 7 34 
- - 

"Negative parameter (km) in 6 subjects 



Table 2. Bias and precision of dosage predlctlon methods 

Rechens & Dunlop Ludden One-po~nt Bayes~an Two-polnt Bayes i~n 

( O/o ( O/o 1 
- - - - -  - - - -  

( OIo  

- - -  - -  
( O/o ) 

- 

ME -321k1244 2 17F 14 29 -1  96k11 49' 0 69i9 65 
RMSE 1002k805 10 35f 10 59 8 77i7 19" 7 17t6 59 

n 5 7 28" 5 7 34 

"SIX subjects were ommitted due to negative values of calculated parameter km 

a: Statistically slgnf~ciant d~fference to Rlchens & Dunlop method (p < 0.05). Each values 

of t h ~ s  table lndlcate mean i: SD. 

DISCUSSION 

Phenytoin is one of several drugs for which 
here is relatively poor correlation between dose 
;nd effect, but for which there is a good correla- 
ion between plasma level and clinical response 
Buchthal et a/. 1960; Lund 1974). The monitoring 
)f phenytoin plasma levels has therefore be- 
:ome a useful tool for evaluating the efficacy of 
~henytoin dose regimens in individual patients 
Koch-Weser 1975). However, optimum dose 
~red ic t ion of phenytoin is difficult even w i th  
nonitoring of plasma durg level because this 
irug exhibits a nonlinear elimination process. 
-herefore a 10% or greater error in phenyto~n 
losage can produce a much larger error in the 
esulting stady-state concentration in certain in- 
lividuals (Mawer et a/. 1977). A 10% error in 
losing rate IS not as significant in most drugs. 
'hus, there has been considerable Interest in the 
ccurate prediction of phenytoin dosing rates to 
chieve therapeutic, nontoxic concentrations. 
lumerous investigators have reported various 
eg rees  of success  f r o m  severa l  dos ing  
i e thods  (Schumacker 1980; Murphy et  a/. 
981 ; robinson el a/. 1981). 

Regardless of which dosing technique is used, 
owever, some individuals may receive an in- 
opropriate regimen and subtherapeutic or toxic 
.eady-state phenytoin levels may be noted 
xasionally after changing dose regimen. Thus, 
is always important to monitor phenytoin con- 

mtrations and clinical status at appropriate in- 
trval after alteration of phenytoin regimen. It is 
:knowledged, however, that all these predictive 
:chniques provide generaly good guidance 
hen dosage adjustment is necessary. 
Since introduction of Bayesian theorem in dos- 
le prediction by Sheiner and Cowarkers (1 979), 
IS principle has been applied to optimum dose 

prediction for various drugs (Burton et a/. 1975; 
Vozeh et a/. 1975). Vozeh et a/. (1981) described 
a Bayesian population parmaeter distribution of 
pheytoin, which can be used w i th  Bayes~an 
theorem for optimum phenytio~n dose pred~ct~on.  

In the current study, w e  incorporated Vozeh's 
phenytoin population parameter for Bayesian 
prediction. The Bayesian method showed better 
predictability than conventional dosage prediction 
methods on the basis of both percentage of sig- 
nificant over- and under-pred~ction(> t- l o%) ,  
bias and precision. For estimation using single 
data pair, there was a significant dlfference be- 
tween one-point Bayesian and Richens & Dun- 
lop metod (Table 1 & 2). One-point Bayesian 
method also showed similar or slightly better re- 
sults than Ludden method which used t w o  set 
of data pairs. 

For est imations using t w o  data pairs, the 
two-po in t  Bayesian method showed a lower 
percentage of predictions with error>over 10% 
and less M E  and RMSE values than the Ludden 
method, though there was no slgnlficant differ- 
ence be tween these methods.  However,  i t  
should be  emphasized that Ludden method 
could not be applied in 18% of cases in our 
study. 

From the current results, it is suggested that 
the Bayes~an method is superior to the conven- 
tional method in dosage prediction wi th  the 
same number of Cpss-dose pairs. Above all, the 
Bayesian method conveniently provides a single 
method applicable to the use of elther single or 
multiple data pairs because it comblnes individual 
and popuiation data in a statistically optimum 
manner. 

Clinically, ~t is important to rapldly and accur- 
ately predlct the opt imum phenytoln mainte- 
nance dosage wlthin 2 weeks. The Bayesian 



method may offer greater accuracy in pred~cting Mullen PW. Opt~murn phenytoin therapy A new tech- 

the optimum dosage regimen which will ach~eve nlque for indiv~duallzrng dosage. Clin. Pharrnacol. 

therapeutic steady- state plasma level, as early Ther. 1978. 23: 228-232. 1978 

as possible. Murphy JE, Bruni J, Stewart RB. Cllnlcal utility of SIX 

methods of pred~ctlng phenytoin doses and plasma 
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