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Summary 

1. Published data for  absorption kinetics have been fi t ted by non-linear 
regression to (i) a single Michaelis-Menten funct ion,  (it) a Michaelis-Menten 
funct ion plus a linear term and (iii) a sum of two Michaelis-Menten functions.  
A series of  criteria have been drawn up to establish the goodness of  fit in each 
case. 

2. In 17 out  of  35 cases the Michaelis-Menten funct ion was the "best  f i t" .  In 
nine cases the "best - f i t"  model  also included a linear term, but  never was the 
sum of two Michaelis-Menten functions accepted to be the "best - f i t"  model.  

3. Linearity of a Lineweaver-Burk plot was of  unreliable diagnostic value in 
assessing goodness of fit. 

4. Since the fit of  a Michaelis-Menten funct ion was of ten  poor,  simulated 
data sets with error were used to study the influence of experimental  design 
etc. on Michaelis-Menten parameter  estimation. 

5. Precision of estimation of  Km is increased by increasing the number  of 
data points, reducing their variance, increasing the data range and by straddling 
K m in the observations. For  a given constant  number  of  observations there is no 
advantage in using replicate observations at few concentrat ions or single values 
at relatively many concentrat ions,  or in using single values rather than means. 

6. The caution necessary in interpretat ion of kinetic models is emphasized. 

In t roduct ion  

Ever since Fisher and Parsons [1] demonst ra ted  that  the kinetics of  glucose 
absorption by isolated rat small intestine could be described by a funct ion of  
the same form as the classical Michaelis-Menten equation for  enzymic reactions 
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innumerable authors have applied this same equation to intestinal absorption 
data. This equation is also frequently fitted to the kinetic data for carrier-me- 
diated transport in many different tissues [2,3]. Sometimes the experimental 
data have been shown to be fit ted by this type of function within limits imposed 
by the quality of the data; frequently however, values for K m (half-saturation 
concentration) and V (maximum rate of transport) have been quoted without  
any evidence that  the Michaelis-Menten model was appropriate in the particular 
circumstances. 

Forster and Menzel [4] showed that  the kinetics of glucose absorption by rat 
small intestine in vivo exhibited two components,  one of which was phlorrhizin 
sensitive and saturable. A similar claim for absorption of glucose, galactose and 
a-methyl  glucoside in vivo has been made subsequently by Debnam and Levin 
[5]. One component  was phlorrhizin sensitive, saturable, and was associated 
with a transmural potential difference, while the second component  was insen- 
sitive to phlorrhizin, apparently linear with respect to concentration, and non- 
electrogenic. Debnam and Levin [5] showed that  subtraction of the rate of the 
phlorrhizin-insensitive component  from the overall rate yielded a corrected rate 
for the saturable component  by itself: these corrected rates gave a Km very 
close to that  obtained from measurements of electrical activity [5]. The contri- 
bution of the phlorrhizin-insensitive linear component  to the total sugar absorp- 
tion observed was clearly significant and both Forster and Menzel [4] and 
Debnam and Levin [5] pointed out that  it was substantial at high sugar concen- 
trations. This implies that  the model: 

v - [ s ]  + k .  [81 
V = Km + IS] 

(where V, K m and k are constants) is more appropriate to describe the relation- 
ship between absorption rate, v, and luminal (mucosal) concentration, [S], 
than the unmodified Michaelis-Menten equation under the conditions of these 
experiments. As both pairs of authors pointed out, correction of the data for 
the linear term made a substantial difference to the estimated values of K m and 
V for the saturable function.  We have therefore explored the possibility of 
fitting the above model directly to the data without  the need for experimental 
manoeuvres such as the abolition of one component  with phlorrhizin. 

Another model used for intestinal absorption is a sum of  two Michaelis-Men- 
ten terms. This has been claimed by Munck and Schultz [6,7] and by Honegger 
and Semenza [8] to describe their data for absorption of leucine and lysine and 
of glucose and galactose (but not  6-deoxyglucose nor 3-O-methylglucose), 
respectively. 

Since such two component  functions may be applicable to the data of other 
investigations we set out to explore whether the single Michaelis-Menten func- 
tion really was appropriate in instances where it had been used, and also to see 
whether any unsuitability of this model would be immediately obvious from 
simple tests such as the Lineweaver-Burk plot. We used a versatile non-linear 
regression programme to fit the above three models to experimental data from 
a variety of published sources, and have at tempted to assess which models are 
appropriate for each particular data set. Most of the data used are for the kinet- 
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ics of intestinal absorption of several sugars and amino acids as measured in a 
variety of preparations from different species. 

It soon became apparent that  many published data sets appeared to conform 
poorly or badly to any of the models tested including the single Michaelis-Men- 
ten equation. Therefore we also explored the effects of the introduction of 
"experimental  error" at known levels on the accuracy of fitting the Michaelis- 
Menten equation to simulated data sets, the effects of using various numbers of 
data points, and also the effects of making experimental observations over lim- 
ited ranges of substrate concentration. We at tempted to assess whether the accu- 
racy of curve-fitting may be influenced by the use of a relatively large number 
of data points at different concentrations or of replicate measurements at rela- 
tively few concentrations. It should therefore be possible to evolve an efficient 
strategy for experimental design including (i) collection of data, (ii) curve-fit- 
ting to observations, and (iii) the testing and the comparison of the goodness of 
fit of various models for the kinetics of absorption with the maximum preci- 
sion. 

Methods 

Curve-fitting. The real data used in this survey were taken from experiments 
published by various authors. Some of the sets were taken directly from tables 
of results and the remainder were calculated from figures. References to the 
sources of the data are given in Table II. 

The following three models were fit ted to each data set by non-linear regres- 
sion: 

(i) Michaelis-Menten function 

v -  v .  [ S l  ( I )  
K m + [ S ]  

(ii) Michaelis-Menten function plus a linear term: 

V - [ S ]  v -  + k -  [S] (II) 
K m + [ S ]  

(iii) Sum of two Michaelis-Menten functions: 

V , - [ S ]  V2" [S] (III) v + 
Km~ + [S] Km2 + IS] 

For six of the data sets a simple linear equation was also fitted: 

v = k -  [S]  + a ( IV)  

In the above equations V, V~ and V2 are apparent maximum rates of absorp- 
tion, Kin, Kml and Km2 are apparent substrate concentrations at half-maximum 
rates of absorption (Michaelis constants), k is a rate constant, and a is a con- 
stant. 

The three non-linear functions were fit ted to each of the data sets using 
unweighted non-linear regressions or a non-parametric technique. Eqn. I was 
fitted by digital computer  versions of the methods of both Wilkinson [9] and 
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Eisenthal and Cornish-Bowden [10].  Wilkinson's method was used for all the 
real data and for the simulation study on the effect  of  replication of observa- 
tions; it gives the same results as Atkins' [11] method  applied to the Michaelis- 
Menten funct ion and is simpler. Eisenthal and Cornish-Bowden's method was 
used for the subsequent  investigation on the simulated data sets (except  for the 
study on data replication, to which it was not  directly applicable since intersec- 
tions giving K m =  [S] would be artifactually produced)  in the light of  the find- 
ings of  Atkins and Nimmo [12].  Eqns. II and II1 were fi t ted by modifications of 
the general programme of Atkins [11].  The linear regressions for Eqn. IV were 
computed  on an Olivetti P101 desktop calculator. The computer  programmes 
calculated a S.D. for  each parameter  estimated on the assumption that  the sum 
of squares funct ion was symmetrical  about  the minimum. Hence a coefficient  
of variation (CV) was calculated for each parameter:  CV = (S.D. × 100)/param- 
eter. 

The data were not  weighted since this is uncommon in published studies on 
intestinal absorption and since the variance in the original data was not  known. 

Assessment of  goodness of  fit. Often an individual test for the goodness of 
fit of  a model was inconclusive. Therefore  we applied five tests to the results of 
each curve-fitting regression in order to decide which one of the equations 
tested (if any) was the best fit for  each data set. The methods for, and difficul- 
ties in, assessment of  goodness of fit  have been discussed by Atkins [13].  

Firstly, it was noted whether  the incorporat ion of the additional term in 
Eqns. II and III made a significant cont r ibut ion  to the overall value of v. There 
were many instances where Eqns. II and III tended to become Eqn. I (or IV) 
owing to non-significance of the additional term. In these instances the model 
with the additional term (Eqns. II or III) was rejected for thwith,  and wi thout  
fur ther  testing (test 7 of  Atkins [13]).  

The second test was to note  how quickly the non-linear regression converged 
to the minimum sum of squares and whether  the compute r  programme pro- 
ceeded during the fitting of the funct ion wi thout  the output  of any error or 
warning messages, (see Atkins [11]).  Usually a model which is a good fit will 
allow a rapid and definite convergence (test 5 of  Atkins [13] ). 

The third test was to note  the coefficient  of variation of  each parameter.  
Usually the value will be less than 10% for a good fit, although this value is 
dependent  on the variance of  the original data. We also noted whether  the coef- 
ficient of  variation was similar for each of the parameters in the model under 
consideration, i.e. whether  each parameter  was approximately  equally well 
determined (test 6 of Atkins [13]).  

The four th  test was to calculate a value for the closeness of fit of  the observed 
and predicted values of the dependent  variable (test 1 of Atkins [13]):  

x 2 Z_../ 
Y ealc 

where Yobs was the experimental ly observed value for absorption rate, and Yeale 
was the predicted value calculated by the non-linear regression. The lower the 
value of X 2 the bet ter  is the goodness of fit, but  this does not  provide an abso- 
lute test for  goodness of fit since it, unlike ehi-squared, has dimensions. How- 
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ever, it is still valuable for  comparing the goodness of  fit of  several models 
f i t ted to the same data set. (Atkins [13] was in error by integrating the chi- 
squared funct ion to give a probabil i ty:  this can only be done if X 2 is wi thout  
dimensions [ 14].) 

The fifth test was a sign test ("Runs  tes t")  on the distribution of  the residu- 
als about  the fi t ted curve [15--17] .  We counted the number  of  times that  the 
residuals changed sign along their sequence and the number  of positive and 
negative residuals, respectively. Hence the probabil i ty was calculated that  the 
residuals were distributed randomly about  the curve, i.e. that  the model was a 
good fit to the data (test 3 of  Atkins [13]) .  

In a few instances the Bliss [18] Rankit  test was also applied (test 2 of Atkins 
[13]) .  

Each model  was assessed according to each independent  test as unacceptable,  
poor  or acceptable. Each of these assessments were then considered together  in 
arriving at a decision on the goodness of fit and in the choice (where possible) 
of  the best-fitting model. In a few cases where a test gave equivocal results or 
where different  tests gave conflicting categories the overall judgement  was 
weighted subjectively in the light of  the experience of  one of the present 
authors (G.L.A.). 

Computer. The computer  programmes for the non-linear regressions, for  
Eisenthal and Cornish-Bowden's method  and for the statistical tests were writ- 
ten in IMP (which is an advanced language evolved in Edinburgh from Algol 
and Atlas Autocode)  and run on the I.C.L. system 4-75 at the Edinburgh Re- 
gional Computer  Centre. 

Simulation of  data with "experimental" error. Sets of "pe r fec t "  (i.e. error 
free) data were formed using the Michaelis-Menten equation (Model I) and set- 
ting V = Km = 1.0. (As pointed out  by Endrenyi  and Kwong [19] this assigna- 
t ion of  specific parameter  values does not  invalidate the generality of the con- 
clusions in the simple case of  Model I, the single Michaelis-Menten function.)  
The values of IS] were geometrically spaced within the range 0.25--3.0 so that  
the values of v were 0.2--0.75. Sets of simulated "exper imenta l "  data (i.e. con- 
taining error in v) were calculated from these perfect  sets by using series of  nor- 
mally distributed pseudo-random numbers of known mean and standard devia- 
tion, generated by the Edinburgh Regional Computing Centre subroutine RAN- 
DOM. The "pe r f ec t "  values of  v were multiplied by random numbers of mean 
value 1.0 to give normally distributed errors of  constant  relative magnitude 
(cf. Atkins and Nimmo [12]) .  This type  of error was used since the real data 
had been unweighted in accordance with current  practice in intestinal t ransport  
studies. Anyway,  it has been shown that  correct  weighting of  observations, at 
least in enzyme kinetics, is a more difficult  problem than has commonly  been 
assumed [20,21].  However, it is recognised that  the use of constant  absolute 
error might have given somewhat  different  results (see ref. 19). In the common 
instance where different  data points are contr ibuted by observations on differ- 
ent animals the errors may not  be normally distributed, but  no allowance has 
been made for this complex situation. Fif ty  such data sets were used for each 
simulation. 

For  the first investigation into the effects of  data error  and of  the number  of 
data points on the accuracy and precision of the calculated parameters, either 
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3, 5, 7 or 9 values were used from the full range of  [S]. The random numbers 
had S.D. = 0.005, 0.01, 0.05 or 0.1, i.e. corresponding to relative data error 
levels of 0.5, 1, 5 or 10%, respectively. 

For investigating the effect  of data range 19 points geometrically spaced in 
[S] were calculated. Five sets of data were then selected as follows: A, lower 7 
points; B, middle 7 points; C, upper 7 points; D, lower 7 odd-numbered points 
and E, upper  7 odd-numbered points. The S.D. of the random numbers was 
0.02, i.e. corresponding to relative data error level of  2%. 

For  comparing the methods of Lineweaver and Burk [22] and Eisenthal and 
Cornish-Bowden [10] we used the data f rom the first simulation with S.D. = 
0.05, i.e. corresponding to relative data error of  5%. 

For the last investigation into the effect  of replicating points the data were 
12 single values, six duplicate values or four  triplicate values. The S.D. values of 
the random numbers were 0.01, 0.02, 0.05 or 0.1. 

Results 

Direct  c o m p u t e r  f i t t ing  of saturable plus  linear kinet ics  
When Atkins'  non-linear regression programme [11] was used to fit the func- 

t ion v = V. [S ] / (K  m + IS] ) + k • [S] to the overall data of Debnam and Levin 
[ 5] and of  Akedo and Christensen [23] the parameters obtained were as shown 
in Table I. In each instance the computa t ion  was straightforward, and the fit of  
the model  to the data was judged to be good. Fig. 1 shows the overall data of 
Debnam and Levin [5] for  glucose absorption together  with the saturable and 
the linear components  as resolved from the computer  curve-fitting separately 
plot ted.  

Since there is a major discrepancy between our computed  estimates of V and 
the values experimental ly derived by Debnam and Levin [5] for  glucose and 
galactose absorption (Table I) we examined in greater detail their kinetics for 
the linear componen t  in the presence of phlorrhizin (their Fig. 4). It appeared 
that  these data were no t  strictly linear, but  could lie on a curve. We therefore  
f i t ted a Michaelis-Menten funct ion plus linear term (Model II) to the data for 
their "non-saturable"  (i.e. phlorrhizin-insensitive) absorption. Fig. 2 shows the 
results and it is clear that  their "non-saturable"  absorption contains a propor- 

T A B L E  I 

C O M P U T E D  P A R A M E T E R S  F O R  S A T U R A B L E  P L U S  L I N E A R  K I N E T I C S  ( M O D E L  II )  

P u b l i s h e d  d a t a  we re  f i t t e d  d i r e c t l y  t o  t h e  f u n c t i o n  v = v - I S ] / ( K  m + [S]  ) + k • [S]  b y t h e  n o n - l i n e a r  regres-  

s i o n  p r o g r a m m e  o f  A t k i n s  [ 1 1 ] .  V a l u e s  o b t a i n e d  e x p e r i m e n t a l l y  b y  t h e  o r i g i n a l  a u t h o r s  are s h o w n  in  

p a r e n t h e s e s .  D a t a  se t s  1 - -3  are f o r  g a l a c t o s e ,  g l u c o s e  a n d  c~-methyl  g l u c o s i d e  a b s o r p t i o n  b y  r a t e  r e j u n u m  in  

v i v o  ( D e b n a m  a n d  L e v i n  [ 5 ] ) ;  se t  4 is f o r  ~ - a m i n o i s o b u t y r i c  ac id  u p t a k e  i n t o  r a t  d i a p h r a g m  in  v i t r o  
( A k e d o  a n d  C h r i s t e n s e n  [ 2 3 ] ) .  ( U n i t s  are t h o s e  o f  o r i g i n a l  a u t h o r s ) .  

D a t a  se t  V K m k 

1 1 7 9 . 4  +- 2 1 . 0  ( 1 1 3  ± 1 1 . 1 )  4 8 . 9  ± 6 . 1 3  ( 3 2 . 4  ± 2 .3 )  1 .33  -+ 0 . 0 8 6 1  

2 1 0 4 . 8  ± 11 .7  ( 8 5 . 8  ± 4 .0 )  2 0 . 0  ± 3 .61  ( 2 2 . 6  + 1 .3 )  0 . 8 5 4  + 0 . 0 7 6 2  

3 3 9 . 3  ± 1 . 3 5  ( 4 8 . 8  + 3 .9 )  20 .7  + 0 . 8 0 8  ( 3 1 . 2  ± 1 .8)  0 . 7 1 3  ± 0 . 0 2 6 2  

4 6 . 7 9  + 0 . 5 5 3  (7 .4 )  1 . 4 0  + 0 . 2 6 4  ( 1 . 5 5 )  0 . 2 4 8  ± 0 . 0 2 7 2  ( 0 . 2 2 )  
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Fig. 1. Data of Debnam and Levin [5] for glucose absorption resolved into saturable and linear compo- nents d i r e c t l y  b y  n o n - l i n e a r  r e g r e s s i o n .  • • ,  o v e r a l l  a b s o r p t i o n ;  - - - ,  l i n e a r  c o m p o n e n t ,  v = 

0 . 8 5 4  • I S ]  ; . . . . . .  , s a t u r a b l e  c o m p o n e n t ,  v = 1 0 4 . 8  • [ S ] / ( 2 0  + [ S ]  ) .  
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t ion which obeys Michaelis-Menten kinetics. The Km for this componen t  is 20.0 
+ 1.7 mM for glucose, and 45.8 + 2.9 mM for galactose: these values are very 
close to those evaluated from our overall curve-fitting shown in Table I. A pos- 
sible explanation is that  phlorrhizin, under  their conditions,  has not  completely 
inhibited the saturable absorption of  glucose and galactose. The slopes of the 
linear components  in Fig. 2 are no t  significantly different  f rom the correspond- 
ing k values in Table I. Therefore  the magnitude of  the " t r u e "  linear compo- 
nent  was probably the same in the presence and absence of phlorrhizin. The 
sum of  the V values in Fig. 2 and those of  the original authors agrees reason- 
ably with our values in Table I. 

Comparison o f  different kinetic models 
Each of the three kinetic models was f i t ted where possible to each of  a num- 

ber of  data sets taken from the literature. Table II summarizes the results and 
shows which model appears to be the best fit to each set of experimental  data, 
which model(s) appear to be good fits to the data, and which model(s) clearly 
cannot  fit acceptably to the data as judged f rom the criteria described in Meth- 
ods above. The percentage effect  on the estimated K m of including the linear 
term in Model II (as compared to Model I) is also shown. 

Diagnostic use o f  the Lineweaver-Burk plot  in assessing goodness o f  fit 
Many authors use the double-reciprocal plot  of  Lineweaver and Burk [22] to 

determine kinetic parameters although computerised methods of parameter  
estimation are now readily available and are acknowledged to be more efficient 
and precise. Therefore  it was of  interest  to plot  in this fashion data to which 
the simple Michaelis-Menten funct ion (Model I) is known to be inappropriate 
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Figs .  2 (a and b). D a t a  o f  D e b n a m  a n d  L e v i n ' s  [ 5 ]  " l i n e a r "  c o m p o n e n t  in  t h e i r  Fig. 4 f o r  g l u c o s e  (a )  a n d  
g a l a c t o s e  ( b )  a b s o r p t i o n  in  p r e s e n c e  o f  p h l o r r h i z i n  r e s o l v e d  b y  n o n - l i n e a r  r e g r e s s i o n  i n t o  l i n e a r  ( ) 
a n d  s a t u r a b l e  ( . . . . . .  ) c o m p o n e n t s .  T h e  e q u a t i o n s  f o r  t h e  o v e r a l l  f i t t e d  c u r v e s  are:  (a )  g l u c o s e  v = 20.0 • 
[S]](20.0+ [S] )+  1.0- [S] and (b) galactose v= 29.7 • [S]/(45.S + IS] )+  1.2- [S]. 

in order to see whether this would be obvious from the non-linearity of the 
plot. 

In some instances (e.g. Munck and Schultz's data for lysine [6] ; Debnam and 
Levin's data for galactose and a-methyl glucoside [5])  the plot was clearly cur- 
vilinear and would suffice to reject Model I. However, the data of Debnam and 
Levin [5] for glucose and of  Munck and Schultz [7] for leucine (especially 
their lower 6 points) give fairly good straight lines (Fig. 3), and the use of  this 
criterion would lead to the erroneous belief that Model I was appropriate. 

In the light of  the poorness of  fit already experienced we turned our atten- 
tion to features of  data collection which may influence the precision and good- 
ness of  fit. These considerations are also important in enzyme kinetics and 
other applications of the Michaelis-Menten equation. 
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Figs. 3 (a a n d  b) ,  L i n e w e a v e r - B u r k  d o u b l e  r e c i p r o c a l  p l o t s  o f  d a t a  o f  (a) D e b n a m  a n d  Lev in  [ 5 ]  fo r  g lu-  
cose  a b s o r p t i o n  a n d  (b)  M u n c k  a n d  S c h u l t z  [ 7 ]  fo r  l euc ine  a b s o r p t i o n .  The  s imp le  M i c h a e l i s - M e n t e n  f u n c -  
t i o n  (Mode l  I) waS n o t  a g o o d  f i t  t o  these  d a t a  sets  (see Tab le  II). 

Effect  o f  data error and number  o f  data points  on fi t t ing o f  the Michaelis-Men- 
ten equation 

Data sets were computer  simulated which had a mean relative "experimental  
error" of 0.5, 1.0, 2.0, 5.0 or 10.0%, and which had 3, 5, 7 or 9 data points 
geometrically spaced in [S] over the concentration range from 0.25 X Km to 
3.0 X Kin. Fif ty data sets were simulated for each set of conditions, i.e. 1000 
sets altogether (see Methods). A single Michaelis-Menten function (Model I) was 
then fitted to each using the computer  version of Eisenthal and Cornish-Bow- 
den's [10] method.  The variability introduced into the estimated values of Kin, 
as expressed by the coefficient of  variation of the estimated parameter, is 
shown in Fig. 4. 

A further simulation study with 5% relative data error was made using an 
unweighted Lineweaver-Burk plot fi t ted by a first-order regression to estimate 
Km since this simple method is commonly  used in studies reported in the liter- 
ature. Another  simulation study was made at 5% relative error using Eisenthal 
and Cornish-Bowden's [10] method in order to test whether the 50 simulated 
data sets used were sufficient to give consistent results. The results in Table III 
show that  the two replicate simulation studies using the Eisenthal and Cornish- 
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Fig .  4 .  E f f e c t  o f  d a t a  e r r o r  a n d  n u m b e r  o f  d a t a  p o i n t s  o n  p r e c i s i o n  o f  e s t i m a t i o n  o f  K m in  a s i m p l e  Mi- 

c h a e l i s - M e n t e n  f u n c t i o n  ( M o d e l  I )  b y  E i s e n t h a l  a n d  C o r n i s h - B o w d e n ' s  [ 1 0 ]  m e t h o d .  E a c h  p o i n t  w a s  c o n -  

s t r u c t e d  b y  t h e  g e n e r a t i o n  o f  50  s i m u l a t e d  d a t a  s e t s .  

Bowden method gave very similar results, and that  the relative error in Km 
estimation was consistently substantially lower than when the unweighted 
Lineweaver-Burk plot was used. 

Effect o f  range o f  experimental data points on fitting o f  the Michaelis-Menten 
equation 

Since widely different ranges of experimental data points (relative to Kin) 
have been used by different investigators it was of interest to examine the 
effect of this choice on the fitting of a Michaelis-Menten function. 

T A B L E  III  

E F F E C T  O F  N U M B E R  O F  D A T A  P O I N T S  A N D  C O M P A R I S O N  O F  T H E  E I S E N T H A L  A N D  C O R N I S H -  
B O W D E N  [ 1 0 ]  A N D  U N W E I G H T E D  L I N E W E A V E R - B U R K  M E T H O D S  O N  T H E  P R E C I S I O N  O F  
E S T I M A T I O N  O F  K m F O R  S I M U L A T E D  D A T A  S E T S  

I n  e a c h  c a s e  5 0  d a t a  s e t s  w e r e  s i m u l a t e d  w i t h  5% r e l a t i v e  d a t a  e r r o r .  

N u m b e r  o f  

d a t a  p o i n t s  
C o e f f i c i e n t  o f  v a r i a t i o n  (%)  o f  e s t i m a t e d  K m 

U n w e i g h t e d  E i s e n t h a ]  a n d  
L i n e w e a v e r - B u r k  C o r n i s h - B o w d e n  [ 1 0 ]  
r e g r e s s i o n  m e  t h o d  

3 1 6 . 2  1 1 . 7  
5 1 5 . 0  1 1 . 5  
7 1 3 . 7  9 . 9  
9 1 1 . 7  8 . 4  

F i r s t  S e c o n d  
s i m u l a t i o n  s i m u l a t i o n  

1 1 . 3  
1 1 . 6  

9 . 0  
8 .2  
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T A B L E  I V  

E F F E C T  O F  R A N G E  O F  E X P E R I M E N T A L  D A T A  P O I N T S  O N  F I T T I N G  O F  T H E  M I C H A E L I S -  

M E N T E N  E Q U A T I O N  

D a t a  se t s  we re  s i m u l a t e d  w i t h  s e v e n  d a t a  p o i n t s  g e o m e t r i c a l l y  s p a c e d  o v e r  t h e  r a n g e  IS ]  = 0 . 2 5  X K m t o  

[S]  = 3 . 0  X K m or  o v e r  p a r t  o f  t h i s  r ange ,  a n d  w i t h  2% r e l a t i v e  d a t a  e r ro r .  K m = 1 .0 ;  V = 1 .0 .  F i t t i n g  was  

b y  t h e  E i s e n t h a l  a n d  C o r n i s h - B o w d e n  m e t h o d  [ 1 0 ] .  

Range of  d a t a  

W h o l e  r ange  ( I S ]  = 0 . 2 5 - - 3 . 0 )  

F i r s t  2 / 3 r d s  ( [ S ]  = 0 . 2 5 - - 1 . 3 1 0 3 )  

S e c o n d  2 / 3 r d s  ( [ S ]  = 0 . 5 7 2 3 - - 3 . 0 )  

F i r s t  1 / 3 r d  ( [S ]  = 0 . 2 5 - - 0 . 5 7 2 3 )  

S e c o n d  1 / 3 r d  ( [ S ]  = 0 . 5 7 2 3 - - 1 . 3 1 0 3 )  

T h i r d  1 / 3 r d  ( I S ]  = 1 . 3 1 0 3 - - 3 . 0 )  

C o e f f i c i e n t  o f  v a r i a t i o n  (%) 

o f  e s t i m a t e d  K m 

4 .6  

6 .2  

5 .4  

1 5 . 6  

1 3 . 3  

1 5 . 0  

Data sets were simulated with seven data points and 2% relative data error. 
The data points were geometrically spaced in [S] either in the range [S]/Km = 
0.25--3.0 or over part of this range, viz. ei ther the first, second, or last third of  
the total  range or over the first or last two-thirds of  this range. The results using 
Eisenthal and Cornish-Bowden's [10] method  are shown in Table IV. They  
show that  the precision of  estimation of Km is substantially increased as the 
range over which observations are taken is increased, and that  precision is 
improved if the experimental  data straddle the value of  Kin. 

It was also noted that  the mean value of  the estimated K m was never signifi- 
cantly different  f rom the true value (Kin = 1.0) nor  was it significantly different  
f rom the median value. 

Comparison of  curve-fitting to relatively few but replicated observations and to 
numerous unreplicated observations 

A question which of ten occurs in the design of  kinetic experiments  is whether  
there is advantage in collecting observations at a large number  of  concentra-  
tions or in making replicate observations at relatively few concentrat ions.  This 
was examined by a s tudy in which data sets with 12 data points at relative data 

T A B L E  V 

E F F E C T  O F  E X P E R I M E N T A L  D E S I G N  O N  P R E C I S I O N  O F  E S T I M A T I O N  O F  K m I N  A S I M P L E  

M I C H A E L I S - M E N T E N  F U N C T I O N  

D a t a  se t s  c o n t a i n i n g  12  o b s e r v a t i o n s  e i t h e r  as f o u r ,  s ix  o r  t w e l v e  p o i n t s  w i t h  1, 2, 5 a n d  1 0 %  r e l a t i v e  e r r o r  

w e r e  s i m u l a t e d .  F i t t i n g  was  b y  t h e  W i l k i n s o n  m e t h o d  [ 9 ] .  C o e f f i c i e n t  o f  v a r i a t i o n  (%) i n  e s t i m a t e d  K m 

D a t a  t y p e  R e l a t i v e  d a t a  e r r o r  

1% 2% 5% 1 0 %  

A 12  i n d i v i d u a l  p o i n t s  2 .19  

B 6 p o i n t s ,  e ach  t he  m e a n  o f  d u p l i c a t e s  1 . 8 0  

C 4 p o i n t s ,  e a c h  t h e  m e a n  o f  t r i p l i c a t e s  1 .91  

D 1 2  p o i n t s ,  2 a t  e a c h  o f  6 c o n c e n t r a t i o n s  2 . 0 0  

E 12  p o i n t s ,  3 a t  e ach  o f  4 c o n c e n t r a t i o n s  1 . 5 8  

3 . 9 5  1 1 . 5 2  1 9 . 4 0  

3 .91  1 0 . 6 1  2 1 . 0 1  

3 . 3 9  9 . 1 9  2 0 . 1 4  

4 . 9 6  9 . 7 6  1 8 . 6 2  
3 . 9 0  7 . 7 5  1 8 . 8 3  
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error 1, 2, 5 and 10% were simulated. In one series of 50 simulated sets (A) the 
12 observations were generated with [S] geometrically spaced over the range 
[S]/Km = 0.25--3.0 (i.e. [S] = 0.25--3.0, with Km = 1.0). In the second series 
(B) six concentrations were used, again geometrically spaced over this range, 
and duplicate values were simulated at each concentration. The mean of two 
values of v was then used in the non-linear regression. In the third series (C) the 
mean of triplicate values at each of four concentrations was used. Series D was 
calculated using each duplicate value (not means) at six concentrations. Finally, 
series E was calculated using each triplicate value (not means) at four concen- 
trations. 

The results shown in Table V demonstrate that  there is no significant advan- 
tage in any one of these forms of data collection. 

In all cases the calculated mean K m did not  differ significantly from the true 
value. 

Discussion 

Direct fitting o f  non-linear kinetic functions 
The fitting of each of the two-component  models, the Michaelis-Menten plus 

linear term function,  and the double Michaelis-Menten function proved to be 
straightforward using simple modifications of Atkins'  [11] general programme 
for non-linear regression. Thus it is possible to fit directly a two-term function 
to data wi thout  the need to abolish one component  experimentally as was done 
by Debnam and Levin [5]. Potentially this should increase the precision of the 
estimated parameters since it is dependent  on fewer experimentally observed 
data points. On the other hand the use of the inhibitor gives additional infor- 
mation about  the nature of the transport processes involved. 

In several instances the estimated parameters differed appreciably from those 
originally reported (Table I). Thus Debnam and Levin [5], who used phlorrhi- 
zin to abolish the saturable component  of absorption, obtained lower values for 
V than we obtained using direct computer  fitting. However, analysis of their 
apparent linear components  showed that  they contained a saturable compo- 
nent, i.e. the inhibitor had apparently not completely abolished the saturable 
component  (Fig. 2). This would account for the underestimate of V. The use of 
the direct fitting method with Model II is clearly better, in that  it obviates the 
need for any assumption that  one component  has been annihilated experimen- 
tally. 

Fitting o f  published absorption data to a Michaelis-Menten model 
Table II shows that  in many instances the simple Michaelis-Menten function 

was found to be the most appropriate of the three models tested, see also Table 
VI. However, in a large number of cases the fit was poor according to the cri- 
teria discussed in Methods even though the simple Michaelis-Menten function 
had been the model used by the original authors. Such poorness of fit could be 
due either to an inappropriate model or to inaccurate data. Our subsequent 
tests on simulated data suggested that  the curve-fitting methods were gen- 
erally tolerant of data with high relative error. Therefore the poorness of fit seen 
with many of the data sets may reflect an inappropriate choice of model. 
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T A B L E  V I  

S U M M A R Y  O F  R E S U L T S  F R O M  T A B L E  I I  

T h e  n u m b e r  o f  d a t a  s e t s ,  o u t  o f  a t o t a l  o f  3 5 ,  w h i c h  w e r e  a c c e p t e d  t o  b e  " a  g o o d  f i t "  o r  w e r e  j u d g e d  

to  b e  " t h e  b e s t  f i t "  t o  e a c h  o f  t h e  t h r e e  m o d e l s  is s h o w n .  

M o d e l  

I I I  l I I  

G o o d  f i t  a 13  12  6 
T h e  b e s t  f i t  b 17 9 0 

m a r k e d  ~ / i n  T a b l e  I I .  i .e .  

b i .e .  m a r k e d  * in  T a b l e  H.  

However, such incompatibil i ty of data and model is only seen if one applies 
specific tests of  goodness of  fit as we have done.  Fig. 3 shows that  inspec- 
t ion of  a Lineweaver-Burk double reciprocal plot for linearity is not  a 
uniformly reliable criterion. Christensen (ref. 34, p. 140) also provides 
an example of a sum of two Michaelis equations (as our Model III) which 
gave an apparent ly linear Lineweaver-Burk plot  with meaningless apparent  
Km and V values. In some instances, however,  this test did prove adequate 
for  rejection of  the simple Michaelis-Menten model.  Walter [35] also 
showed that  the Lineweaver-Burk plot was insensitive and suggested that  
the Hofstee [36] plot  of  v against v/[S] was preferable. Obviously the 
choice of  an inappropriate model leads to wildly inaccurate estimates of 
parameters. Thus we agree with Debnam and Levin [5] who showed how inclu- 
sion of  the linear term in Model II could greatly influence the estimate of K m 
for the saturable component .  Table II summarizes the percentage effect  of  the 
additional term on the estimated Km value. Therefore  if one had chosen an 
inappropriate model,  e.g. Michaelis-Menten only, the estimated Km could be 
very inaccurate. 

Fitting o f  publlshed data to other models 
Only in the cases of the data of Debnam and Levin [5],  Munck and Schultz 

[6,7],  Akedo and Christensen [23],  and one set of  Forster  and Menzel [4] was 
Model II (Michaelis funct ion plus linear term) found to be the "best  f i t "  of the 
three models considered. Other  data for sugar absorption do no t  lead to the 
same conclusions as Debnam and Levin's [5] results and so a phlorrhizin-insen- 
sitive " l inear"  componen t  does not  appear to be a general feature of sugar 
transport .  Batt and Peters [37] observed 95 and 100% inhibition of jejunal and 
ileal absorption of galactose by the rat in vivo by phlorrhizin at 10 -2 M and 
concluded that  there was "no  significant passive transfer componen t " .  In no 
instance did we accept the double Michaelis-Menten equation (Model III) as 
being the best-fit model,  even though Munck and Schultz [6,7] and Honegger 
and Semenza [8] had concluded that  such a model  fi t ted their data. 

The results of  Table II are summarized in Table VI which shows that  the 
single Michaelis-Menten funct ion was the best-fit model  in the greatest number  
of  cases. However,  only in 13 out  of 35 cases was the fit judged to be good. 
The f requent  occurrence of  instances where more than one model  was accepted 
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to be "a  good f i t"  emphasizes the hazard in assuming that  any particular 
model to which data seem to fit is necessarily the most  appropriate one. 

Influence o f  experimental design on fitting o f  the Michaelis-Menten equation 
Since this equat ion (Model I) and many published data sets appeared to be 

incompatible,  we used simulated data sets at various levels of relative "experi- 
menta l"  error and known values of K m and V. As expected,  the precision of 
Km estimation is improved substantially as the variability in the data is decreased, 
on average the coefficient  of  variation of Km was around twice the coefficient  
of  variation in the original data points (Fig. 4). Also, precision was increased 
as the number  of data points was increased (Fig. 4), although the magnitude of 
this effect  was much less than expected.  As this latter result was surprising the 
simulation study was repeated,  and the results were closely similar to those 
already obtained and repor ted in Fig. 4. While this result may appear to sup- 
por t  computa t ions  made with relatively few data points it must be stressed that  
non-conformi ty  to a particular model  may only be readily recognised when 
there are more numerous data points. Therefore  we do not  recommend the use 
of  only, for  example,  3 or 4 points for fitting a Michaelis-Menten equation. Pre- 
cision of parameter  estimation was also increased when the range of concentra- 
tions over which observations were made was increased, and especially when 
this range included the Kin, see Table IV. Endrenyi  and Kwong [19] also con- 
cluded that  as wide a range of concentrat ions as possible should be used where 
the relative data error was constant .  On the other  hand they showed that  if the 
absolute error of  observations is constant  precision was gained by restricting 
observations to velocities greater than 0.2 × V. However, although the total 
number  of observations made influences the precision of  parameter  estimation, 
there was no advantage either in taking replicate values at each of relatively few 
concentrat ions or in using single values at a relatively large number  of individ- 
ual concentra t ions  (Table V). Where replicate observations are made either each 
individual value or their means can be used in the parameter  estimation with 
equal precision (Table V). One advantage, however, in making replicate measure- 
ments at each concentra t ion is that  it allows the precision of the original exper- 
imental observations to be assessed. This is necessary if the observations are to 
be weighted on a rational basis, although it has been shown that  this is only 
valid with large numbers of replicates [21].  The practice of weighting data for 
model-fit t ing is rare, especially in published studies of intestinal transport .  
Another  advantage of  replication of observations is that  it allows error bars to 
be shown on kinetic plots. 

Methods for curve-fitting 
The availability of computers  and their software makes the older graphical 

curve-fitting methods obsolescent.  The results in Table III show the superiority 
of  the method of  Eisenthal and Cornish-Bowden [10] over the unweighted 
Lineweaver-Burk plot. They also confirm that  50 data sets were adequate to 
give valid results in each simulation study since the two separate series of simu- 
lated data gave closely similar results. Atkins and Nimmo [12] have already 
shown that  Eisenthal and Cornish-Bowden's method  [10] is more reliable than 
that  of  Lineweaver-Burk [22] ; use of  the latter ought  nowadays to be restricted 
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to the evaluation of  approximate  initial estimates of  parameters for  use in com- 
puter  methods.  Endrenyi  and Kwong [19] also concluded that  use of the Line- 
weaver-Burk plot should be avoided. For  fur ther  references see Fajszi and 
Endrenyi  [38].  Non-linear regressions allow the direct fitting of data to non- 
linear functions such as the Michaelis-Menten equation wi thout  prior transfor- 
mation (which itself would ir~troduce biassed weighting into the raw data). Pro- 
grammes such as that  of  Atkins [11] can be used with modifications in only a 
single s ta tement  to fit a wide variety of functions:  they are therefore  highly 
versatile. The success of using the Eisenthal and Cornish-Bowden [10] method  
for fitting the simulated data sets in this study suggests that  the poorness of fit 
which was seen in many " rea l"  published data sets was due to a genuine incom- 
patibility of model and data rather than to inadequacies in our curve-fitting 
procedures or to too stringent model-testing. 

Testing of goodness of fit 
The results in Table II reinforce our view that  tests of goodness of  fit are 

necessary when experimental  data are fi t ted to a model and estimates of param- 
eters such as K m and V are quoted.  In assessing goodness of fit of  the data 
reported in Table II we used a minimum of  five independent  tests described in 
Methods. Frequent ly ,  the use of only one or two of  these tests would have led 
to a different  conclusion. Therefore  as many tests as possible should be applied 
before a particular model is claimed to be a "good f i t"  to experimental  obser- 
vations. At present few authors apply any such criteria, and our results suggest 
that  one cannot  confident ly  assume that  intestinal absorption kinetics invari- 
ably obey the Michaelis-Menten equation. In some cases poorness of fit may be 
directly attr ibutable to technical difficulties: for example, in perfusion experi- 
ments at very low flow rates radial diffusion within the fluid in the intestinal 
lumen may become rate limiting, and this might explain the almost linear kinet- 
ics observed by Rider et al. [27].  Thus unless this is overcome by a method 
such as the segmented-flow technique of  Fisher and Gardner [24] the kinetics 
observed may be a proper ty  of the experimental  system rather than of the 
absorbing cells (see Wingate [39]) .  

Interpretation of kinetic models 
Great caution is required in the interpretat ion of  best-fit models for the 

kinetics of absorption as was stressed by Fisher and Parsons [25] when they 
first showed that  the Michaelis-Menten equation,  or the Langmuir [40] adsorp- 
tion equation, could describe the kinetics of glucose absorption. Transport  
across the intestinal mucosa is an ext remely  complex multi-stage process with 
many possible interactions: it is most  unlikely that  the kinetic characteristics of 
a rate-limiting step can be interpreted in terms of a model with physical signifi- 
cance. Additionally as pointed out  above and by Wingate [ 39] the kinetics may 
be influenced by the experimental  system. Therefore  it is not  legitimate to 
accept Model I as necessarily characteristic of a one-carrier process nor Model 
III as of  a two-carrier process. Anyway,  Fisher and Gilbert [41] demonstra ted 
theoretically that  " the  appearance of  fit to a single carrier hypothesis  is no bar 
to the existence of a multiple carrier system".  Similarly the linear term in 
Model II is not  necessarily indicative of a passive diffusive process, although 
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Debnam and Levin [5] assumed that  this was so. Indeed, Christensen and Liang 
[42] concluded that  the non-saturable componen t  of amino acid uptake into 
Ehrlich cells and rat jejunum was unlikely to be a diffusion componen t  on the 
grounds that  it showed (i) structure specificity, (ii) a high temperature  coeffi- 
cient, and (iii) a strong pH dependence.  

Fur thermore  several studies have shown that  the values of both Km and V 
for several substrates, species and preparations differ in different  regions of  
intestine (e.g. Batt and Peters [37] who give fur ther  references) although Fisher 
and Parsons [25] found variability only in V. There is no reason to suppose 
that  these parameters change abruptly between jejunum and ileum. Indeed 
Fisher and Parsons [1] showed there to be a cont inuous linear relationship 
between glucose absorption rate and distance from the ileo-caecal valve: since 
these authors [25] found the K m to be independent  of position this could be 
interpreted in terms of a cont inuous gradient of V down the length of  the intes- 
tine. Thus any a t tempt  to express the overall absorption rate observed over a 
length of  intestine in terms of constant  K m and V values is necessarily an over- 
simplification and the actual parameter  values obtained will depend on the 
length of  the segments used and the region from which they were taken as well 
as on the technique used. Also, even if the absorption rate of any single point  
along the length of  the intestine observes Michaelis-Menten kinetics it does not  
follow that  the overall absorption measured over a length of intestine will do 
so. This might contr ibute  to the poorness of fit already discussed. 

In spite of these reservations about  interpretat ion,  kinetic parameters remain 
valuable as operational definitions of  observed t ransport  phenomena.  
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