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Fitting Models to Data:
C-peptide Kinetics in Humans

Real World Biomedical Modeling Techniques
Through Case Studies — Module 3
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Modeling Ingredients

* Data

— Independent and dependent variables

— Data measurement error (uncertainty)
* Model

— Compartmental or other
 Procedures for:

— Matching model and data

— Inspecting the results (diagnostics)
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Modeling Results

» Model predictions

— Either matched to the data (Fit) or not (Solve)
» Optimized parameter estimates

— Obtained through fitting
 Uncertainty on parameter estimates

— Usually expressed as percent Coefficient Of
Variation (CV)

— Obtained how?

Multicompartmental System

» Example: biosynthetic C-peptide kinetics

» Data are from: Sparacino G, Tombolato C,
Cobelli C. Maximume-likelihood versus
maximum a posteriori parameter estimation
of physiological system models: the C-
peptide impulse response case study. IEEE
Trans Biomed Eng. 2000 Jun;47(6):801-11.
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Biosynthetic C-Peptide Kinetics

* 14 normal human subjects

A bolus (average mass of about 50,000
pmol) of biosynthetic CP was administered
intravenously

* In order to avoid the confounding effect of
endogenously secreted CP, CP pancreatic
secretion was suppressed through a
somatostatin infusion started 2 hours before
the experiment

C-Peptide Measurements (N=14)
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Balance of Mass

k(2,1)
k{1,2) )
%kw.n
+

Doze

dt
% = k(2,1)q, (t) — k(1,2)q, (t)

Multicompartmental Model =

991 _ 0.0y + k(2,1)]a, () + k(1,2)q, (£) + Dose(t)
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Very Important: Conventions

ki2,1)
K(1,2) !
fkw,n
+

Dose

* In SAAM II, which follows the engineering and
mathematics convention, k(i,j) is the transfer rate
from compartment j to i

« This is opposite to the pharmacokinetics convention,
where k(i,j) goes from 1 to j

* Renaming the parameters is always an option

Compartmental Model
» The generic differential equation in a n-compartment
model
dq; S NOy . :
=—q,(0)Y_k(j,i)+ Y _k(i,j)q;(t)+exi
o =0 =
Rate J# J#1 .
of ‘ What goes out... ‘ ‘ What comes in... ‘
change KEY: Balance of Mass

* The k(i,j) are transfer rates. They can be linear or
nonlinear. If they are linear, the model is a linear
multicompartmental model.
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Back to the Data...
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# Subject 01
# Dose 49650
DATA

(FSD 0.1)

cpeptide
9.8
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.88
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0.58
0.52
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0.29
0.26
0.21
0.16
0.11
0.09

Data Format

Data are in column format, as we have seen

Note that both the subject ID and the dose
are with the data, but commented out (it
pays to keep all this information together in
one place)

Units are: minutes for time, pmol/ml for C-
peptide concentration

The data measurement error 1s constant
fractional standard deviation (FSD) equal to
10% of the measurement value

We will see later the implications of this...
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Define Your System Model
:‘sn.mnnmprt Untitled - ‘ =lal =]
NECEEEREE s
Toolb =1o| x|
o |

™| gk . . N .
°o —| The C-peptide decay is multi-phasic, so
there will be at least two compartments
in the model
: | b
[ [

File Edic View Show Compute Set

Define the Experiment Duration...

+*.5AAM II Compartmental - Untitled

Window  Help

=[olx|

eeeee

=R M)

Experiment Attributes

Independent Warible:

Units: | minutes

Start at: 0.0

Endat: [150]
Done I LCancel I

Help |

This experiment starts at time 0
and ends after 3 hours = 180 minutes

t

[ w2
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%% SAAM I Compartmental - Untitled

File Edt view show Compute Set Window Help

... and give it a Name!

:

o
Ciesiz,, | Aemove,
)
53 #
seleot | Samp
Cherg
o IFput
T gk,

D|=(d| 8| FFE EBEImE . 24 v

k(2,1)
x(1,2)

k(0,1)

Create Experiment:

Type:

vvvvv

]
Mew Name: [Cpeptids]

eriment name is just one way to remember
variables you are analyzing with this file

M
[ [,
Exogenous Input (ex1)
Exogenous Input ﬂ
M ame: IDose Reference Mame: Urits:
Type Initial Constant Start Stop Bepeat Every Nr. BRepeats

Input Type:
' Bolus
 Infusion

= Primed Infusion

" Equation

Equatiar:

Initial &mourt: |49850

[Earistant Hate: I

Event Start: I
et Stop: I

Split Input... |

Done I

Lancel

Help
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ame-

For this data set, we need to account for a basal
level of C-peptide (which is an endogenous substrate)

% 5AAM II Compartmental - SUBJECTO1.5TU i =[]
File Edit VYiew Show Compute Set Window Help
IR EEEEEE )

T~ SUBJECTOL.STU: g =1olx|
I | =
Which parameter values are plausible

for your model and data? Beware of units!
/ktﬂ.li :
Ceate., || Remove. Dose + ow Limit High limit
i Sé‘:ple ri0.1 ]
2| S
I~ ek
o
Name: Cpbas ve [ | <aEdied
v i [ o]
+ Adjustable R li — 1
Done LCancel | Help |
T H oz
For Help, press F1 Tl 12
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Provide Parameter Values

%+, SAAM II Compartmental - SUBJECTO1.5TU _ (ol x|
Fle Edt Wew Show ute Set Windon Help
0w 2| 78w BEEE . 5B
- SUBJECTO1.STU:L =10lx]
Hiodel =
ezt m&;mm
— »
Dy | A
J= | lieek
Epeiient
Name: Cpeplid
Choose. | Rename,
Create Hemove,
. = —
sz || Sampte 100, 1) prn 0. 1000 0.0100 10000
kil,Z) Adj 0. 1000 0. 0100 1.0000
e | iz, 1) nay 0. 1000 0.0100 10000
Gl IPput w1l Adj E000. 0000 EDO. 0000 E0000.0000
J= | lisek
o — 10
H ble starting values: 1]
€re are some reasonanie startlng values: —
Cpbas=0.1 k01=0.1 k12=0.1 k21=0.1 v1=5000
Done | e | Help |
4] T 2
| v

For Help, press F1

Solve — How Does It Look?

» % SAAM II Compartmental - SUBJECTOL.STU =10l x|
Fie Edt View Show Compute Seb Window Help
p|w|a| 8| 7§ BEH S =l @B e
Toolbox 1~ SUBJECTO1.5TU:1 e I [=] (S
This is the solution in a semilog scale ./
Trom T ._A

For HElp, press FT
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Fit of a Two-Compartment Model

“, 5AAM II Compartmental - SUBJECTO1.5TU E [ ]
F\ Edit Yiew Show Compute Seb Window Help

B =] = Bl# x|

i+ SUBJECTOLSTU:L 0 =10l
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This is the fit in a semilog scale

F1t of a Two- Compartment Model

*, SAAM 11 Compartmental - SUBJECTO1.5TU =10]x|

J_flﬂlall =l (4] 22|
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This is the fit in a linear scale ——=
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Output Following a Fit

Parameter estimate and the statistics
Correlation Matrix
Objective function value

Values for AIC and BIC: test for model
parsimony (Module 6)

Residual information

Error messages if the fit is not successful

and optimal values

Statistics Window Output

Parameter names Standard Deviations, Coefficients
of Variation and 95% Confidence Intervals

P Statistics

Palameter/Yariable Valus Std.Dav. Coef. of Var. 95% Confidemce Interval

Parsimony criteria: Objective function
Akaike (AIC) and Schwarz-Bayesian (BIC) minimal value

Ayposteriori

i, 1p 0.25227 1.461562-00Z &.00074=+000 0.z6010 0.32444 |
kil z) 0.28311 7.51203=-00Z E.E5338<+001 0.11777 0.44845
iz, 1} 0.17452 1.82668=-00Z 1.04670=+001 0.13431 0.z1472
ol 2323.77432 G3.85923e4001 1.66076e+000  2235.83314  2408.71SSL
" Correlation Matrix £ Coyariance Matrix 0 Ohisctive o
Objective Scaled Dava VariaV ;p’arlal’lce
=1 : plasma 1.3367432+001 1.113515e-001
Total objective 1.336743e+001
aTC 7.935987+000
BIC 5.0539952+000
&
L E
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Parameter Precisions

CV[ 0] = —SDO[G]

* Usually they are expressed as %CV (coefficient of
variation or fractional standard deviation times 100)

» Bad precisions (CV>100%) are often a symptom of
a model which is too complex to be supported by
the data

* They are reported in the Statistics Window
— “Coef. Of Var.” is %CV
— “Std.Dev.” is the SD

Residual and Weighted Residual

* Residuals and weighted residuals are components of the
Objective Function. After a successful fit to a set of
data, they can be used to test for goodness-of-fit.

The residual (simple difference between data and model)
res(t;) = y(t;) —s(t;,0)

The weighted residual (weighted difference)

y(t;)—s(t;,0)
o(t;,0)

wres(t,) =

vicini@u.washington.edu
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Weighted Residual Trends

 This set of weighted

residuals supports
model rejection
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 This set of weighted

residuals supports
model acceptance

8

Hands-On: C-Peptide Data

Subject#

k(0,1) (CV)

k(1,2) (CV)

k(2,1) (CV)

vl (CV) Objective
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Parameter Estimation:
Fitting Models to Data
Final
R Estimates
o » Precision
Data BLACK |
BOX
Model Residuals
Initial ,| Goodness
Estimates of Fit
Model Assumptions

We assume that the measurement value at the 1-
th time point is given in vector form by:

yt)=s(t,  +e, i=1,...,N
where:

y 1s the random vector of measurements

* 5 1s a known function describing the kinetics
(the sample)

@ 1s the unknown vector of kinetic model
parameters

e; 1s the measurement error random vector
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Black Box in SAAM II:
The Objective Function

» The objective function is a function which
provides a measure of the difference
between the model prediction and the data.

* Given an objective function, optimization is
the mathematics that is used to minimize
this function, i.e. figure out the parameter
values that minimize the difference between
the model predictions and the data.

The Objective Function in SAAM II

2
_ N () —s(t5,0) 2
OBJ—;{ o } | (t,,0)]

» The objective function penalizes the distance
between the model prediction and the data

» The optimal weighting scheme is given by the
measurement error variance: this way, the
parameter confidence limits will be a function of
data reliability

vicini@u.washington.edu
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Some Definitions

[y -st.® T L [
OBJ—;{ o }+1n[6 (t.,0)]

* OBJ is called the extended least squares
objective function

» o = standard deviation (the “error bar”)
« o2 = variance (the standard deviation squared)

* You can see that the inverse of the variance
appears at the denominator of the objective

» The inverse of the variance is called the weight:
w. = 1/6?

OBJ

Optimization

A

0 = arg mgn OBJ

The minimum is found through iterations! Beware of local minima!

vicini@u.washington.edu

(C) 2001 UW-RFPK. All rights reserved.

Westin Galleria Hotel, Houston, TX

October 22, 2002

17



Real World Biomedical Modeling
Techniques Through Case Studies

Westin Galleria Hotel, Houston, TX

e /ero mean

* (Gaussian

Basic Assumptions on the
Measurement Error

The measurement error 1s assumed to be:
(there are no offsets in the data!)

 Independent from one sample to the other
» With given (known) variance structure

e ~ N(0, 67)

* Continuous Gaussian
(normal) distribution
with mean zero and
variance 1

A Gaussian Distribution

Histogram of 1,000
discrete samples from

the distribution on the
left
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SAAM II Weighting Schemes

SD: Constant Standard Deviation
— error in the data = constant = SD
FSD: Constant Fractional Standard Deviation

— error in the data = constant percent = CV% of the
data/model value (CV and FSD are synonyms)

POIS: Poisson Error
— error in the data = [A* y”]
GEN: General Variance Model

— error in the data = [A + B*yC]
* A, B and C are constants

* y is either the data or the model-predicted value

Error models: constant FSD

The standard
deviation of the error
is a constant percent
of the measurement

Small data contribute
more

e.g. for FSD =0.05

100 + 5 has weight
w=0.04

1 + 0.05 has weight
w =400

vicini@u.washington.edu
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Error models: constant SD

e The standard
deviation of the error L
is constant over all |
measurements

* Large data
contribute more

e e.g. for SD=0.5

* 100+ 0.5 has
weight w =4

* 1+ 0.5 has weight w
=4

Effect of Changing Weights

* We will now repeat the identification of the
two-compartment model of C-peptide
kinetics, but we will assume constant
standard deviation weights

* In the Data file, you should substitute, for

(FSD 0.1)

a new variance model
(SD 1)

vicini@u.washington.edu
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Hands-On: C-Peptide Data
Subject# [ k(0,1) (CV) | k(1,2) (CV) | k(2,1)(CV) | v (CV) Objective
01
02
03
04
05
06
07
08
09
10
11
12
13
14
Relative Weights

* When relative weighting is chosen, a

proportionality constant is estimated for each
set, and the error that was assumed in the Data
Window gets multiplied by it

 This proportionality constant is reported in the

Statistics Window as the “Scaled Data
Variance”

* If you do not know your error structure exactly,

use relative weighting
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The Variance Model:
Options in SAAM 11

Model Data

Precise knowledge of Precise knowledge of
measurement error, and | measurement error, and

Absolute high noise level in data | good noise level in data
(not robust) (very common)
Uncertain knowledge of | Uncertain knowledge of
3 measurement error, and | measurement error, and
Relative

high noise level in data | good noise level in data
(most robust) (SAAM II default)

Differential | | ISRlEEELIIEC Number of
Equation _h-':lr:.er;[;toof[ Calculations Intervals: Im VI [1to 200] «—1 | Calculation
Integrator ¥ Use Relative Ermor. POintS
Ch " N ID.DD'I Q000
o1ce Runge-Kutta (1.0e-10ta 1.0)
[~ Uze Absoluts Error:‘\ Tolerance for
Nurpbstr of I Compute Sample AUC's |[gmter — lefergntlal
Optimizer —___ Optreer Equation
Iterations T Max Nr. of Fit lterations: [20 ~| [0tz 50) Integration
—Warance Model———— [~ Derivative—
v ¥ . .
o c g
MOdel for Data thol-ute Farward leferenCIHg
 Model @ Relative = Cerral .
The Data For Gradient
Error Convergence Criterion: IW Optlmlzatlon
1.0e-7 to 1.0)
Include Bapesian Tem .
-
Tolerance for Ll [0 Dnnunonn‘ma‘n\\\ Bayesian
imizati Estimation
Optimization oo | Concel | o |
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What Have We Learned?

* Introduction to model fitting
» To define a multicompartment model

* The role of data measurement error and
weights in parameter estimation

 Choice of variance based on knowledge of
data and experiment

 Definition of parameter statistics
» Assessment of residuals
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