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A B S T R A C T

The application of an individualised dosimetric procedure for radioiodine therapy requires the intensive use of
resources in nuclear medicine facilities. In practice, the amount of data taken per patient is too limited to obtain
an accurate estimate of the absorbed dose in the thyroid. The individualised absorbed dose estimates can be
enhanced using statistical tools for population-based approaches. The aim of this work was to build a population
biokinetic model of thyroid uptake and elimination of radioiodine using a nonlinear mixed-effects approach in
patients with Graves’ disease. Input data for the model development were taken from a dosimetric method based
on 123I imaging data. 123I decay-corrected uptake values were estimated at 4, 24, and 96 h post-administration
and for 58 patients. The root mean squared error (RMSE) for predicted 123I uptake values by the fitted model was
4%. The root mean squared error of prediction (RMSEP) for out-of-sample 123I uptake values, computed by a
leave-one-out cross-validation, was 12%. We calculated 131I activity to administer from out-of-sample predicted
123I uptake values and compared the result with that calculated from observed 123I uptake values. RMSEP values
for therapeutic activity revealed that there were measuring points with higher weight than others in the model.
The mixed-effects approach can be used to enhance the accuracy of dosimetric calculations in therapies using
131I. Assessing the accuracy of the predictive model enables choosing among different time-sampling schedules
of the radioiodine thyroid uptake curve. This methodology can also be applied in other areas of radiation do-
simetry.

1. Introduction

Radioiodine (131I) therapy has been used for the management of
hyperthyroidism for more than 70 years. Despite the history of using
radioiodine for hyperthyroidism, there are no conclusive studies re-
garding the optimal procedure to be administered to patients in order to
achieve an optimal absorbed dose to the thyroid gland and a resulting
optimal clinical outcome [1].

The most common approach followed in clinical practice is the
administration of a fixed and generally high activity for all patients [2].
The implementation of an individualised dosimetric method is not
carried out for several reasons. First, the estimation of the thyroid ab-
sorbed dose with some accuracy is a complex problem that requires
additional resources and is time-consuming, so it is not considered cost-
effective [1]. Second, the administration of high activities induces hy-
pothyroidism, which is not considered a problem, as it is treated with
life-long hormonal replacement therapy [1]. Third, many clinical

studies have not shown that clinical efficacy is enhanced using in-
dividualised dosimetric approaches [1]. However, recent clinical trials
indicate an effective cure of hyperthyroidism with a relatively low in-
cidence of hypothyroidism using individualised dosimetry [3–6].

From the radiation protection point of view, radioiodine therapy
should be optimised in order to obtain the desired effect on the patient
while keeping the absorbed dose as low as reasonably achievable
(ALARA principle). Optimization and individualization of the admin-
istration of radioactivity for therapeutic purposes have been re-
commended by many scientific organizations [7,8], and the latest
Euratom Directive 59/13 states that optimization and individualization
are mandatory for the medical exposure of patients for any radio-
therapeutic purpose [9]. Thus, it is imperative to provide an in-
dividualised calculation of radioiodine 131I activity, as is the use of
suitable methods to determine the optimum amounts of 131I to ad-
minister.

There is an urgent need to introduce new tools to decrease
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uncertainties in internal dosimetry with radiopharmaceuticals, as the
availability of resources (personnel, time, and patient availability) re-
mains limited in many nuclear medicine facilities. In addition, when a
clinical dosimetry procedure is implemented, uncertainties should be
considered for every patient [10].

In the pharmaceutical industry, an important drug development tool
is population modelling [11–13]. Population models are used to iden-
tify and describe relationships between the physiological characteristics
of subjects and the observed exposure or response to medications
through statistical and mathematical methods [11–13]. This approach
allows the characterization of the kinetics of a compound in a popu-
lation with a limited number of measurements [11–13]. The application
of this method to internal dosimetry results in more reliable estimates
of the calculations and the quantification of uncertainties [14–19]. The
term population does not imply that the individual patient is ignored.
Individual data allow the description of variability and contribute to the
identification of changes in drug exposure with changing individual
parameters such as age, weight, and so forth [12]. From population
modelling, individual biokinetic parameters and the subsequent ab-
sorbed dose estimation can be optimised by using Bayesian forecasting
approaches [14–16]. Bayesian approaches are based on the inclusion of
a priori information (as population parameters) in the fitting process of
the biokinetic parameters for a new individual [13]. It has been shown
that using this approach may be used to reduce the number of samples
required in statistical estimation procedures [15].

The “gold standard” population method in biokinetics is the non-
linear mixed-effects model [11,16]. In statistics, when the investigator
controls the level of a factor, the factor is fixed. If the investigator
randomly samples the levels of a factor from a population, the factor is
random. A mixed model is a statistical model containing both fixed and
random effects. In the study of populations, it can be assumed that
population parameters would be fixed factors, while individual para-
meters would be random factors [20]. In biokinetics, fixed-effects
parameters represent the mean values of pharmacokinetic parameters
in the population, and they are unknown constants to be determined
[11–13,21]. Random effects quantify interindividual kinetic variability
and residual variability. Interindividual kinetic variability represents
the differences among parameters of different patients in the study
population [11–13,21]. Residual variability represents the difference
between the predicted values by the model and the observed values due
to intra individual random variability: experimental errors, sampling
error, and model selection [11–13,21]. The identification of the factors
contributing to these variabilities and the exploration of their correla-
tion with fixed effects are usually important components in population
studies [11–13,21]. Mathematically, random effects are modelled as
random variables assuming certain conditions. Nonlinear mixed-effects
modelling can be used to obtain all parameter values (fixed and random
effects) in a single stage, which, with few data per individual, can be
fitted [11–13,21]. With this approach, population parameter values are
estimated through the simultaneous operation of all individual data
[11–13,21]. Moreover, the biokinetic individual data may be scarce,
different between individuals, or have irregular sampling times
[11–13,21]. To date, there are very few papers on the use of nonlinear
mixed-effects modelling in radioiodine dosimetry [14–16]. These works
used a large amount of data to build the model, from 4 to 12 mea-
surements per patient, but in nuclear medicine facilities, hardly more
than three measurements are taken per patient.

The objective of this work was to design and validate a population
model applied to radioiodine biokinetics in patients with Graves’ dis-
ease using a nonlinear mixed-effects approach and three samples per
patient. Scarce input data may produce a large bias in the estimation of
the model parameters, but this also allows for the evaluation of the
performance of this statistical tool under suboptimal conditions similar
to real practice clinical conditions. Obtaining a validated model would
allow the following:

1. Determination of population mean values and interindividual and
residual variabilities.

2. An enhanced accuracy in the absorbed dose calculations for in-
dividualised therapy with 131I [14–16].

3. Collection of fewer measurements from patients [14–16].
4. Prediction of unknown or missed observations.
5. Completion of patient data if, for any reason, they could not be

properly obtained.

2. Materials and methods

123I uptake values from 58 patients (39 women and 19 men; mean
age [48 ± 12] years; range [26–85] years) who received radioiodine
treatment for Graves’ disease in our center were used to build the po-
pulation biokinetic model. 123I uptake values were used to determine
the optimal activity of 131I to administer to patients. The protocol im-
plemented is described below.

2.1. Dosimetric method

The dosimetric method used was previously described by Matheoud
et al. [22], with some changes. Thyroid size and iodine biokinetic
parameters were retrieved from planar scintigraphic images at 4, 24,
and 96 h after injection of 111MBq of 123I. The acquisition time was
5min for the first two acquisitions (at 4 and 24 h) and 10min for the
last acquisition. Planar scintigraphic imaging at 4 h was used to confirm
hyperthyroidism.

Because therapy with 131I liquid is administered orally, matching
with the last measurement (at 96 h) taken from 123I, patients visit the
hospital a total of three times (one more time than using the fixed ac-
tivities procedure). Absorbed dose values estimated from 131I were not
carried out. As verification, the decay-corrected uptake values between
the two radioisotopes were compared in a few patients at 24 h post-
administration. Antithyroid medication was stopped 10 days before the
treatment. A total of 370MBq of 131I liquid was requested to enable a
customised activity for Graves’ disease, and it was the highest activity
administered to the patients.

The images were acquired with a dual gamma camera (Siemens-E
CAM, Siemens Healthcare, Erlangen, Germany) equipped with a plane-
parallel low-energy collimator, high resolution, two detectors, and a
256× 256 matrix size. The administered activity measurement was
carried out using an activimeter (Veenstra model VLB-202, Comecer
Netherlands, Joure, the Netherlands).

Calculation of the therapeutic activity of radioiodine 131I was car-
ried out using the medical internal radiation dose (MIRD) approach.
The MIRD formula for the absorbed dose, DMIRD, in the thyroid, T,
following the new nomenclature [23] is as follows:

∞ = ∼ ∞ ←D (T, ) A(T, )S(T T)MIRD (1)

∫∼ ∞ =
∞

A (T, ) A(T,t) dt
0 (2)

where DMIRD (T,∞) is the mean absorbed dose in the thyroid, ∼ ∞A (T, ) is
the time-integrated radioiodine activity in the thyroid, ←S( T T) is the
absorbed dose per unit of activity, and A (T, t) is the activity in the
thyroid at time t.

Derived by a bicompartmental model [22], the following analytical
formula is used to describe thyroid iodine uptake over time (U(t)),
which enables calculation of ∼ ∞A (T, ):

= −
−

− − −U(t) U k
(k k )

(exp( k t) exp( k t))0 a

a e
a e (3)

where U0 is the fraction of iodine that is transferred to the thyroid or
the maximum fractional thyroid uptake, ka is the rate of biologic intake
or absorption (the most important term when t < Tmax, where Tmax is
the time of maximum activity), and ke is the rate of biological clearance
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or elimination (the most important term when t > Tmax). As ke is two
orders of magnitude smaller than ka, Eq. (3) is always defined.

In Eq. (3), we consider only biologic parameters (decay-corrected
activity data) because 123I is used for determining kinetics in patients,
and 131I is used for therapy.

As =A(T, t) A U(t)0 , where A0 is the administered activity, and
=ke

ln 2
Te,b

, where Te,b is the biological half-life, the integration of (2) is
given by:

∼ ∞ = =A T( , ) A U
k

A U T
ln 2

0 0

e

0 0 e,b

(4)

To calculate the therapeutic activity to obtain the planned absorbed
dose, we must consider the physical half-life of 131I. Thus, we replace
biologic half-life (Te,b) with effective half-life (Teff) in (4), and the final
expression for time-integrated radioiodine activity in the thyroid is:

∼ ∞ =A T( , ) A U T
ln 2

0 0 eff
(5)

The effective half-life is defined as Teff
−1= Tphys

−1+Tbiol
−1,

where Tphys is the physical half-life of 131I and Tbiol is the biological
half-life, which is estimated from the analysis of planar scintigraphic
images obtained using 123I.

Thus, from (1) and (5), and considering the thyroid as the ellipsoid
of rotation, where the S factor is 2.7/mass (Gy/MBqd) [22] and mass is
expressed in grams, the activity to obtain the desired absorbed dose can
be expressed as:

=A (MBq) 0.256
D(Gy) m(g)

U T (d)0
0 eff (6)

Activities were calculated for a prescribed absorbed dose of 120 Gy.
Changes in thyroid mass were not taken into account after therapeutic
activity administration.

Biological uptake values (decay-corrected data) were obtained from
scintigraphic images using 123I. The gamma camera calibration factor
(cps/MBq) was measured with syringes of different volumes located
inside the neck phantom® (Biodex Medical System, New York, USA).
The activities used were of 111MBq.

The volumes selected were 2, 6, 10, 14, 20, and 40mL. The center of
the syringe was placed 3.5 cm from the surface of the phantom. This
depth corresponds approximately to the mean value of the range of
effective thyroid depths of hyperthyroid patients (2–5 cm) [24].

The relationship between the gamma camera calibration factor and
the volume of the syringe was adjusted to a quadratic function. In this
way, the calibration factor used in each patient was different and de-
pended on the estimated thyroid volume, which thus represented a
method for scattered radiation compensation.

Attenuation correction was not performed, but we estimated the
bias of the calibration factor. The differences in the calibration factors
were +16% at a 2-cm depth and−9% at a 4.7-cm depth with respect to
the reference depth.

Biological uptake values were calculated from the gamma camera
calibration factor and the region of interest (ROI) and background on
planar images of the neck.

The ROI was delineated by a threshold of 40% of the maximum
value of the values in the image. This threshold was obtained by
comparing the actual dimensions of the syringes with those obtained in
the planar images during the calibration process. The differences be-
tween the actual and estimated volumes of the syringes were less than
10%.

The background was drawn on a region close to the subclavian
vessels and normalised to the size of the ROI. The Siemens Syngo MI
Applications VB10B software® (Siemens, Erlangen, Germany) allows
users to semi automatically draw the ROI and the background.

Uptake values at times ti (i= 1,2,3; t1= 4 h, t2= 24 h y t3= 96 h)
were calculated as follows:

= − λU(t ) (C C )
CF(V)A

exp( t )i
ROI BKG

patient
fis i

(7)

where CROI is the count rate in the ROI, CBKG is the counts rate in the
background normalised to the nodule ROI size, CF(V) is the volume-
dependent gamma camera calibration curve obtained from the neck
phantom, Apatient is the activity of 123I injected, and λexp ( t )fis i is the
radioactive decay correction.

Because each patient provides three pairs of data, (ti, U (ti)), the
parameters in Eq. (3) can be uniquely determined. As a quality control
measure, the number of pixels in the ROI on the images acquired at 24
and 96 h was verified and did not differ by more than 2% from the ROI
obtained during the acquisition at 4 h. If this value was exceeded, the
threshold of the images was adjusted, and then the range of thresholds
taken was [37–45%]. At 96 h, the mean number of counts in the ROIs of
the patients was 11,000, and the signal-to-background ratio was 5:1.

In five patients, it was verified that the uptake values of 131I were up
to 10% lower than those of 123I at 24 h after administration. Decay-
corrected uptake values of 131I were obtained following the described
method but using a high-energy collimator.

The thyroid is considered a rotating ellipsoid with a and b as the
vertical and horizontal axes with dimensions expressed in centimeters;
assuming the density is 1 g/mL, the functioning mass is then πab2/6.
The estimated average thyroid mass was 25 ± 17 g (24 ± 15 g for
women and 28 ± 22 g for men). More details about this method can be
found in our previous work [25].

2.2. Statistical modelling

A nonlinear mixed-effects model was used to characterize the iodine
biokinetics in the study population. The rate of biologic intake is always
two orders of magnitude higher than the rate of biologic clearance [26];
thus, the relationship (3) can be approximated as:

= − −U t U exp k t exp k t( ) - ( ( ) - ( ))a e0 (8)

where U0, ka, and ke represent the level of uptake, rate of biologic in-
take, and rate of biologic clearance, respectively.

Eq. (8) represents the basic structural model, or systematic com-
ponent, that describes the system. In addition to the systematic com-
ponent, we must consider the system random components, or noise.
Random components are described by a statistical model called a var-
iance model [13].

We studied 58 patients and 174 (58 times 3) uptake values, so the
observed uptake Uij for patient j (j = 1…58) at time i (i = 1, 2, 3) be-
comes:

= − − + εU - U (exp( k t ) - exp( k t ))ij 0_j a_j i e_j i ij (9)

where U0_j is the maximum fractional thyroid uptake for patient j; ka_j is
the intake rate for patient j; ke_j is the clearance rate for patient j; ti
(i= 1,2,3), where t1= 4 h, t2= 24 h, or t3= 96 h represents the time
elapsed after the administration of radioiodine; and εij is the residual
variability, residual error, or intrapatient variability that is modelled as
a random variable.

Constant rates must be positive, so we applied natural logarithms:
k′a_j = log ka_j and k′e_j = log ke_j. This reparameterization is used for
fitting the nonlinear mixed-effects model without constraints [21].
Thus,

= − ′ − ′ + εU - U (exp( exp(k )t ) - exp( exp(k )t ))ij 0_j a_j i e_j i ij (10)

To introduce fixed and random effects in a nonlinear mixed-effects
model, we can rewrite the relationship (10) as follows:

= + − ′ + ′ ′

− ′ + ′ − ′ + ε

U - (Ū (U Ū )) [ exp( - exp(k̄ (k - k̄ ))t )

exp( - exp(k̄ (k k̄ ))t )]

ij 0 0_j 0 a a_j a i

e e_j e i ij (11)

where ′ ′U k k¯ , ¯ , ¯a e0 represent the mean values (in log base the last two) of
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the parameters in the population of patients. These terms are called
fixed effects.

In the mixed-effects model, the deviations of individual values from
the mean value of the coefficients (the fixed effects) are considered
random effects, treating the patients as a sample from a population.
Thus, = −α U Ū1j 0_j 0, = ′ − ′α k k¯ ¯j2 a_j 2, = ′ − ′α k k¯ ¯j e j3 _ e , where (α1j, α2j, α3j)
represents interindividual variability or between-subject variability
with random variables. We denoted these variables as the array αj.

The relation (10) can be written as:

= + − ′ + − ′ + +α α α εU - (Ū )) [ exp( exp(k̄ )t ) - exp( exp(k̄ )t )]ij 0 1j a 2j i e 3j i ij

(12)

The assumptions of this model are as follows: a) fixed effects are
represented by

→ ′ ′k kU , ¯ , ¯0 a e and b) random effects of interindividual
variability are expressed as the matrix αj with j= 1…58. The random
effects are modelled as multivariate normal (N), with mean 0 and
variance-covariance matrix Ψ, and are independent between patients
and independent of the residual variability. The variance-covariance
matrix Ψ is assumed to be symmetric and positive semidefinite; that is,
all of its eigenvalues must be nonnegative. This condition simplifies the
calculations for obtaining model parameter values [21]. Thus,

αj ∼

⎛

⎝

⎜
⎜⎜

⎞

⎠

⎟
⎟⎟

N

ψ ψ ψ

ψ ψ ψ

ψ ψ ψ

(0 )
11
2

12 13

21 22
2

23

31 32 33
2

c) Residual variability εij represents the measurement error and has
the same statistical properties for all patients. This error is assumed to
be independent of the measure, patient, and time, and it shows a
normal distribution with mean 0 and variance σ2.

Model parameter values were estimated with the maximum-like-
lihood method using Lindstrom and Bates’ algorithm [21,27], which
was implemented in the nlme function (linear and nonlinear mixed-ef-
fects models) of the R statistical environment (R Core Team 2014). This
algorithm and nlme function are detailed in several previous articles
[21,27].

The general model was compared with a model diagonal covar-
iance-variance matrix (independent random effects) using the Akaike
information criterion (AIC) [21] and the Bayesian information criterion
(BIC) [21].

These information criterion statistics are defined from the logarithm
of the likelihood function L as:

= − +AIC 2log(L) 2npar (13)

= − +BIC 2log(L) n log(N)par (14)

where npar denotes the number of parameters in the model and N de-
notes the total number of observations used to fit the model. Under
these definitions, lower values are better.

AIC and BIC reward goodness of fit but also include a penalty that
increases when the number of estimated parameters increases. The
penalty discourages overfitting. To ensure statistical significance, a
likelihood ratio test [21] was used to select the “best”model. This test is
a statistical test of the goodness of fit between two nested models. A
more complex model is compared with a simpler model to see if it fits a
particular dataset significantly better. The null hypothesis is that the
smaller model is the “best” model; if the null hypothesis is rejected,
then the larger model is a significant improvement over the smaller one.

Once the model was selected, to take into account the possible re-
lationship between the biokinetic parameters and the patients’ three
covariates (i.e., age, sex, and thyroid mass), we evaluated the scatter
plot of the data (biokinetic parameters versus covariates) and added
these covariates to the model. In pharmacokinetics, a covariate is any
variable that is specific to an individual and may influence the phar-
macokinetics of a drug. Thus, if a covariate is added to the model, the
model may be enhanced.

2.3. Statistical model validation

The validity of the model assumptions was assessed using the
Kolmogorov-Smirnov test [28], Bartlett’s test [29], and diagnostic plots
representing standardised values versus fitted values and sample
quartiles versus theoretical quartiles.

We calculated the root mean squared error (RMSE) of the uptake
values to verify the goodness of fit of the statistical model. The pre-
dictive power of the model was evaluated using the leave-one-out cross-
validation (LOOCV) method. In the LOOCV method, an observation is
removed, and then the model parameters are fitted again (with all
observations less the removed observation), and the removed ob-
servation is predicted using the parameters of the new model. This
procedure was repeated for each observation (a total of 174 times).
These predictions are named “out-of-sample” predictions, while the
predictions of observations that are part of input data of the model are
named “in-sample” predictions. Predictions of observations were made
using the empirical best linear unbiased prediction method [21,27],
which was implemented in the R statistical environment [30]. The total
number of predictions is lower than 174 for a lack of convergence of the
maximum-likelihood algorithm to fit the model to some datasets.

The differences between observed uptake values and out-of-sample
predicted values were measured using the root mean squared error of
prediction (RMSEP). In this case, RMSEPuptake was calculated according
to:

=
∑ ∑ −= =

−

RMSEP
(U U )

Nuptake
j 1
N

i 1
N

ij,obs ij,pred
ij 2j i

(15)

where Uij,obs is the observed uptake value in the jth individual at the ith

time, U−ij
ij,pred is the predicted uptake value in the jth individual at the ith

time, Nj is the total number of patients, Ni is the predicted uptake points
number in the patients, and N is the total number of predicted ob-
servations.

Note that RMSEPuptake is a metric to evaluate the quality of pre-
diction of unknown values (we “guess” the left-out observation by a
model built on the kept observations) while RMSE evaluates how close
the “predicted” value by the model is to the observed value but using as
input data (for building the model) of all observed values. The RMSE
and RMSEPuptake were calculated as a function of 123I uptake time point
(4, 24, and 96 h).

In addition, we evaluated the error in the calculations of the 131I
activity to administer when one measured 123I uptake value is replaced
by the (out-of-sample) predicted 123I uptake value. Thus, when an ob-
servation was removed, we predicted the eliminated observation using
our newly fitted model and then obtained new individual biokinetic
parameter values and a new therapeutic activity to administer. This
new therapeutic activity to administer was named “predicted activity.”

The differences between the “predicted” activities and “real” ac-
tivities (calculated activities from measured 123I uptake values) were
measured using the following expression for RMSEPactivity:

=
∑ ∑ −= =

−

RMSEP
(A A )

Nactivity
j 1
N

i 1
N

j,obs ij,pred
ij 2j i

(16)

where Aj,obs is the calculated activity of 131I in the jth patient and A−ij
ij,pred

is the predicted activity of 131I from the dataset for the jth patient and
the ith replaced observation. RMSEPactivity was calculated as a function
of 123I uptake time point (4,24, and 96 h).

Plots and statistical parameters were calculated using the R statis-
tical environment [30], and metrics were calculated using a spread-
sheet.

3. Results

Table 1 shows the AIC, BIC, and Log (L) values of the two models,
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that is, the general model (variance/covariance matrix is positive-de-
finite and symmetric) and independent random-effects model (var-
iance/covariance matrix is diagonal).

A lower AIC or BIC value indicates a better fit. As shown in Table 1,
the general model was selected.

Fig. 1 shows the observed uptake values after decay correction for
123I (points) versus time (hours) for four patients. The individual uptake
curve (dotted line) and average population curve (solid line) were es-
timated from nonlinear mixed-effect modelling.

The addition of all covariates studied (age, sex, and thyroid mass) to
the model either did not significantly enhance the fitting or the fit did
not converge, and the examination of the scatter plot did not show any
relationship between the biokinetic parameters and the covariates.

Estimates of the fixed and random effects are given in Tables 2 and
3, respectively. Fixed effects are shown with standard errors and their
values in the original scale, that is, exp(mean value), which are named

as k̄a and k̄e
For random effects, the variance-covariance matrix, standard de-

viations of random effects (residual and interindividual variability), and
correlations among random effects α are presented.

Diagnostic plots did not indicate serious departures from normality
(not shown). The Kolmogorov-Smirnov test and Bartlett’s test con-
firmed the normality and variance constancy of the residual error. The
Kolmogorov-Smirnov test confirmed the normality of random effects.

Table 4 shows the RMSE of in-sample predictions of uptake values
from the fitted model and the RMSEPuptake of out-of-sample predictions
of uptake values from the LOOCV. RMSE and RMSEPuptake are shown as
a function of 123I uptake time point.

Table 5 shows RMSEPactivity values of 131I activities to administer as
a function of uptake time point.

“Predicted” activities to administer were calculated from the out-of-
sample predictions of uptake values of 123I and the LOOCV. “Real”131I
activities to administer were taken from calculated activities of the
measured uptake values of 123I.

4. Discussion

In this work, a population biokinetic model for radioiodine in the
thyroid of patients with Graves’ disease was designed. In general, the
assumptions of the model were verified, and only a few outliers ap-
peared in the data.

The fixed effects, which represented the mean values of population
biokinetic parameters obtained in this study, showed differences and
similarities in relation to those obtained in other studies. Specifically,
the estimated maximum fractional thyroid uptake (U0) was similar to
that found by Areberg et al. [16] and Jöhnson et al. [31] but different
from that reported by Merrill et al. [14]. Otherwise, the effective half-
life was similar to that found by Merrill et al. [14], Jönsson et al. [31],
and Carlier et al. [32] but was 25% higher than that reported by Are-
berg et al. [16]. The rate of intake was 40% lower than that obtained by
Areberg et al. [16] and Merrill et al. [14]. However, we should note that
only Merrill et al. [14] and Areberg et al. [16] used a nonlinear mixed-
effects model (see Table 6).

These differences can be explained several ways. First, the study
populations are different because they correspond to different locations.
In addition, we employed a model with additive error, as did Areberg
et al. [16], while Merrill et al. [14] applied a multiplicative error. In
addition, the procedures performed to acquire uptake values in the
thyroid were distinct. Areberg et al. [16] used a thyroid uptake probe,
and Merrill’s data were obtained with an ionization chamber. Areberg
et al. [16] included different varieties of hyperthyroidism, including
diffuse goiter, multinodular goiter, and adenoma, while we included
only Graves’ disease patients. Areberg et al. [16] and Merrill et al. [14]
included four and seven samples per patient, respectively, and these
authors also used 131I.

The developed statistical model included 10 parameters, and cov-
ariates were not included because correlations were not shown from the

Table 1
Comparison of the general model versus independent random effects model.

Model AIC BIC Log (L)

General –391.7 –360.1 205.9
Independent random effects –317.6 –295.5 165.8

Likelihood ratio test (p < 0.0001).

Fig. 1. Observed biologic uptake values after decay correction for 123I (points),
individual uptake curve (dotted line), and average population curve (solid line)
estimated from nonlinear mixed-effect modelling for four patients.

Table 2
Fixed effects: estimated values and standard errors.

Variables Estimated values Standard error

Ū0 0.575 0.020
′k̄a –1.221 0.056

′k̄e –6.44 0.10

k h¯ ( )a - 1 0.2949 —

k h¯ ( )e - 1 0.0016 —

Table 3
Random effects: variance-covariance matrix, standard deviations, and corre-
lations.

Variable Values

Variance-covariance matrix (Ψ) ⎛

⎝
⎜

⎞

⎠
⎟

0.020 0.042 0.021
0.042 0.133 0.138
0.021 0.138 0.221

Residual standard deviation 0.029
Standard deviation (α1) 0.14
Standard deviation (α2) 0.36
Standard deviation (α3) 0.47
Correlation (α12) 0.81
Correlation (α13) 0.31
Correlation (α23) 0.81
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plots between biokinetic parameter values and covariates. Our model is
more complex than Areberg’s and Merrill’s basic models, which in-
cluded seven parameters (diagonal variance-covariance matrix), al-
though Areberg et al. [16] added more covariates to enhance the pre-
dictive accuracy of the model. However, our model was more practical
because we included three samples per patient; moreover, the residual
error was 0.0258, whereas Areberg et al. [16] obtained a value of 0.018
and Merrill et al. [14] obtained a value of 0.1156. Nevertheless, as the
optimal number of samples to fit a curve for the kinetics of radioiodine
thyroid uptake moves from five to eight [15], we must assume para-
meter estimates and predictions are biased [13]. In addition, our sam-
pling time sequence to fit the uptake curve was not optimal. Merlé et al.
[13], Merrill et al.[14], and Amato et al.[33] determined the optimal
sampling time sequence for radioiodine therapy in Graves’ disease and
other benign thyroid diseases for three measured points. The sampling
time sequences obtained were t= 1-12-296 h, t= 4-96-168 h, and
t= 3(6)-24-168 h, respectively. In our case, as 123I has a physical half-
life of 13.2 h, it would be useless to perform acquisition images later
than 96–120 h from administration (to achieve an acceptable signal-to-
noise ratio).

Interindividual variability was 25% for uptake, 38% for intake rate,
and 50% for clearance rate, compared with the values of 18%, 33%, and
59%, respectively, given by Areberg et al. [16] (model without cov-
ariates). It is remarkable that interindividual variabilities were similar
in both studies because Areberg et al. [16] included seven times more
patients than we did, which was likely due to the inclusion of all thyroid
benign diagnoses in that study. Otherwise, Merrill et al. [14] reported
interindividual variabilities greater than 100%. In this case, the dosi-
metric procedure and error modelling used could explain these differ-
ences. Thus, to obtain accurate uptake values, the calibration factor
(activity/counts) must be corrected for scatter and source attenuation

[24,34], but in practice, corrections are generally not made. In this
work, a quadratic fit of the gamma camera calibration factor against the
functioning volume (obtained from a neck phantom at an intermediate
depth of measurement) was performed with the least squares method
[25]; as a result, it is likely that interindividual variabilities were lower.

Another issue regarding methodology is the administration of 123I
instead of 131I to predict thyroid kinetics. There are practical ad-
vantages involving the selection of 123I with our protocol, such as the
acquisition of all dosimetric parameters in the diagnostic phase, a re-
duction in the number of hospital visits (the patient makes only one
additional medical visit), optimal image resolution, and the decrease in
time elapsed between the diagnostic phase and therapy (4 days),
whereby more reliable thyroid uptake values can be obtained [35]. In
addition, the agreement of the uptake values between the two isotopes
must be compared. Canzi et al. [26] reported high correlations among
dosimetric parameters obtained with each isotope (0.88 for maximum
uptake and 1.01 for effective half-life of clearance), and in a previous
work [25], we verified this agreement in a select number of patients for
the uptake at 24 h after radioiodine administration. It is true that at
96 h, the scintigraphic image is noisy and the measurement not suffi-
ciently late for high-accuracy estimates of the effective half-life. Will-
egaignon et al. [36] reported a deviation mean of 13 ± 11% between
the effective half-life of clearance calculated by considering a set of six
measured points (2-6-24-48-96-220 h) against a set of two points
(24–96 h) after radioiodine administration. Matheoud et al. [22] found
deviations ranged between −14% and 13% with a set of three mea-
sured points (4–24-120 h). Amato et al. [33] reported a mean deviation
of 1 ± 15% between therapeutic activity calculated with a set of six
measured points (3-6-24-48-72/96-168 h) against a set of three points
(3-24-96 h). Thus, in our case, taking an uncertainty of 15% (for not
including another measurement later than 96/120 h) and assuming a
measurement uncertainty of 20% at 96-h measurement, the impact on
dose assessment is lower than 25%.

Based on all of these results, we believe that 123I data and 131I data
could be similar or, at least, the performance of this tool and the results
obtained should be analogous to that using input data obtained with
131I. However, it is true that in order to achieve a full verification of all
methos described (specially using 123I instead 131I), is necessary to use
or compare with 131I data.

Because of the described limitations of 123I as a radiotracer in
radioiodine therapy, we sought to investigate new tools to increase the
accuracy of the absorbed dose estimates in thyroid therapy. The applied
dosimetric method in our center seeks a compromise among the accu-
racy of the calculations, the consumption of resources, and patient
comfort.

The correlation between the observed and fitted uptake values was

Table 4
RMSE values of in-sample predictions and RMSEPuptake values of out-of-sample predictions (from the LOOCV) as a function of 123I uptake time point.

Uptake time point Number of in-sample predictions RMSE (CV) Number of out-of-sample predictions RMSEPuptake (CV)

[4 h] 58 0.014 (3.3%) 58 0.079 (19%)
[24 h] 58 0.022 (4.1%) 55 0.039 (7.1%)
[96 h] 58 0.019 (3.8%) 56 0.053 (11%)
All 174 0.019 (3.8%) 169 0.059 (12%)

CV: coefficient of variation=RMSE or RMSEPuptake/observed mean uptake value, expressed in percentages.

Table 5
RMSEPactivity values of 131I activities to administer derived from the out-of-
sample predictions of uptake values of 123I, as a function of uptake time point.

Uptake time point Number of predictions RMSEPactivity (CV)

[4 h] 58 26 (10%)
[24 h] 55 22 (8.5%)
[96 h] 56 38 (15%)
All 169 30 (12%)

CV: coefficient of variation=RMSEPactivity/real mean activity, expressed in
percentages.
Predicted activities were obtained from out-of-sample predictions of uptake
values of 123I from the LOOCV.
Real calculated activities were taken from the measured uptake values of 123I.

Table 6
Population biokinetic parameter values in the literature.

Study Maximum uptake (%) Elimination effective rate (days) Intake rate (%)

Areberg et al. [16] 53 4.2 0.4055
Merrill et al. [14] 79 5.3 0.4142
Jönsson et al. [31] 63 5 —
Carlier et al. [32] — 5.1 —
Present study 57.5 5.6 0.295
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very high (RMSE=4%), and the thyroid uptake could be estimated
with a low uncertainty (residual variability= 3%).

The predictive performance of the model, which was evaluated by
RMSEPuptake, was 12% using the LOOCV procedure. The RMSEPuptake
was lower for the uptake value at 24 h (7%) and higher for the uptake
value at 4 h (18%). These results can be intuitively understood, as there
were measuring points with higher weight than others in the model.
Merlé et al. [15] studied this problem, applying the concept of Shannon
information. These authors concluded, from 12 data points per patient
(1-2-4-6-12-24-48-72-96-168-192-216 h) from 101 patients, that the
optimal sampling time sequence was 2 h for a 1-point schedule and 2
and 168 h for a 2-point schedule. Our results are consistent with these
conclusions, as lower RMSEPuptake values corresponded with the earlier
measurement and the latest measurement for the 2-point schedule, and
a higher RMSEPuptake was calculated when the first measurement was
removed.

The RMSEPactivity was 12%. In this case, the last measurement (96 h)
was the most important (the RMSEPactivity was higher when this mea-
surement was eliminated). This result is coherent with that of Merrill
et al. [14], who reported that the optimal time with the 1-point sche-
dule was the last sample (168 h) for calculation of integrated-time ac-
tivity. The importance of the late uptake measurement has also been
discussed by other authors [33,37,38].

An important fact to highlight is that we evaluated the error in-
volved in making predictions by the model and the derived errors in the
calculations. Merrill et al. [14] measured the uncertainty of the bioki-
netic parameters obtained through the resampling of their data (boot-
strapping), but they did not evaluate the predictive ability of out-of-
sample observations.

Mixed-effects modelling is a very practical tool because population
biokinetic parameter values can be calculated in a one-stage approach,
where it is not necessary to obtain individual parameter values initially
and the accuracy of individual biokinetic parameter values can be en-
hanced. Moreover, model parameters can be calculated with un-
balanced data, missing values, and few samples per patient.

The calculation time for all parameters depends of the choice of
initial values. In our case, we used a heuristic procedure, but there are
simpler procedures [21]. A desktop computer took 9 s to obtain the
model parameter values (four cores at a 3.4-GHz frequency).

The implemented tool enabled us to classify sampling schedules for
the thyroid uptake curve as a function of predictive accuracy, which
could be used to select the optimal schedule according to the time and
resources of the center. For example, we could use a 2-point schedule
with two measurements (4 and 96 h) and to make the prediction of the
24-h measurement by the model, because the 3-point sequence had an
RMSE of 4%, and the previous 2-point schedule (together with the
prediction of the 24-h measurement) had an RMSEPactivity of 8.5%. This
finding is consistent with those of Merrill et al. [14] and Merlé et al
[15], showing that a third measurement provides a small additional
improvement.

The building of the population biokinetic model initially requires a
large amount of patient data, but unlike other papers, we evaluated the
performance of this statistical tool in non ideal conditions (with three
samples per patient), which is more in line with that obtained in clinical
practice.

In addition to delivering the optimal absorbed dose to the thyroid, it
would be beneficial to know whether the individualization of radio-
iodine 131I therapy could produce better clinical outcomes. Previous
studies seem to show positive evidence for individualization. Schiavo
et al. [5] showed an effective cure of toxic multinodular goiter with
relatively low 131I activities and a low incidence of hypothyroidism.
Rokni et al. [6] performed a meta-analysis with two randomised and
five nonrandomised studies and concluded that the calculated activity
(individualised method) may be superior to the method of fixed activ-
ities in patients diagnosed with toxic multinodular goiter. Therefore, it
is reasonable to use such methods to enhance and simplify

individualised dosimetry in hyperthyroidism from a clinical perspec-
tive.

Mixed-effects modelling may be used in several fields of biokinetic
and radiation dosimetry. In radionuclide therapy, this tool could be
useful to generate realistic time-activity curves and enhance Monte
Carlo simulations of acquisitions in therapeutic procedures [39–41]. In
oncology, this approach can be used to model tumour volume and tu-
mour regrowth kinetics [42–45] or to predict treatment outcomes in
chemoradiotherapy and/or radiotherapy [46,47]. Furthermore, these
models could be used to optimise the absorbed dose as a function of
patient-specific variables and to enhance treatment outcomes.

5. Conclusions

This work applies a general methodology to model and validate
iodine kinetics using a population-based and mixed-model approach.
This type of modelling can improve the accuracy and precision of
biokinetic parameter values included in the formulation of MIRD
guidelines to calculate individualised activity. The current model was
built from only three samples per patient, which suggests that it could
be applied in routine clinical practice.

Three important features of the present tool were demonstrated:
speed of calculation, flexibility, and high predictive ability. Thus, model
parameters were obtained with a conventional computer in a few sec-
onds. Moreover, the estimation of model parameters could be carried
out with unbalanced data, missing values and few samples per patient.
The fitted model predicted with high accuracy both observed uptake
values and new observations.

The predictive ability of this model enables quantification of the
accuracy of different time-sampling sequences of the radioiodine
thyroid uptake curve. Consequently, each department of nuclear med-
icine could determine their optimal work protocol as a function of time,
organization, and resources. In our case, we could change from the 3-
point schedule (4, 24, and 96 h) to a 2-point schedule (4 and 96 h) with
a limited loss of accuracy, as other authors have reported. A final ver-
ification of the described methods will require using 131I data.
Applications of the mixed-effects model are general and could be ex-
tended to other areas of biokinetics and radiation dosimetry.
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