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This study presents development and behaviour of a feedback turnover model that mimics
asymmetric circadian oscillations of body temperature, blood pressure and heart rate in rats.
The study also includes an application to drug-induced hypothermia, tolerance and handling
effects. Data were collected in normotensive Sprague-Dawley rats, housed at 25 !C with a
12:12 hr light:dark cycle (light on at 06:00 am) and with free access of food and water.
The model consisted of two intertwined parallel compartments which captured a free-running
rhythm with a period close to but not exactly 24 hrs. The free-running rhythm was syn-
chronised to exactly 24 hrs by the environmental timekeeper (12:12 hr light on/off cycle) in
experimental settings. The baseline model was fitted to a standardised 24-hr period derived
from mean data of six animals over a period of nine consecutive days. The first-order rate
constants related to the turnover of the baseline temperature, ! and ", were 0.026 min"1

(±5%) and 0.0037 min"1 (±3%). The ! and " parameters are approximately 2/transition
time between day and night and 2/night time, respectively. The day:night timekeeper g(t), ref-
erence point Tref and amplitude were 0.053(±2%), 37.3(±0.02%) and 3.3% (±2%), respec-
tively. Simulations with the baseline model revealed stable oscillations (free-running rhythm)
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in the absence of the timekeeper. This temperature–time profile was then symmetric and had
a smaller amplitude, with a slightly shorter period and less pronounced temperature shift as
compared to the profile in the presence of an external Timekeeper. Fitting the model to 96 hr
mean profiles of blood pressure and heart rate from 10 control animals demonstrated the use-
fulness of the model.Simulations of the integrated temperature model succeeded in mimicking
other modes of administration such as oral dosing.

KEY WORDS: pharmacodynamics;turnover model; mathematical model; set-point; free-run-
ning rhythm; circadian rhythm; oscillating model; chronobiology; Zeitgeber.

INTRODUCTION

Chronobiological rhythms (e.g., circadian) of diverse physiological
variables such as cardiovascular changes, endocrinological systems (e.g.,
insulin, oestradiol, follicle-stimulating hormone, growth hormone, prolac-
tin), locomotor activity and body temperature are common phenomena.
The intrinsic behaviour of a biorhythm in the absence of an external
timekeeper is supported by previously published experimental data such
as locomotor activity, body temperature and plasma corticosterone (l,2).
There are substantial challenges in obtaining a biorhythm model for these
responses, because patterns are often asymmetric with different day/night
time courses and are also entrained by external timekeepers such as the
12:12 light/dark cycle in laboratory settings.

From a pharmacokinetic–dynamic reasoning in general and a drug
discovery perspective in particular, a correct description of the normal
baseline biorhythms is of importance in order to avoid biased or imprecise
results and is used primarily for optimal design of in vivo pharmacology
studies. Some methods have recently been used to describe biorhythms,
most of which are based on trigonometric functions such as a single cosine
function or Fourier series (3,4). Others have used self-oscillating differen-
tial equations for glucose/insulin turnover. For our purposes of using body
temperature, blood pressure or heart rate in a safety pharmacological set-
ting, there are no straightforward methods of capturing free-running bio-
rhythms or asymmetric circadian profiles, tolerance development to drug
effects or even animal-handling effects. This is, nevertheless, of consider-
able importance in order to separate not only genuine drug effects from
biorhythms, but also other disturbances such as handling effects during
administration of a test compound or disturbances due to animal care
(e.g., changing water bottles).

Accordingly, the aims of this report are to propose, for our purposes
in in vivo pharmacology, a turnover model of biorhythms and to chal-
lenge the model by additional experimental data and model simulations.
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The additional experiments included data derived from 5 days’ constant
exposure to a new analgesic compound for which tolerance to body tem-
perature was observed. Also, a simple function for animal-handling was
introduced. Finally, model simulations were performed in order to mimic
the impact of other modes of administration of the test compound for
comparisons with experimental data.

MATERIALS AND METHODS

Animals

Male Sprague-Dawley rats (Supplier B&K Scanbur AB, Sollentuna,
Sweden) that had been acclimatised for at least 5 days were used for the
in vivo studies. During the experiments, the rats were housed individually
in transparent cages with wood shavings as bedding and with free access
to food (Lactamin, Stockholm, Sweden) and tap water under the following
environmental conditions: temp: 18–22 !C; humidity: 40–60%; ventilation:
15–20 air changes per hour; artificial illumination: 12 hr light/12 hr dark
(lights on at 6 am). All in vivo body temperature data and blood samples
were collected at the Department of General Pharmacology, AstraZeneca
R&D Södertälje, Sweden.

The baseline body temperature data were recorded in six control ani-
mals for nine consecutive days (5 days prior to and 4 days during contin-
uous subcutaneous infusion). Heart rate and blood pressure were recorded
in 10 untreated animals for 4 consecutive days.

Permission was obtained from the Animal Ethics Committee, Stock-
holm South, Sweden.

Physiological Measurement

Body temperature, blood pressure and heart rate were continuously
monitored for 5–7 days in freely moving rats using a telemetric sys-
tem (PhysioTel Telemetry system, DSI). A transmitter (Physiotel implant
TL11M2-C50PXT system, Data Sciences, St. Paul, Minn., USA) was sur-
gically implanted into the peritoneal cavity of each rat at least 3 days prior
to the start of measurement. The cage was placed on a corresponding
receiver plate (PhysioTelTM Receiver models, RLA2000, RLA 1020 and
RPC-1, Data Sciences, St. Paul, Minn., USA) connected to a computer
through a Dataquest Exchange Matrix. Body temperature, heart rate and
blood pressure were measured at regular intervals (every 2–60 min) and
exported to Microsoft Excel.



Sällström et al.

Chemicals and Dosing

An experimental alpha receptor agonist (test compound) being devel-
oped for the indication pain (AstraZeneca) was given either via either con-
tinuous subcutaneous (s.c.) administration or oral administration (gavage).
See Table I for experimental design. Test compound solutions were pre-
pared on the day of use. Saline (9 mg/ml, Braun Medical AB, Bromma,
Sweden) was used as vehicle.

Alzet! osmotic minipumps (Model 2001d,8 µl/h) were used for con-
tinuous s.c. delivery of the test compound. Three different infusion rates of
25,100 and 200 nmol · kg "1 · h"1 were used. The Alzet! pumps were prein-
cubated in saline at 37 !C for 3 hr prior to being inserted s.c. At the time
of dosing, a small incision was made in the back of the animal and the
pump was inserted with the flow modulator pointing away from the inci-
sion. The pumps were removed after the 5-day infusion period. The animals
were briefly anaesthetised with 5% enflurane during insertion and removal.

Two different oral dosing rates of 500 and 1550 nmol · Kg"1 · day"1 of
the test compound were used and the doses were given twice daily at 9 am
and 3 pm for 7 days. Vehicle-treated animals were used as controls.

Blood Sampling and Plasma Concentration Analysis

Blood samples were drawn from some animals via a tail vein at 24,
96 and 120 hr during the continuous s.c. infusion and at 0.5, 1, 2 and
4 hr on day 7 of oral dosing in order to confirm plasma exposure to test
compound. Variability of the assay was below 20% and the concentrations
were within the calibration curve. Plasma samples were analysed for the
test compound at Bioanalytical Chemistry, AstraZeneca R&D Södertälje,
Sweden.

Table I. Dose, Units, Regimen, Duration and Number of Animals

Dose Units Regimen Duration (days) No. of animals

100# nmol · kg"1· h"1 i.v. injection acute dosing 3
400# p.o. gavage acute dosing 3
25 nmol · kg"1· h"1 s.c. Alzet! 5 3
100 6
200 3
0 nmol · kg"1· day"1 Twice gavage 7 3
500 2 $ 250 6
1550 2 $ 750 5

# Was included for assessment of the pharmacokinetics of test compound in a screening study.
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Modelling of Biorhythms

The biorhythm model was designed to describe the normal baselines
of body temperature, blood pressure and heart rate in untreated rats.
Typical characteristics of this baseline profile are:

• Sharp jumps at the transition from day to night and from night to
day

• A low, and slowly increasing response-time course during the day

• A high, and slightly decreasing profile during the night

These features suggest a relaxation oscillation such as described by
the classical Van der Pol oscillator (5). Thus, this oscillator was chosen
as a starting point of the construction. The effect of night and day was
incorporated by adding a forcing term with a 24 hr period, the Zeitgeber
or time keeper. It was off during the day and on during the night. Such
a system would still yield a symmetric baseline profile: the shape of the
profile would be the same during night and day time, only reversed. To
introduce the required asymmetry into the profile, one of the two differen-
tial equations was modified so that at night a stationary point is created
in the first quadrant. As a result of this modification, the orbit has the fol-
lowing properties: During the night time,when the time keeper is on, the
orbit slowly approaches the stationary point in the first quadrant. Dur-
ing day time, when the time keeper is off, the orbit stays away from the
stationary point, which is now located at the origin. This causes the orbit
to move faster than at night and yields a significantly increasing baseline
profile.

These considerations lead to a biorhythm model, which consists of
two coupled turnover equations involving two variables B1 and B2 and
three parameters: the rate constants ! and " and a parameter d which
measures the difference between light and dark stimulii (Block 1 in Fig.
1). We have designed the system so that the variable B1 is related to the
physiological variable, such as body temperature, the blood pressure or the
heart rate, whose oscillatory behaviour we wish to model. The complemen-
tary variable B2 has no special physiological meaning. This block gives the
free-running behaviour of the response.

The differential equations that govern the behaviour of B1 and B2 are
mathematically expressed as

!
"

#

d B1
dt = ! · (B1 " B2) " B3

1 + g(t)

d B2
dt = " · (B1 " B2)

(1)
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Fig. 1. Schematic illustration of the integrated response (e.g., temperature) model. Block 1 is
the free-running turnover model giving the oscillatory behaviour of the baseline. Block 2 is
the external 12:12 hr light on:light off cycle. Block 3 is the response function scaling the oscil-
latory behaviour to actual body temperature. Block 4 represents the turnover of response on
which the test compound is acting and Block 5 is the turnover function describing tolerance
development. Block 6 is the handling effect acting on the turnover rate of response. Block 7
describes the plasma kinetics of test compound.

where ! and " are first-order rate constants (min"1) and the timekeeper
g(t) describes the external light conditions (light on/off). The turnover
rates (input) for both B1 and B2 are governed by B1, whereas the loss of
both is governed by B2. A negative feedback loop is formed by B2, in that
an increase in B1 stimulates an increase in B2, which is then fed back into
B1, resulting in an increased loss of B1. Any change in B1 will be ampli-
fied as an increased loss via the term—B3

1 . The choice of an exponent of
3 was dictated by the fact that for this value we obtained periodic orbits
that fit the data. This model is empirical in the sense that none of !,", B1
or B2 are direct physiological measures. When the Timekeeper g(t) is set
equal to zero, then, provided ! > ", this system has a unique stable peri-
odic orbit which attracts orbits starting from arbitrary nonzero initial data
(B1(0), B2(0)). The Timekeeper g(t), which we have modeled as a square
wave function,

g(t) =
$

0 6 AM – 6 PM (light on)
d 6 PM – 6 AM (light off) (2)

in which d is a positive constant, introduces a forcing term in an otherwise
autonomous system. The function g(t) has been chosen so that g(t) > 0
(and so raises B1) during the night, when activity is higher, and g(t) = 0
during the day. We find that the forced system also has a stable periodic
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orbit which attracts orbits starting at arbitrary initial values. It has the
same period as the Timekeeper.

The generic function B1 then needs to be rescaled to the size of
the actual physiological variable (e.g., body temperature, blood pressure
or heart rate) and its corresponding amplitude (Block 3 Fig. 1, refer-
ence temperature Tref (e.g., 37.3 !C for body temperature) and amplitude
(e.g., 3% for body temperature). The amplitude parameter reflects the
peak-to-trough difference in e.g., body temperature. However, direct trans-
lation of the final estimate of the amplitude parameter to the observed
absolute peak-to-trough difference is slightly confounded by the asymmetric
behaviour of B1. This new function, Tbaseline is then

Tbaseline = Tref · (1 + amplitude · B1) (3)

The observed baseline temperature (blood pressure, heart rate) is there-
fore a combination of B1, g(t), Tref and the amplitude. The mathematical
behaviour of the baseline model and an introduction to the phase–plane
plots are given in Appendix A.

Modelling of Hypothermia

The acute hypothermic effect of the test compound was modelled by
means of a stimulatory function, S1, acting on the loss of response

dT
dt

= kin " kout · (1 + S1) · T (4)

where kin and kout are turnover rate and fractional turnover rate constants,
respectively, and T represents the hypothermic response uncorrected for
animal-handling (Block 4, Fig. 1). The stimulatory function of the test
compound, S1, was a sigmoid function:

S1 = Smax 1 · Cn

SCn
50 + Cn (5)

where C is the (population) mean plasma exposure to the test com-
pound, Smax 1 is the maximum test compound-induced stimulus and SC50
is the concentration giving 50% of Smax 1. The n parameter represents the
sigmoidicity factor influencing the steepness of S1 at SC50. When no test
compound is present, the hypothermic response T becomes

T0 = kin

kout
= Tref (6)
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This expression can then be rearranged to give the turnover rate kin

kin = kout · Tref (7)

The steady–state response at constant exposure to the test compound is
given by

Tss = kin

kout
· 1
(1 + S1)

(8)

Tss will then approach (kin/kout · /(1 + Smax 1) when exposure to the test
compound C , is much greater than SC50.

Modelling of Tolerance Development

In light of the presented experimental setting and observed data pat-
tern, there was not enough support to also include a homeostatic tempera-
ture controller. We therefore applied a model with a primary hypothermic
effect with a parallel independent action on a tolerance function Q of the
test compound. The impact of tolerance, Q, was modelled as desensitisa-
tion to the induced hypothermia. Since no rebound effects were seen after
removal of the Alzet! pump, we have chosen a simple turnover model
governing tolerance Q. Tolerance development was assumed to be trig-
gered by the plasma exposure to the test compound, and not via the actual
temperature decrease per se (Block 5, Fig. 1). The test compound stim-
ulates the loss of Q via the drug ‘mechanism function’ S2, as shown in
Eq. (9)

dQ
dt

= ktol,in " ktol,out · (1 + S2) · Q (9)

where kto1,in and ktol,out are zero- and first-order rate constants, respec-
tively. The induced stimulus, S2, is defined as

S2 = Smax 2 · C
SC50 + C

(10)

having a similar potency, SC50, but a separate maximum level, Smax 2,
compared to the stimulus driving the hypothermia (Eq. (5)). In the
absence of the test compound, Q0 is set to unity according to

Q0 = ktol,in

ktol,out
= 1 (11)
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In the presence of the test compound, Qss is written as

Qss = 1
1 + S2

(12)

Qss will then approach 1/(1 + Smax 2) when exposure to test compound C
is much greater than SC50.

Modelling of Animal-handling

The handling of animals during surgery or oral gavage caused a tran-
sient increase in body temperature due to the trauma independently of the
pharmacological action of the test compound or vehicle (Block 6, Fig. 3).
This handling effect, HD, was modelled as an exponential function with
intensity and rate of dissipation by means of

HD = P · e"kHD·(t"tHD) (13)

for t > THD. An alternative approach, however not applied in this
study, is using a first-order onset/offset of the handling effect by means of
Eq. (14).

HD = kHD · P · (t " tHD) · e"kHD·(t"tHD) (14)

where tHD is the time-point of animal-handling, P determines the magni-
tude of the temperature elevation and kHD is the first-order loss of impact
of handling.

The handling function was then incorporated into the hypothermic
turnover model (Eq. (4)) as a stimulatory action of the turnover rate, kin,
giving

dT
dt

= kin · (1 + HD) " kout · (1 + S1) · T (15)

Modelling of the Integrated Temperature Model

The integrated temperature model TEMP (Eq. (16)) consists of seven
basic parts (Blocks 1–7 in Fig. 1), namely, the free-running baseline model
(Eq. (1)), correction for reference point Tref and amplitude (Eq. (3)), the
hypothermic model (Eq. (4)), the tolerance model (Eq. (9)), the animal-
handling model (Eq. (13)) and exposure to test compound. Equation (16)
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was then regressed to response–time data (body temperature) collected
from the subcutaneous infusions of the test compound.

TEMP = Tbaseline + (T " Tref ) · Q (16)

The steady state condition of TEMP at constant drug exposure is
given by Eq. (17), by combining Eqs. (4, 5 and 8) with Eq. (16).

TEMPss = Tbaseline " Smax 1 · Tref

1 + Smax 1
· 1

1 + Smax 2
(17)

which may be used to evaluate different exposure patterns to the test
compound. Note that HD does not contribute to TEMP at steady state
because of its transient behaviour.

Data Pruning, Initial Parameter Estimates and Modelling

All datasets were rigorously explored prior to clean file. Sudden exter-
nal stimuli such as noise or vibration may produce periods of transient
changes in the body temperature measurements beyond the natural var-
iability when animals are resting. Consequently, spurious spikes in the
observed response–time profiles due to transmission errors, blood sam-
pling procedures or environmental factors were removed. A standardised
response–time profile of body temperature was constructed by averag-
ing data from six control animals. For analysis of heart rate and blood
pressure baselines, mean 96 hr profiles from 10 animals were used.

Initial estimates of Tref , ampli tude, kout, kout,tol and Smax 2 were derived
graphically, and estimates of !," and g(t) were obtained from a free-
running dataset (g(t) = 0). Literature data of Lobo et al. (6) served as a
training dataset for deriving initial estimates of ! and " in an individual
rat exposed to constant darkness.

WinNonlin was used for regression of mean baseline data (!," and
g(t), Lobo et al. (6)). These parameters were then treated as fixed values
in the regression of the integrated model to individual animal temperature
profiles by means of NONMEM (7). NONMEM software version V, Level
1.1 (University of San Francisco) was used, running on a Linux platform.
The conditional estimation method was used in estimation of the pop-
ulation parameters. Model discrimination was based on goodness of fit
plots, simulations and changes in NONMEM’s objective function value.
The evaluation of goodness-of-fit was performed by means of the weighted
residual sum of squares and residual plots in WinNonlin (8).
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The integrated model was then challenged by using the regressed
parameters for model simulations of repeated oral dosing. Model simu-
lations and sensitivity analyses were done in Berkeley Madonna (9) and
NONMEM.

RESULTS

Exposure to Test Compound

The PK for oral and continuous s.c. administration was obtained
from satellite animals. Therefore, the population estimates were used for
the simulation of the plasma concentrations during the pharmacodynamic
experiment. Each animal was assumed to have the same plasma profile in
each dose group. The exposure to the test compound was described by
a first-order input/output kinetic model for individual data and was then
treated as fixed for the subsequent pharmacodynamic modelling. Observed
and model-predicted concentration-time courses of the test compound are
shown in Fig. 2. The population PK parameter estimates (Table II) were
used to calculate population exposure profiles. Because satellite animals
were used, no individual exposure could be used.

Fig. 2. Linear plasma concentration–time plots for test compound after continuous s.c. infu-
sions for 5 days (left) of 25 (circles, 20 nm steady-state concentration), 100 (triangles, 75 nm
steady-state concentration) and 200 nmol·kg"1·h"1 (squares, 150 nm steady-state concentra-
tion) and a single oral dose day 7 (right) of 250 (diamonds) and 750 (triangles) nmol·kg"1.
Markers denote individual observed values, thin lines denote fitted individual functions and
bold lines the population means.
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Table II. Parameters, Population Estimates, Precision, and Interindividual Variability
using NONMEM, and Routes for the One-compartment Pharmacokinetic Model Fit-
ted to the Test Compound Plasma Concentration Data

Parameter Unit Estimate SE% CV%

Cl L · kg"1· min"1 0.013 11 20
V L · kg"1 1.2 3 –b

Fsc – 0.7 12 –b

Ka,sc min"1 0.012 67 –b

Fpo1 – 0.58 11 –b

Fpo2 – 1a – –b

Kapo min"1 0.014 12 39

Cl = clearance, V = volume, Fsc = s.c. bioavailability, Ka,sc = s.c. absorption rate con-
stant, F1,po = p.o. bioavailabilily (400 nmol/kg dose experiment), F2,po = p.o. bioavail-
ability (250 and 750 nmol/kg doses experiment), Ka,po = p.o. absorption rate constant,
CV = coefficient of variation.
aFixed at 1.
bFixed at zero. F was estimated from intravenous data not shown here.

Modelling of the Circadian Rhythm

The model adequately described the asymmetric light on/off tempera-
ture profile, with a low (%37.2 !C) but slowly increasing temperature dur-
ing light on, an abrupt increase when the light was turned off, a relatively
constant temperature (%37.8 !C) when the light is off and a rapid fall
when the light was turned on again (Fig. 3). Rapid ultradian oscillations
for both light on and light off appeared to occur in a random manner and
were therefore not modelled as a part of the circadian clock.

The observed and model-predicted biorhythms of blood pressure and
heart rate in control animals were consistent (Fig. 4, Table III), dem-
onstrating the generic properties of the model. The typically asymmetric
diurnal shape, amplitude and cycle-time were captured by the model.

A comparison of estimated parameter values obtained by fitting the
system of equations Eq. (1) to the response profiles of body temperature,
blood pressure and heart rate are shown in Table III.

The estimates of !(0.026 min"1) and "(0.0037 min"1) are consis-
tent with scanned and analysed temperature data in the literature of
!(0.04 min"1) and "(0.002 min"1) from an individual rat (6). These data
also displayed an amplitude of 0.06 and a reference temperature Tref of
37.5 !C. The impact on response of going from daylight to darkness
(d) was consistent across responses (d was approximately 0.05 for body
temperature, 0.04 for blood pressure and 0.04 for heart rate). The scal-
ing parameters Tref and amplitude are typically response-dependent. The
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Fig. 3. Schematic illustration depicting the homeostatic and circadian variations in body
temperature. Body temperature is constantly fluctuating at any moment as negative feedback
(homeostasis) attempts to maintain the temperature at a set point. The set point itself cycles
over a 24-hr period. Circadian rhythm of body temperature in untreated rats with a 12:12 hr
light–dark cycle. The observed 24 hr temperature profile (jagged curve) was constructed by
averaging data collected during a 9-day period. The model (smooth line) describes the shape,
amplitude and period of experimental data. The horizontal white/black bar represents the
external 12:12 hr light/dark cycle. Nomenclature according to Foster and Kreitzman (2).

amplitude estimates show 3, 10 and 40% changes around the Tref values
for body temperature, blood pressure and heart rate, respectively.

Simulations performed with the baseline model (Eqs. (1) and (3))
and the final parameter estimates of ! and ", Tref and amplitude in Table
III revealed a free-running biorhythm in the absence of the Timekeeper,
i.e. when g(t) was set to zero (Fig. 5). The response–time course of the
system was then symmetric, had lower amplitude, shorter period, and less
pronounced temperature shifts.

Modelling Tolerance Development

Tolerance Development During Extended Exposure to Test Compound

The integrated model was regressed to individual body temperature
data of 12 rats exposed to the steady-state test compound condition estab-
lished from continuous s.c. infusions for 5 days. The observed and model-
predicted response–time data were consistent at all dose levels (Fig. 6).
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Fig. 4. Circadian baseline rhythm of blood pressure (bottom plot) and heart rate (upper
plot) in control animals with a 12:12-hr light/dark cycle. The observed 96 hr response profiles
(circles) were constructed by averaging data from 10 control animals. The model (solid line)
describes the shape, amplitude and period of experimental data. The horizontal white/black
bar represents the external 12;12 hr light/dark cycle. Parameter settings according to Table
III.

Table III. Parameters, Units, Estimates and Relative Standard Deviations (CV%, Interindi-
vidual Variability using WinNonlin) of Body Temperature, Blood Pressure, and Heart Rate in
Control Animals

Body temperature Blood pressure Heart rate

Parameter Unit Estimate CV% Unit Estimate CV% Unit Estimate CV%

! min"1 0.026 5 min"1 0.20 5 min"1 0.092 20
" min"1 0.0037 3 min"1 0.0018 1 min"1 0.0022 5
d – 0.053 2 – 0.042 3 – 0.036 10
Tref

!C 37.3 0.02 mmHg 113 0.1 bpm 357 0.5
amplitude – 0.033 2 – 0.10 3 – 0.37 10

As shown in Fig. 6 complete tolerance to the hypothermic effect
developed within 8–24 hr, in spite of a systemic exposure of 20, 75 and
150 nm to test compound. The variability in data seemed to increase with
increasing exposure to test the compound over the experimental period.
The final population parameter estimates obtained by regressing the inte-
grated model (Eq. (16)) to experimental data from the 5-day continuous
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Fig. 5. Simulation of the biorhythm model in the absence of an external light/dark cycle
(dotted symmetric line) showed stable oscillations with a shorter period and lower amplitude
compared to when the light/dark cycle was present (solid asymmetric line). Parameter values
are taken from Table III.

Fig. 6. Observed and model-predicted temperature data in three individual rats at 25,100 and
200 nmol· kg"1· h"1 for five consecutive days. The solid light bar represents the length of
exposure to test the compound. Note that complete tolerance is developed within 12–24 hr
in spite of exposure to test compound, and the absence of rebound upon cessation of the
s.c. infusion on day 5. The white/black bar represents the light/dark cycle. Parameter set-
tings according to Table III. Systemic exposures were 20, 75, and 150 nm at the 25,100 and
200 nmol· kg"1· h"1 doses, respectively, for five consecutive days.
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Table IV. Parameters, Units, Estimates and Relative Standard Devi-
ations (CV%, Inter-individual Variability using NONMEM) of the
Integrated Temperature Model (Eq. (15)) in Animals Exposed the
Test Compound

Parameter Unit Estimate CV%

Smax1 – 0.2# –
SC50 nM 137 11
n – 2# –
kout min"1 0.026 31
Smax2 – 74 81
kout,tol min"1 9.5 · 10"5 74
P – 0.017 31
kHD min"1 0.01# –
Tref

!C 37.8 0.1

#Fixed values.

infusion are shown in Table IV. The intra-individual variability was 18%
for the pharmacokinetics.

Since tolerance development-confounded assessment of the maximum
test compound induced a decrease in body temperature, the Smax 1 param-
eter was fixed at 0.2, corresponding to a body temperature reduction to
31 !C. The potency, SC50, was estimated at 137 nm ± 11% and the response
half-life was about 30 min ± 31%. The sigmoidicity parameter n was fixed
at 2 due to its high correlation with other parameters. The handling
effect of vehicle-treated animals had a half-life of about 70 min, which was
fixed. The estimated maximum stimulation of loss of tolerance, Smax 2, of
74 ± 81% corresponds to a maximum tolerance development of about 98%
(Eq. (12)). The half-life of the induced tolerance was about 5 days, predict-
ing that tolerance effects can persist long after test compound (t1/260 min
in plasma) has been eliminated from the body.

Inserting the final parameter estimates of Tref , Smax 1 and Smax 2 into
Eq. (17) gives a reduction in body temperature of about 0.2% at steady-
state. This minute decrease is due to the extensive tolerance development
to test compound-induced hypothermia.

Simulations: Impact of Repeated Oral Administration

The integrated model was then simulated using an oral (gavage) input
function combined with the final parameter estimates in Table IV. No in-
terindividual variability was estimated for the drug parameters, only for
the baseline (<1%) and amplitude (18%), in order to accommodate for the
individual variability. Intraindividual variability for the pharmacodynamics
was 1%.
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Fig. 7. Observed and model-simulated temperature data in three individual rats at 0, 500 and
1500 nmol· kg"1· day"1 during seven days of oral dosing (gavage). The vertical light bars
represent the dosing times of the test compound. Note the absence of rebound between the
doses. The white/black bar represents the light/dark cycle. Parameter settings according to
Table III.

The simulation was performed with the population estimates assuming
no inter-individual variability, thus simulating the population prediction
of temperature response to repeated oral dosing. Superimposed exper-
imental and model-predicted data are shown in Fig. 7 for 0,500 and
1500 nmol/kg/day of the test compound.

DISCUSSION

Body Temperature Regulation

Preclinical studies of drug effects on body temperature regulation and
cardiovascular function such as heart rate and blood pressure are part of
the required “core battery studies” (ICH S7A guidelines) performed before
first-time administration in humans. Telemetric systems allow continuous
high-resolution measurements in freely moving animals over extended peri-
ods of time under varying experimental conditions. This is advantageous
since no animal-handling with respect to collection of data is needed that
might compromise the interpretation of measured response (10).

At any moment, body temperature is oscillating rapidly about a set
point as these negative feedback mechanisms attempt to maintain the set
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point. However, the set point itself varies over a 24-hr period, falling at
night and rising during the day (2). In contrast to this view, studies in rats
(11,12) and humans (13) suggest that the fluctuations in body temperature
caused by the normal circadian rhythm reflect internally forced deviations
from the set point, rather than changes in the set point itself. In addition,
some drugs are thought to change the setpoint.

Temperature regulation in the rat is controlled via the anterior hypo-
thalamus with serotonine as an important mediator of the maintenance
of the setpoint (14,15). In order to characterise 5-HT1A- agonist-induced
hypothermia in rats, Zuideveld et al. applied a turnover model with fixed
baseline and set point values (16). Their model was partly based on the
Ackerman et al. (17) negative feedback model and partly on drug-induced
regulation of a set point parameter (thermostat).

Modelling of the Circadian Baseline

In this analysis, a novel pharmacodynamic model was developed for
the circadian oscillations in body temperature. The concepts of feedback
regulation originates from the work by Ackerman et al. (17) who originally
developed a homeostatic glucose–insulin model. However, unlike a homeo-
static system, which is always attempting to return to and stay at a fixed
point, a self-sustained oscillator like a circadian clock tends to move away
in a regular manner from one state to another. The system developed in this
paper, can describe the basic features of the body temperature profiles seen
in untreated and vehicle-treated animals, including asymmetric light on/off
profiles and entrainment by an external timekeeper g(t). The estimates of
!(0.026 min"1) and "(0.0037 min"1) are consistent with scanned and analy-
sed temperature data in the literature of !(0.04 min"1) and "(0.002 min"1)
from an individual rat (6). These data also displayed an amplitude of 0.06
and a reference temperature (Tref ) of 37.5 !C. The transition time (&2/!)
was over an hour (80 min) for body temperature compared to 10–20 min for
blood pressure (10 min) and heart rate (22 min). This seems logical since a
change in body temperature is a consequence of a change in energy con-
sumption due to changes in blood pressure and heart rate. The proposed
model fulfils a number of basic conditions set up for biorhythm models:
(a) stable oscillations in the absence of an external timekeeper g(t), (b)
adaptation of the phase and period when the timekeeper g(t) is introduced,
and (c) preservation of phase but not period, when the light on/off-cycle
is removed (1,2). Moreover, analyses of heart rate and blood pressure in
the conducted experiments have revealed similar circadian profiles to those
for body temperature, making the proposed model applicable to other
physiological effects besides body temperature.
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The model predicts qualitatively different behaviour under constant
light vs. constant dark conditions. Indeed, constant light and constant
dark conditions have been reported to cause different temperature patterns
in rats (18). These experiments show stable oscillations under constant
dark conditions and suppressed oscillations under constant light condi-
tions. The proposed model predicts stable oscillations under constant light
conditions and no oscillations under constant dark conditions. The goals
for the next generation of models are to capture such behaviour.

Trigonometric models have previously been reported to work well
for circadian rhythms in rats and humans (4). For lower organisms such
as Drosophila and Neurospora, the molecular basis is better understood.
A bottom-up approach has been adopted, allowing a mechanistic anal-
ysis (19,20). Moreover, homologues of many of the genes found in the
circadian clock in lower organisms have been found in mammals (21), and
preliminary molecular descriptions of the mammalian system have been
proposed (22,23, for review see Foster and Kreitzman (2)). These models
feature negative feedback similar to what is proposed here by means of a
top-down analysis based on functional responses.

Hypothermia and Tolerance Development

Hypothermia induced by the test compound was described with a
standard turnover model where the test compound acts via stimulation of
loss. If no tolerance is present, the model predicts a maximum temperature
decrease of about 6.5 !C, resulting in a body temperature of about 31 !C.

Complete tolerance development was observed within the first 12–24 h
during constant exposure to the test compound for 5 days (Figs. 2 left and
6). This is particularly clear for the high constant exposure group (Fig. 6).
In spite of this, no rebound effect was seen on withdrawal of the test com-
pound. Alternative models, such as the precursor or basic feedback models
showed rebound effect and were therefore not appropriate (24–28). Instead,
tolerance was modelled with Eq. (9), thereby avoiding any rebound effect.
Moreover, tolerance was assumed to depend indirectly on exposure to the
test compound rather than on the induced hypothermia.

Our subjective impression is that the variability in data seemed to
increase with increasing exposure to the test compound over the experi-
mental period of 5–7 days as compared to vehicle control animals. This
is an observation that we have also seen for drugs such as clomethiazole
and for which we do not have an explanation (29).

The final step in the modelling carousel is to make “what-if ?” predic-
tions. The purpose of this may be experimental design or assessing expo-
sure-response risk. The strength of the integrated temperature model was
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demonstrated by means of model simulations for oral administration
(gavage) of the test compound. We have therefore considered a separate
experiment, not part of the regression analysis, as a “validation dataset”.
Model-predicted and experimental data were surprisingly consistent. One
may argue that the model systematically over- or underpredicted the 3–5
nighttime response patterns. One reason for the deviation is that no base-
line measurements were done in drug free animals used for this comparison,
making it impossible to correct for the individual baseline amplitude. How-
ever, the deviation was in general less then 0.5 !C. In light of adequately
capturing the four pharmacodynamic complexities, such as asymmetric bio-
rhythm, drug effects, tolerance and animal-handling effects, the model has
a strong potential for “what-if” predictions and experimental design.

An appropriate treatment of pharmacodynamic complexities such
as the asymmetric baseline, tolerance, handling effect etc. is critical for
characterisation of the pharmacodynamic properties of a compound,
assessment of safety margin and prediction of clinical doses. Setting the
baseline to a constant value or subtracting baseline or vehicle-treated
groups from the treatment-response-time course are commonly done, but
is, nevertheless, prone to imprecise and biased interpretation.

In conclusion, a new mathematical model was developed for the predic-
tion of asymmetric baseline oscillations in body temperature, heart rate and
blood pressure. The model was extended to incorporate handling effects and
tolerance to body temperature caused by extended constant exposure to the
test compound. Simulations of the integrated temperature model succeeded
in mimicking other modes of administration such as oral dosing.
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APPENDIX A

The Free-running Biorhythm Model

The free-running biorhythm model does not contain any time-depen-
dent light/dark function and is thus given by

% d B1
dt = ! · (B1 " B2) " B3

1
d B2
dt = " · (B1 " B2)

(A:1)
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where B1 is assigned to be the component of the free-running rhythm
and B2 an associated complimentary variable. This is an autonomous sys-
tem of differential equations, since the right-hand sides of equation (A:1)
do not contain time explicitly. See also Kaplan and Glass (28) for a
description of the classical Van der Pol oscillator.

Phase-plane Analysis

In the phase plane analysis of the system (A:1), solutions are repre-
sented as orbits in the (B1, B2)-plane. The velocity vector (B '

1, B '
2), where

primes denote differentiation with respect to t , is then given by the right-
hand sides of the system (A:1). Of particular importance are the nullclines
along which the vector field is either vertical (B '

1 = 0) or horizontal (B '
2 =

0). We denote the first nullcline by #1 and the second nullcline by #2.
From the system of equations (A:1) we deduce that they are given by

#1 : B2 = h1(B1) =: B1 " 1
!

· B3
1

#2 : B2 = h2(B1) =: B1

Stationary points, where B '
1 = 0 as well as B '

2 = 0, are points where
#1 and #2 intersect. In this problem the only stationary point is the origin
(B1, B2) = (0, 0). In Fig. A.1 (left), the phase plane of Eq. (A:1) is shown
with the nullclines and an orbit. Arrows denote directions of the velocity
vector field as given by the right-hand side of Eq. (A:1).

Fig. A.1. The oscillations of the biorhythm in its free-running state shown in the phase
plane (left) and in the baseline-time plot (right). Based on the shape of the curve, every
cycle is divided into four periods named according to observed data for which a light/dark
cycle is present. Parameter settings according to Table III where ! is 0.026 min"1 and
" 0.0037 min"1. Nullcline: A curve in the (B1, B2)-plane on which the vector field is either
horizontal (d B1/dt = 0), or vertical (d B2/dt = 0). A Solution to the system: B1(t) and B2(t)
can be viewed as a curve(orbit) in the phase plane.
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It can be shown that if ! > ", then there exists a stable periodic orbit
as shown in Fig. A.1 (right). This orbit serves as an attractor of orbits
starting at arbitrary points in the phase plane, away from the origin.

Initial Estimates of Parameters

It is evident from the equations (A:1) that the parameter ! affects the
rate of change of B1 and that " affects the rate of change of B2. Thus,
to account for the rapid transitions of B1, we need to take ! much larger
than ". We define the duration of a “night” as NightTime and the dura-
tion of a transition period as TransitionTime. Reasonable initial estimates
of the parameters ! and " are then given by

! & 2
TransitionTime

" & 2
NightTime

(A:2)

where NightTime and TransitionTime are obtained by visual inspection of
the observed data.

In the present paper, data were only available from experiments with
a light/dark cycle present. TransitionTime and NightTime in the observed
data can thus be expected to differ somewhat from the free-running
system and approximate values must be chosen.

The Biorhythm Model with a Light/Dark Cycle

The biorhythm system with the light/dark cycle is defined as

% d B1
dt = ! · (B1 " B2) " B3

1 + g(t)

d B2
dt = " · (B1 " B2)

(A:1)

where

g(t) =
$

0 6 AM " 6 PM (Day)
d 6 PM " 6 AM (Night) (A:3)

and d is a real positive number. The nullcline #1 is thus given by

#1 =

!
"

#

B1 " 1
! · B3

1 6 AM–6 PM (Day)

B1 " 1
! · B3

1 + d
! 6 PM–6 AM (Night)

(A:4)
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Fig. A.2. Phase plane of the biorhythm model in the presence of an external light/dark cycle
(Timekeeper), with a trajectory (solid line) starting at (B1, B2) = (0.1, 0.3). The arrow indi-
cates the shift of the nullcline #1 from its daytime position (dot–dash line) to its night-time
position (dot–dash line). The nullcline #2 (dotted line) and the fixed point during the night
(star) are also shown. Note that the two axes have different scales. Parameter settings accord-
ing to Table III where ! is 0.026 min"1 and " 0.0037 min"1.

During the night, the nullcline #1 is thus shifted upwards (Fig. A.2)
and the fixed point is moved to the new intersection of the two nullclines,
given by

#1(Night) = #2 ( B1 " 1
!

· B3
1 + d

!
= B1

) B1 = 3*d (A:5)

and so the fixed point during the night is (B1, B2) = ( 3*d, 3*d). For the
values of !," and d from Table III, the new fixed point is a stable node
and during the night the orbit will tend to this point. At the start of the
day, when #1 is reset to its original level, the system will quickly approach
the #1 nullcline in the upper left area, and the oscillation will be resumed.
Thus a periodic orbit is created which is stable and attracts orbits from a
large set if initial data as the time tends to infinity. The nullcline transi-
tion causes the timing of the oscillation phase as well as the asymmetric
day/night profile.
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