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Introduction

Bioluminescence imaging (BLI) has been found to have 
wide applications in life sciences and medical research due 
to its ease of use and high sensitivity (1-5). D-luciferin has 
often been used as a fluorescein substrate for BLI in vivo, 
with administration being carried out by intraperitoneal (IP) 

injection, intravenous (IV) injection, or subcutaneous (SC) 
injection (6,7). Amongst these methods, IP injection has 
seen expansive application because of its simple operational 
characteristics (8), with dynamic imaging studies having 
large advantages for diagnosis over traditional static imaging 
studies (9-11). With static BLI imaging, the relationship 
between tumor cell number and BLI signal intensity for the 
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subcutaneously implanted tumor model has been validated 
(12,13), and the results show that they are positively 
correlated. Based on dynamic imaging, kinetic analysis 
models offer more quantitative information on the probe 
environment in vivo, including data on peak metabolic rates, 
clearance rates, and distribution volume, thus enabling 
the more comprehensive characterization of physiological 
and pathological features in the region of interest (ROI) 
(9,14-17). Therefore, it is necessary to conduct quantitative 
research into the use of dynamic BLI techniques for the 
real-time detection of tumor microenvironments and the 
evaluation of anti-cancer therapies.

Inoue et al. investigated the effect of the 3 injection routes 
on the results of in vivo BLI studies (6) while Keyaerts et al.  
compared the reproducibility of photon emissions from 
D-luciferin administered by IV versus IP injection routes (8).  
Inoue et al. carried out sequential imaging studies after 
D-luciferin injection, thus demonstrating the feasibility of 
using in vivo BLI to carry out longitudinal tumor growth 
assessment (18). These studies provide proof of the principle 
that dynamic BLI combined with kinetic models could 
be used for the quantitative evaluation of tumor growth. 
Sim et al. subsequently presented a quantitative analysis 
of tumor growth based on IP injection of D-luciferin (19)  
using kinetic parameters obtained from a two-compartment 
pharmacokinetic (PK) model to accurately describe and 
replicate the biodistribution of luciferin and growth 
kinetics of tumors. This method solves all the rate 
constants in the kinetic model. The fully sampled arterial 
plasma concentration is needed for the rate constants  
estimation (20), often suggesting a potentially elevated level 
of complexity and processing power for data analysis and 
parameter estimation. Researchers are often only concerned 
with parameters associated with the state of the tumor; 
therefore, we proposed that this model could potentially be 

simplified to reduce the level of computational complexity 
required.

This study employed a three-compartment PK model 
and standard Michaelis-Menten (M-M) kinetics to analyze 
BLI data generated from the metabolism of IP administered 
substrates by tumors in vivo. Instead of solving all the rate 
constants directly, we deduced the 4 differential equations 
describing the PK process into an exponential form and 
solved the macroparameters in it. The validity of this PK 
model was evaluated via an analysis of the dynamic BLI data 
generated in this paper and with the data from previously 
published longitudinal dynamic BLI studies. 

Methods

Experimental details

Athymic nude male BALB/c mice (4–6 weeks, 18–22 g) were 
obtained from the Laboratory Animal Center, Fourth Military 
Medical University (FMMU), with the care and treatment 
of these animals performed in accordance with FMMU 
animal protocols. Tumors were introduced by injection of 
MKN28M-luc gastric cancer cells (~1×107 cells/mouse)  
via the caudal IV system and allowed to grow for around 
4 weeks before dynamic imaging studies were carried out 
(21,22). The animals were imaged every 2 min for 60 min (23)  
with an IVIS Kinetic imaging system after IP injection of 
D-luciferin at a dose of 150 mg/kg. For each image frame, 
the camera exposure time was set to be 30 s. Consequently, 
30 image frames were obtained after 1 h of observation. 

Kinetic model

During typucal in vivo BLI, D-luciferin is injected into 
animals expressing firefly luciferase and is oxidized by 
luciferase, resulting in light emission. After IP injection, 
D-luciferin is absorbed through the peritoneum and reaches 
luciferase-expressing tumor tissues via the bloodstream (6). 
In this study, the concentration of D-luciferin in the tumor 
region was maintained in a stable range, thus enabling its 
metabolism to be modeled using standard M-M kinetics. 
A three-compartment PK model was used to structure the 
metabolic process (Figure 1) based on consideration of the 
following: (I) non-metabolized D-luciferin in the blood 
plasma which captures the nature of IP delivery through a 
first-order rate constant describing transit into the blood 
plasma (CP) from the peritoneum (CI), (II) non-metabolized 
D-luciferin in the tumor region (CN), and (III) metabolized 
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Figure 1 Frame diagram of the three-compartment PK model. 
PK, pharmacokinetic.
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D-luciferin in the tumor region (CS). ki is a measure 
of the extravasation rate of D-luciferin into the blood 
stream from the peritoneum, K1 reflects the extravasation 
rate of D-luciferin into the tumor region, k2 reflects the 
passage of D-luciferin back into the blood stream, and kel 
reflects the rate of D-Luciferin elimination in the plasma 
via other pathways like kidney filtration. k3 represents the 
decomposition rate of D-luciferin, which was considered 
to be equal to Vmax/Km, in accordance with the simplified 
M-M kinetics employed (24). Vmax is the maximum rate 
of D-luciferin to be oxidized by luciferase, and Km is 
known as the Michaelis constant. In addition, the tumor 
tissue, which is defined as a “bound” compartment by 
Sim et al., is divided into 2 compartments. One is the 
specific compartment composed of tumor cells expressing 
luciferase,  and the D-luciferin is  oxidized in this 
compartment; the other is the non-specific compartment 
composed of the intracellular tissues where no luciferase 
is present.

The equations used in Figure 1 are as follows:
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dt

= −  
[1]

1 2
( ) ( ) ( ) ( ) ( )P

el P i I N
dC t K k C t k C t k C t

dt
= − + + +  [2]

2 3 1
( )

( ) ( ) ( )N
N P

dC t
k k C t K C t

dt
= − + +  [3]

3
( )

( )S
N

dC t
k C t

dt
=  [4]

According to the metabolic equations used for D-luciferin 
described in Sim et al. (19), the time-activity curves (TAC) 
of the BLI signals collected by the imaging instrument 
[set to L(t)] were proportional to the amount of substrate 
present in a defined tumor area that is metabolized within a 
unit time. This ratio was set to be R, with L(t) being defined 
as being equal to R multiplied by the time integral of CS(t). 
This enabled their relationship to be expressed as the 
following:

( )( ) SR C t dtL t = ∫  
[5]

As bolus injections were used, the initial conditions of 
the above equations {Eq. [1]–Eq. [5]} can be set to CI(0) = 
CI0 ≠0 and CP(0) = CN(0) = CS(0) =0. Through the Laplace 
transform, the differential equations represented by Eq. [1]–
Eq. [5] can be expressed as follows:
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where C1(S) Cp(S) CN(S), and CS(S) are the Laplace 
transforms of C1(t), Cp(t), CN(t), and CS(S) respectively.

From Eq. [6] to Eq. [8], the CS(S) can be represented as 
follows:
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With inverse Laplace transform and integration 
operation, we can get the time-domain expression as 
follows:

[10]
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The factors A and α+β+ki are the parameters of interest, 
which correspond to the magnitude of the detected signal 
and the total sum of the kinetic rate constants (SKRC).

Image and data analysis

The proposed model was validated by both the dynamic BLI 
data of MKN28M-luc xenograft mice and the published 
longitudinal dynamic BLI data of B16F10-luc xenograft 
mice taken from the work of Sim et al. (19). For the 
MKN28M-luc xenograft mice data, the tumor area in the 
white light image was chosen to be the ROI. Identification 
of ROI and analysis of dynamic BLI data were conducted 
using Living Image 4.5 software (PerkinElmer, USA) and 
MATLAB 2015b (The MathWorks, USA), respectively. 
Mean values of the BLI signals (×105 photons/cm2/s) in each 
ROI were calculated to give the corresponding TAC, with 
data fitting carried out using the Curve Fitting Toolbox in 
MATLAB and R-square values to test for goodness of fit.

Statistical analysis

Results were expressed as mean values with standard deviations 
(means ± SD), with statistical significance evaluated using 
one-way analysis of variance (ANOVA) and least significant 
difference (LSD) tests. P values ≤0.05 were considered to 
correspond to statistically significant differences.
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Figure 2 Dynamic bioluminescence imaging of MKN28M-luc xenograft mice. (A) Representative dynamic BLI results. (B) Raw TAC for 
BLI signals, with the solid red line acting as a connection. (C) Corresponding integrals for TAC of the BLI signals, with the solid black line 
representing fitting results. BLI, bioluminescence imaging; TAC, time-activity curve. 

Results

Validation of the model

Figure 2A shows the representative dynamic BLI imaging 
results, which are all displayed using the same color scale. 
These results show that the intensity and range of the BLI 
signals gradually increased over time, reaching peak values 
around 15 min after imaging was commenced, before 
gradually decreasing in intensity. The corresponding raw 
TAC of the BLI signals is illustrated in Figure 2B, which 
shows a similar trend to the results in Figure 2A. The 
integrals of the TAC data of the BLI signals are displayed 
in Figure 2C, demonstrating that the PK model exhibited 
excellent data fitting properties (R-square =1).

Figure 3 shows the integral TACs of the BLI signals and 
the results of their fitting using longitudinal dynamic BLI 
data from 4 mice that were published by Sim et al. The 
three-compartment PK model constructed in this study 
demonstrated an excellent fitting ability for all integral 
TACs of the BLI signals (all R-square >0.99). In addition, 
all integral TACs had a relatively shallow and prolonged 
upward trend, which indicates that the metabolism 

of D-luciferin was slow and stable. Differences in the 
integration value of TACs over successive days imply that 
this BLI technique can be used to measure changes in the 
uptake and metabolism of D-luciferin as the tumor grows.

Application of the fitting model to previously published 
data

The statistical results obtained for the 2 kinetic parameters 
are shown in Figure 4A,B, which show that both kinetic 
parameters increased as the tumor grew. Although the 
increase in the A value was most obvious, significant 
statistical differences occurred for all 3 groups (ANOVA, 
P<0.05). However, the SKRC value became smaller over 
time, and there was no significant statistical difference 
between the groups (LSD, all P>0.05). The relationship 
between the A value and tumor volume (TV) was analyzed 
statistically, which revealed that there was a good linear 
relationship on a logarithmic scale [lg(A) =0.06745 
lg(TV)+0.8107], with the slope of the line being about 
0.6745≈2/3. As the tumor is usually assumed to be spherical 
or elliptical (6,25), it may be induced that any increase in 
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Figure 3 Integral TACs of BLI signals of longitudinal dynamic BLI data from 4 mice using data originally published by Sim et al. The solid 
black line is the result obtained from the fitting data (A,B,C,D). BLI, bioluminescence imaging; TAC, time-activity curve.
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macroparameter A was linearly related to the tumor surface 
area (A ≈ TV2/3).

Discussion

The BLI of cellular systems gives better imaging results, 
because this technique affords shorter luminous half-life 
and higher image signal-to-noise ratio than can be achieved 
using conventional fluorescence studies (26). During BLI, 
a fluorescein substrate that decomposes over a short period 
can be used to monitor cellular processes, while causing less 
adverse effects on the normal biochemical processes of the 
organism (27). For continuous observation, the IP injection 
of a luminous substrate can be used to conduct longitudinal 
studies by dynamic optical imaging. At the same time, 
dynamic optical imaging combined with kinetics analysis can 
estimate various parameters associated with metabolic rate.

Therefore, a three-compartment PK model suitable for 
monitoring the IP injection of luminescent substrates was 
developed and validated using real experimental data and 
previously published longitudinal dynamic BLI data. These 
results indicate that the three-compartment PK model can 
provide excellent fitting for all integral TACs of the BLI 
signals (all R-square >0.99), enabling 2 kinetic parameters 
to be obtained that effectively reflect the growth rate of the 
tumor. Compared with traditional static BLI, the use of 
dynamic BLI combined with this kinetic model can supply 
useful PK information for investigating tumor growth. 

The quantitative method proposed by Sim et al. can 
be used to accurately determine all kinetic parameters. 
However, the level of complexity that the data analysis 
procedures requires is significantly higher than our 
model. Our model is only concerned with determining 
the combination of some of the PK parameters (called a 
macroparameters) associated with the state of the tumor, 
which significantly reduces its computational complexity. 
The PK parameter solving process employed is simple, 
enabling the Optimization toolbox of MATLAB 2015b to 
be used for analysis. As can be seen from Figure 4, the A 
values produced using this analysis represent a meaningful 
PK parameter that accurately reflects the state of tumor 
growth state.

Consequently, the A value can be considered as an 
indicator of tumor surface area, enabling it to be used as 
a prognostic factor in primary and recurrent glioblastoma 
irradiated with Ir implantation (28). In addition, the value 
of CI (0) is related to the injection dose and is regarded as 
a constant. With fixed R and ki, the macro-parameter A 

reflects changes of K1. It should be noted that K1 is similar 
to kbt in Sim’s model, where kbt correlates to the measured 
tumor volume. One possible reason for this difference is 
that the third formula in their model does not reflect the 
rate of decomposition of the substrate (that is, the PK 
parameter k3 in our model).

The SKRC value may be used to find the tumor growth 
state; however, there was no significant statistical difference 
between the groups (LSD, all P>0.05) investigated. 
This may be because the SKRC value for this model 
contained too many parameters to reduce variance. The 
three-compartment PK model constructed in this study 
demonstrated excellent fitting for all the integral TACs 
of the BLI signals (all R2 >0.99) measured. These results 
suggest that this model can be used to more accurately 
estimate the metabolic trend of a substrate, which would 
be greatly beneficial for generating reference values when 
multiple substrate injections are needed. 

To further confirm the estimated tumor growth by the 
proposed model, it is necessary to perform the histology or 
other imaging modalities. In our future in vivo longitudinal 
research, we will confirm the tumor growth rate by small 
animal magnetic resonance imaging (MRI) or positron 
emission tomography (PET). In dynamic BLI, the exposure 
time and the animal’s skin conditions play a key role in the 
absolute luminescence intensity. Nevertheless, according to 
our earlier work (16), the estimated parameters in the kinetic 
models exhibited no statistical difference as the exposure time 
varied in dynamic fluorescence imaging. As the exposure time 
was kept unchanged during our experiment, and the skin 
condition affected the absolute luminescence intensity, we 
did not incorporate them into the proposed kinetic model. 
However, a study that does consider these parameters for the 
model is warranted in future work.

Conclusions

In conclusion, a three-compartment model was developed 
to analyze the pharmacokinetics of substrates administered 
by IP injection in dynamic BLI. To simplify the parameter 
estimation, we deduced the differential equations 
describing the model into an exponential expression where 
macroparameters are used, and the macroparameters were 
estimated using the nonlinear fitting method. The validity 
of this three-compartment model was confirmed by the 
analysis of dynamic BLI data of MKN28M-luc xenograft 
mice and the previously published longitudinal dynamic BLI 
data. Results show that this model exhibits an excellent fit 
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to the data obtained, with 2 kinetic macroparameters being 
obtained that effectively reflect the rate of tumor growth 
in vivo. The presented PK model may be an effective tool 
for dynamic BLI analysis and can be used to monitor the 
response of tumors to treatment.
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