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Abstract

This study introduces a novel concept, biological in vivo three-dimensional (3D) dose distribution verification, aimed at inves-
tigating how respiratory motion affects the efficacy of lung cancer radiotherapy, representing an evolution from the current
standard of rigid-body dose distribution verification. A 3D ex vivo biological lung motion simulation device (3D-BioLungEx)
was designed to replicate human respiration. A radiotherapy plan of the patient was copied to the porcine lung, which was
driven by 3D-BioLungEXx to simulate various respiratory patterns that occur during treatment. To ensure anatomical consis-
tency with the patient’s lung structure, during transmission, skin, skeleton, and organs were adjusted according to CT images
of the porcine lung. The patient’s radiotherapy plan was then adapted to the porcine lung using the Monaco treatment plan-
ning system (TPS). Next, an iterative optimization and scatter inversion-based dose distribution retro-analysis algorithm
(IOSI-BLDose) was developed to calculate the dose distribution during treatment. Gamma passing rates were used to quantify
discrepancies between this dose distribution and that of the radiotherapy plan. When respiratory conditions were replicated,
the passing rate reached up to 93.61%, while irregular breathing dropped it to 70%—90%, primarily due to amplitude changes.
However, cycle variations had minimal impact. Compared to conventional rigid-body dose distribution verification, our
method provides real-time biological feedback and more effectively captures motion-induced deviations. Accordingly, our
biological in vivo 3D dose distribution verification has potential for improving treatment precision and enabling adaptive ra-
diotherapy in clinical practice.
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1 Introduction

Lung cancer is the leading cause of cancer-related mortal-
ity, with an estimated 1.8 million deaths, accounting for
18.7% of all global cancer deaths in 2022 [1]. Radiotherapy
plays a crucial role in the treatment of lung cancer. Evidence-
based modeling indicates that 77% of lung cancer patients
will require radiotherapy at some point during their cancer
treatment [2].

In lung cancer radiotherapy, dose distribution is tradition-
ally calculated based on a specific static phase of the patient’s
respiratory cycle captured during computed tomography
(CT) simulation [3]. However, the tumor position in lung
cancer patients changes due to respiratory motion and other
physiological movements. To address this issue, the Ameri-
can Association of Physicists in Medicine (AAPM) recom-
mends the use of respiratory motion simulation devices to
verify the dose distribution before the first treatment, ensur-
ing the accuracy of the radiotherapy treatment [4].

Classic respiratory simulation models, such as the ADAM
model [5], the Laerdal Medical cardiopulmonary resuscita-
tion (CPR) training manikin [6], and the ARDOS model [7],
are primarily mechanical. These models replicate respira-
tory motion using motor-driven systems but lack anatomical
fidelity, limiting their ability to accurately simulate human
respiratory structures. In contrast, Perrin et al. [8] developed
the LuCa anthropomorphic thoracic respiratory model,
which incorporates inflatable lung tissue and realistic skel-
etal and muscular components. This model provides exter-
nal realism and replicates the surface motion associated
with tumor movement, but struggles with replicating lung
tissue elasticity and complex deformations.

Thus, although mechanical models can simulate some
physical aspects of respiratory motion, they fail to capture the
full complexity of biological tissues. To address this issue,
researchers have turned to ex vivo lung tissue models cul-
tured under near-physiological conditions. For example,
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Bondesson et al. [9], Rabe et al. [10], and Albers et al. [11] em-
ployed vacuum pump systems to control lung expansion and
contraction, while Mann et al. [12] simulated diaphragmatic
motion using a silicone balloon beneath a porcine lung. De-
spite their improved biological realism, these models still
struggle to simulate diverse respiratory conditions and
match individual patient characteristics, leading to discrep-
ancies with clinical outcomes.

In addition, most mechanical and biological models focus
on theoretical tumor motion studies and do not address
in vivo dose distribution verification during treatment. For
radiotherapy, in vivo dose verification refers to anatomi-
cally realistic dose evaluation setups and does not necessar-
ily imply the use of living tissues or subjects. Current dose
distribution verification systems are either two-dimensional
(2D) or three-dimensional (3D). Representative 2D devices in-
clude Matrixx (IBA, Leuven, Belgium) [13] and MapCHECK
(Sun Nuclear, Melbourne, Florida, USA) [14], while 3D sys-
tems include Compass (IBA) [15], Octavius (PTW, Freiburg,
Germany) [16], ArcCHECK (Sun Nuclear) [17], and Delta4
(ScandiDos, Uppsala, Sweden) [18]. All rely on rigid-body
models, and some incorporate motion platforms to simulate
relative movement. However, the detector or film layer re-
mains fixed, resulting in rigid-body motions that cannot ac-
curately replicate the dynamic behavior of biological tis-
sues, particularly respiration-induced motion. Additionally,
these devices are used prior to treatment to verify the align-
ment between the linear accelerator output and the treat-
ment plan, but cannot account for the real-time impact of re-
spiratory motion on dose distribution during treatment.

To overcome these limitations, an ideal dose distribution
verification device should integrate the following features:
(1) a system capable of realistically simulating patient-
specific respiratory motion patterns with biomimetic fidel-
ity, allowing high-resolution radiographic imaging under real-
time conditions, as well as portability and appropriate sizing;
(2) a robust algorithm capable of reliably measuring 3D
radiation dose distribution, enabling precise measurements
and ensuring accuracy. Such a device would be critical for
simulating and optimizing the entire adaptive radiotherapy
workflow, from CT simulation and treatment planning to
dose delivery and verification.

To address these challenges, we propose an innovative
method for biological in vivo 3D dose distribution verifica-
tion. The main contributions of this work are as follows:

1. Development of a 3D dynamic biological ex vivo lung
respiratory simulation device (3D-BioLungEx): This device
integrates advanced automation technology, being highly cus-
tomizable to replicate patient-specific respiratory patterns.
By driving a biological lung to simulate human respiration,
it achieves physiological realism in the verification environ-
ment. Fresh porcine lungs, structurally similar to human lungs,
were adopted as a lung model. Specifically, both porcine
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and human lungs have two lobes on the left and three on the
right, with comparable bronchial tree branching, airway diam-
eter, and tissue elasticity. In addition, using preoperative CT
imaging data and high-precision 3D printing, we constructed
a thoracic cavity model to house the porcine lung, enhanc-
ing anatomical accuracy in the simulated environment.

2. Design of the IOSI-BLDose algorithm: An iterative op-
timization and scatter inversion-based dose distribution
retro-analysis algorithm (IOSI-BLDose) for biological lungs
was developed to calculate dose distributions within the por-
cine lung. Employing the gamma algorithm with a 3%/3 mm
dose—distance criterion, discrepancies between the calculated
dose distribution and the radiotherapy treatment plan were
quantified, offering insights into gamma passing rates [19].

2 Methods
2.1 3D-BioLungEx

The 3D-BioLungEx was first developed in this study to facili-
tate real-time monitoring and precise simulation of respira-
tory patterns in lung cancer patients. This device comprises
three modules: a monitoring module, a phantom module,
and an actuator module. The first employs laser ranging
technology for non-contact measurement of the patient’s re-
spiratory curve, achieving an error margin <3 mm. The sec-
ond is designed to create a customized thoracic cavity for
the patient using 3D-printing technology. The third replicates
the patient’s respiratory motions using a stepper motor.

2.1.1 Monitoring module

Figure la presents a schematic of the monitoring module in
the 3D-BioLungEx. The laser rangefinder projects onto the
patient’s chest area. The real-time distance (d) between the
patient’s chest surface and the laser emitter can be defined
as follows [20]:

_colr2 - 1)

d =T (M)

where ¢ represents the speed of light (cop=299 792.458 km/s),
11 denotes the time for the laser pulse to reach the chest sur-
face, and £, indicates the time for the pulse to return to the
rangefinder after reflecting off the surface.

The laser rangefinder continuously emitted light pulses to
measure the distance (d) in real time, storing this informa-
tion in an STM32 microcontroller. The laser rangefinder used
in the monitoring module operated at an acquisition frequency
of 10 Hz, sufficient to accurately capture the respiratory
waveform in real time. The microcontroller automatically
identified the end exhalation position (d1) and the end inha-
lation position (d2) during each respiratory cycle. The dif-
ference between dz and d represents the amplitude of the
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respiratory curve [21]. Additionally, a pressure sensor at-
tached to the chest area captured signal fluctuations, which
were displayed on a monitor to record the respiratory cycle.
Figure 1b provides a detailed view of the components of the
monitoring module. Figure 1c illustrates the clinical applica-
tion setting for the monitoring module, where a Brilliance
Big Bore CT scanner (ROYAL PHILIPS, Amsterdam, the
Netherlands) was used to capture four-dimensional (4D) CT
images of lung cancer patients. These images are critical for
accurate respiratory simulation and treatment planning.

2.1.2 Phantom module

In this study, to evaluate the performance of our proposed
3D-BioLungEx system in dose verification, ArcCHECK
(Sun Nuclear) was selected as a comparator. ArcCHECK is
a widely used 3D dose verification device in radiotherapy,
being fundamentally a static system. During verification,
the linear accelerator delivers the treatment beam to the
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ArcCHECK cylindrical phantom, which contains an array
of diode detectors in a spiral pattern. These detectors cap-
ture the dose distribution and allow for gamma index analy-
sis to evaluate the accuracy of the radiation delivery. How-
ever, ArcCHECK does not account for respiratory-induced
organ motion, something particularly critical in thoracic tu-
mors such as lung cancer. Furthermore, ArcCHECK is de-
signed as a general-purpose quality assurance tool appli-
cable across a wide range of anatomical sites, lacking the
anatomical specificity and motion adaptability required for
patient-specific verification in lung cancer treatment.

To overcome these limitations, we developed a customized
phantom module in the 3D-BioLungEx system, enabling
individualized modeling of thoracic motion and anatomy.
Figure 2 shows a schematic of the phantom module in the
3D-BioLungEx. Based on the patients’ 4D CT images, a
unique, custom thoracic cavity was created for each using
computer-aided design (CAD) technology. The process com-
prised the following steps (Fig. 2):

Fig. 1 Overview of the monitoring module in the 3D-BioLungEXx. (a) Schematic of the monitoring module structure of the 3D-BioLungEXx, illus-
trating the collection of respiratory signal data throughout a complete respiratory cycle in the patient. (b) Photograph of the monitoring module
of the 3D-BioLungEx, including an STM32 microcontroller, a laser rangefinder, and a supporting structure made from acrylic plates. (c) An

actual patient where the monitoring module was used to scan 4D CT

14

Skin images

S Skeletal images
4D CT images

from one phase
of the patient

Automatic threshold segmentation
Region-growing

CAD

s
Viscera images /

D

» £

8 E

ol (=

of El |5

= 1E e

54

S &

5l o

= J o =
3D virtual outline of = The solid outline of
the thoracic cavity SLA the thoracic cavity

technology

contains a porcine
lung

Fig. 2 Overview of the phantom module in the 3D-BioLungEx. Threshold segmentation and region-growing techniques were applied to the
patient’s CT images to extract 3D models of key tissues. Once the design was complete, these virtual models were converted into solid models

using a stereolithography apparatus (SLA)
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First, 4D CT images of the patient’s chest were acquired
using a Brilliance Big Bore CT scanner (ROYAL PHILIPS).
Scanning parameters were a slice thickness of 1 mm and a
matrix size of 512x512. After the scan, the acquired data
were reconstructed at the same 1-mm slice thickness to pro-
duce lung window 4D CT images [22], which were then im-
ported into medical image-processing software (version 1.0;
Jinse Medical Information Technology Co., Ltd., Chang-
zhou, China). Using automatic threshold segmentation and
region-growing techniques, 3D models of critical structures
such as skin, bones, heart, and lungs were independently
extracted [23].

After designing the model, a photosensitive resin (Union
Tech, Shanghai, China) was chosen and cast into a model
reservoir. The liquid resin was cured under ultraviolet (UV)
light at a wavelength range of 250 to 400 nm [24]. Upon
UV exposure, the resin was rapidly cured, forming a solidi-
fied layer within 0.05-0.10 s. A stereolithography apparatus
(SLA) was then used to build the 3D model by layering
these cured resin sheets [25]. Then, the SLA component
was cleaned to eliminate any residual uncured resin from its
surface. After cleaning, the model was subjected to final
curing in a UV oven, yielding a complete and anatomically
accurate 3D solid entity.

2.1.3 Actuator module

Vacuum pump systems are among the most widely used
devices for generating inflation—deflation cycles in ex vivo
lung ventilation studies, due to their simplicity, accessibility,
and ability to mimic negative pressure-driven breathing. In
this study, a vacuum pump (NRL180OA, ULVAC, Ningbo,
China) (https://www.ulvac.com.cn/product/product.php?id=
399) was used to ventilate excised porcine lungs. The device
was connected to the trachea via an airtight flexible hose,
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applying intermittent negative pressure to induce inflation
and allowing passive deflation upon release.

Despite these advantages, conventional vacuum pump sys-
tems offer limited flexibility in simulating patient-specific
respiratory patterns and do not allow real-time monitoring
or individualized control. To address these limitations, we
independently developed an actuator module to facilitate
real-time monitoring and precise replication of respiratory
dynamics in lung cancer patients.

Figure 3a provides a schematic of the actuator module in
the 3D-BioLungEx, which has three core functions: control,
drive, and compression. First, the respiratory curves
recorded by the monitoring module were imported into the
actuator module, which incorporates a control board equipped
with a high-performance ATmega328P-PU chip. This board
conducted calculations and generated pulse signals via an
internal picopower 8-bit AVR microcontroller. Then, the
generated pulse signals were transmitted into a stepper mo-
tor connected with the lead screw at its output end. As the
stepper motor rotated, it drove the lead screw’s movement,
which in turn moved a slider along its length. A U-shaped
fork attached to the slider advanced or retracted with the
lead screw’s rotation [26], while the pulse signal’s fre-
quency and quantity precisely controlled the rotation dis-
tance and speed of the stepper motor [27].

To align with the amplitude of the patient’s respiratory
curve, parameters in the “for loop” function in Arduino-1.8.19
were adjusted to control the number of forward and reverse
rotations of the stepper motor, thereby modulating the air
volume in the storage balloon. Each complete motor rota-
tion resulted in a linear change in balloon volume (i.e., a
fixed advance or retraction distance). The elastic properties
of the porcine lung were approximated using a linear spring
model [28, 29]. Airflow resistance was considered propor-
tional to the pressure differential and flow rate [30, 31], while

Fig. 3 Overview of the actuator module in the 3D-BioLungEx. (a) Schematic of the actuator module structure. (b) Side view photograph. (c) Top

view photograph. (d) Real acquisition of 4D CT images
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environmental factors such as temperature and humidity were
neglected due to their minimal impact on gas properties.
The relationship between motor rotation and lung respira-
tory amplitude (A) can be defined as follows:

~ kglallstic ﬂ(vballoon - Vmin) — ke_lfllstiCﬂNL

A
V]ung Vlung

. @

where kelastic denotes the elasticity coefficient of the porcine
lung, f is a proportional coefficient, Vpaloon represents the
balloon volume, Vpip is the lung volume at full expiration,
Vlung is the maximum lung volume, N denotes the number
of motor rotations, and L represents the displacement of the
air-storage balloon per motor rotation.

Additionally, modifying the delay function parameters
controlled the transition time between forward and reverse
rotations, aligning with the subject’s respiratory pauses. To
ensure simulation accuracy, a front limit sensor and a rear
limit sensor were strategically positioned along the lead
screw’s path [32]. These sensors effectively constrained the
range of motion of the U-shaped fork based on predefined
distance parameters. The power source provided energy to
the entire device.

2.2 10SI-BLDose

2.2.1 Calculation of flux distribution after lung
transmission

The high-energy X-rays emitted from the radiation source
penetrated the porcine lung, interacting with lung tissue.
When moving from the source into the air or a medium,
they spread and create a scattered field that describes the
spatial intensity and distribution of the X-rays [33]. An elec-
tronic portal imaging device (EPID) was positioned beneath
the porcine lung to detect photons scattered from within the
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tissue, forming a characteristic 2D intensity distribution pat-
tern on the EPID surface that reflects the spatial variation of
scattered radiation emerging from different depths and loca-
tions within the lung tissue. This spatially resolved scatter
distribution, termed “EPID surface flux,” provides quantita-
tive information about the tissue’s heterogeneous scattering
properties and photon interaction patterns [34]. The EPID’s
detected signal included the scattered photons and the pri-
mary radiation beam, requiring deconvolution to separate
them into the flux distribution after transmission through
the porcine lung tissue [35].

2.2.2 Calculation of flux distribution before lung
transmission

Ray tracing can reconstruct the exact path followed by
X-rays from the source through the porcine lung tissue [36].
As shown in Fig. 4a, Py represents the initial flux distribu-
tion before the X-rays enter the porcine lung. The flux at
point x in Py can be expressed as follows:

D(x)=]T(s)K(s - x)dV, 3)

where 7T(s) represents the total energy released per unit
mass. The term K(s—x) is the flux distribution kernel func-
tion from s to x, describing the distribution of flux created
in water after photon interaction.

2.2.3 Retroactive calculation of dose distribution within
the porcine lung

When X-rays enter the porcine lung, they initially undergo
scattering, as described by Py and P; (scattering factors).
During this phase, the lung tissue generates secondary scat-
tered rays, which get attenuated by both scattering and
absorption losses, represented by P} and P (attenuated scat-
tering rates and factors, respectively). As X-rays undergo

Fig.4 Overview of IOSI-BLDose. (a) Schematic illustrating the dose distribution calculation in the porcine lung using IOSI-BLDose. (b) Photo-
graph showing a clinical application scenario for 3D-BioLungEx and IOSI-BLDose
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multiple scattering and absorption events while traversing
the porcine lung, iterative calculations were required to
accurately model these processes [37]. This iterative approach
incorporated the effects of varying tissue densities, thick-
nesses, and scattering characteristics on the radiation beam.
In each iteration, the flux distribution of the radiation source
was adjusted based on the current dose distribution and scat-
tering properties. The iterative optimization process was as
follows: Py entered the CCCS algorithm engine [38], which
considered scattering and absorption effects to calculate the
total dose distribution, P{+S1, including the scattering con-
tribution. S represents the attenuated absorption factors. The
calculated P1+S| was compared with Py. Any discrepancy
between them indicated that the initial Py was inaccurate,
necessitating an iterative adjustment of Py until the differ-
ence fell below a predefined threshold. Achieving this
threshold signified convergence. After several iterations, the
optimized flux distribution P, was obtained, with Pn(PI/l+
Sh) representing the dose distribution within the porcine
lung. Sn represents the optimal attenuated absorption factors
after multiple iterative calculations. A brief clinical demon-
stration of 3D-BioLungEx and IOSI-BLDose is shown in
Fig. 4b.

3 Results
3.1 Dataset

A total of 50 lung cancer patients from the Second People’s
Hospital of Changzhou (from July 2024 to December 2024)
were enrolled, including 27 males and 23 females, with a
mean age of (59.82+8.62) years. The control group com-
prised 30 healthy individuals, matched in sex, age, and edu-
cation, with a mean age of (57.26+7.81) years. No signifi-
cant differences were observed between the two groups (p>
0.05). Respiratory curves were recorded in a CT simulation
room using the 3D-BioLungEx monitoring module. For the
patient group, normal respiratory curves were recorded dur-
ing positioning. The control group simulated three abnormal
respiratory patterns—Cheyne—Stokes (CS) breathing, yawn-
ing, and coughing—without CT scanning to minimize radia-
tion exposure.

3.2 3D-BioLungEx simulation of respiratory
curves

Figure 5a illustrates the respiratory curve of a randomly
selected patient in the CT simulation room, captured in real
time from the monitoring screen. Figure 5b presents the simu-
lation of this respiratory curve generated by 3D-BioLungEx,
called the CT-sim curve. This simulated curve closely mirrors
the actual respiratory curve shown in Fig. 5a, effectively
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replicating the periodic fluctuations and amplitude charac-
teristics of the patient’s breathing. Figures 5d, 5g, and 5j
illustrate respiratory curves for CS breathing, yawning, and
coughing, respectively, while Figs. 5e, 5h, and 5k display the
simulated outputs of 3D-BioLungEx for these three abnor-
mal respiratory patterns.

To further quantify the simulation accuracy of 3D-
BioLungEx, a unified Cartesian coordinate system was
established, as shown in Figs. 5c, 5f, 5i, and 51. Within this
coordinate system, the actual respiratory curves recorded
during monitoring were overlaid with the simulated ones
for comparison.

3D-BioLungEx demonstrated superior respiratory simula-
tion accuracy compared to the vacuum pump across all tested
breathing patterns, with significantly lower error rates in both
normal and abnormal respiratory conditions (Table 1). In nor-
mal respiratory curves from 50 lung cancer patients undergo-
ing CT simulation positioning, 3D-BioLungEx achieved sub-
stantially better performance across all metrics (mean absolute
error (MAE): (0.81£0.08) mm vs. (2.0620.89) mm; root mean
square error (RMSE): (0.98+0.12) mm vs. (1.53+0.74) mm;
mean absolute percentage error (MAPE): (8.94+1.77)% vs.
(27.01+8.08)% , p<0.05), demonstrating superior accuracy
due to its precise control over amplitude and cycle.

The performance advantage of 3D-BioLungEx was even
more pronounced in abnormal respiratory patterns simulated
by 30 healthy volunteers. For CS breathing, 3D-BioLungEx
showed significantly lower errors (MAPE: (6.87+1.43)% vs.
(24.59+7.07)%, p<0.05), accurately replicating the charac-
teristic pauses while the vacuum pump struggled with these
nuances. In yawning simulations, despite minor discrepan-
cies at the end of the inhalation phase, 3D-BioLungEx
maintained superior accuracy (MAPE: (16.944+8.12)% vs.
(26.94+8.12)% , p<0.05). When simulating coughing, the
most challenging condition due to its dynamic nature,
3D-BioLungEx still achieved reasonable accuracy (MAPE:
(19.45+9.19)% vs. (39.45+12.19)% , p<0.05), whereas the
vacuum pump struggled with the complex dynamics, produc-
ing significantly more errors across all metrics.

Overall, 3D-BioLungEx demonstrated superior perfor-
mance across all respiratory patterns, offering precise and
flexible simulations. Its advanced control mechanisms make
it particularly effective for applications in radiotherapy, where
accurate respiratory motion modeling is crucial. In contrast,
the limitations of the vacuum pump in simulating complex
respiratory features were evident in all tested scenarios.

3.3 Qualitative comparison of dose
distributions

Figure 6 presents multi-angle views from lung CT scans,
comparing the patient, 3D-BioLungEx, and ArcCHECK in
the axial, coronal, and sagittal planes. The first rows of
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Fig. 5 Respiratory curve charts. (a) Normal respiratory curve measured in the CT simulation room. (b) Normal respiratory curve simulated by
3D-BioLungEx. (c) Comparison of normal respiratory curves. (d) CS respiratory curve simulated by a volunteer. (e) CS respiratory curve simu-
lated by 3D-BioLungEx. (f) Comparison of CS respiratory curves. (g) Yawning respiratory curve simulated by a volunteer. (h) Yawning respira-
tory curve simulated by 3D-BioLungEx. (i) Comparison of yawning respiratory curves. (j) Coughing respiratory curve simulated by a volunteer.
(k) Coughing respiratory curve simulated by 3D-BioLungEx. (1) Comparison of coughing respiratory curves

Table 1 Accuracy of 3D-BioLungEx and vacuum pump in simulating respiratory curves across different respiratory patterns

Device Pattern Curve MAE (mm) RMSE (mm) MAPE (%)
3D-BioLungEx Normal CT-sim breathing 0.81+0.08 0.98+0.12 8.94+1.77
(n=50)
Abnormal CS breathing 0.56+0.15 0.79+0.28 6.87+1.43
(n=30)
Abnormal Yawning 1.21+0.70 1.81+0.94 16.94+8.12
(n=30)
Abnormal Coughing 1.92+0.98 2.33+1.06 19.45+9.19
(n=30)
Vacuum pump Normal CT-sim breathing 2.06+0.89" 1.53+0.74" 27.01+8.08"
(n=50)
Abnormal CS breathing 1.97+0.58" 1.01+0.45" 24.59+7.07"
(n=30)
Abnormal Yawning 2.85+1.04" 1.95+0.70" 26.94+8.12"
(n=30)
Abnormal Coughing 3.97+1.72" 2.62+1.28" 39.45+12.19"
(n=30)

Values are expressed as mean+standard deviation. Two-sided p value from one-way analysis of variance (ANOVA) with Bonferroni post hoc analysis;

*p<0.05 vs. 3D-BioLungEXx in the same curve
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Fig. 6 Qualitative comparison of biological in vivo 3D dose distribution. (a) Dose distributions in the axial CT (the first row, original CT images;
the second row, magnified views of high-dose regions, with red boxes highlighting areas exhibiting significant differences between planned and
measured dose distributions). (b) Dose distributions in the coronal CT (the first row, original CT images; the second row, magnified views of
high-dose regions, with red boxes highlighting areas exhibiting significant differences between planned and measured dose distributions). (c)
Dose distributions in the sagittal CT (the first row, original CT images; the second row, magnified views of high-dose regions, with red boxes
highlighting areas exhibiting significant differences between planned and measured dose distributions)

Figs. 6a, 6b, and 6¢ provide a clear comparison between the
planned dose distribution (solid lines) and the measured
dose distribution (dashed lines) in the 3D space. Solid lines
represent the dose distribution planned for the patient using
the Monaco treatment planning system (TPS, version 5.40.02;
Elekta Instrument AB, Stockholm, Sweden), which opti-
mizes the radiation dose based on the tumor’s location and
the surrounding healthy tissue. Dashed lines represent the
dose distribution as delivered during treatment, providing a
real-time comparison of the treatment’s accuracy. The dose
distributions in Fig. 6 are color-coded to represent different
dose levels, with the corresponding scale on the right.
Green dose lines indicate an approximate dose of 1500 cGy,
yellow lines represent 3000 cGy, and red lines represent up
to 6000 cGy.

The second-row images of Figs. 6a, 6b, and 6c, magnified
and highlighted with red boxes, are extracted from regions of
high-dose distributions. These areas are critical for assess-
ing the precise spatial alignment between the planned and
delivered doses. By magnifying these regions, we can more
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effectively observe discrepancies in dose delivery, especially
in high-dose regions where even small errors can have a sig-
nificant clinical impact. In particular, these images help illus-
trate spatial discrepancies between planned and delivered
doses, such as potential shifts in the dose profile or any in-
consistencies in the dose gradient.

For image comparisons, CT scans of the ArcCHECK phan-
tom were acquired and co-registered with the patient’s and
3D-BioLungEx CT data. Compared with 3D-BioLungEX,
CT images of ArcCHECK exhibited significant deviations
from the patient’s CT images, lacking biological tissue struc-
tures. This lack of detail rendered the visualization of the
lung’s complex anatomical structure difficult. Conversely,
3D-BioLungEx had high fidelity; its CT images closely
resembled those of the patient, featuring realistic biological
tissues and a 3D-printed thoracic cavity.

In terms of dose distribution, we observed discrepancies
between the planned and measured 3D dose lines in the
patient under free-breathing conditions, highlighting the sub-
stantial impact of natural respiratory motion on dose delivery



Bio-Design and Manufacturing (2025) 8:994-1008

1003

accuracy. In addition, 3D-BioLungEx simulating regular,
controlled breathing in a CT simulation setting showed
noticeably smaller deviations due to more consistent motion
patterns. When simulating three types of irregular breathing
patterns (CS breathing, yawning, and coughing) during
treatment, 3D-BioLungEx showed higher mismatch with
increasing respiratory irregularities, most notably in the
coughing scenario.

ArcCHECK measurements were performed under static,
non-breathing conditions as a baseline reference. However,
due to the absence of biological tissue structures, Arc-
CHECK failed to capture the complex anatomical changes
induced by respiratory motion. In contrast, 3D-BioLungEx
had high fidelity in replicating patient-specific respiratory
patterns and thoracic anatomy.

3.4 Quantitative validation results of in vivo
3D dose distribution

Figure 7 illustrates the dose passing rates for the patient,
3D-BioLungEx, and ArcCHECK during treatment. Green
areas indicate regions where the dose passed, whereas red
areas mark regions where the dose did not pass. The first
column visually presented the dose passing rate for the pa-
tient undergoing treatment in free-breathing mode, achiev-
ing a gamma passing rate of 91.22%. The second column
shows the dose passing rate for 3D-BioLungEx simulating
the patient in the CT simulation room under normal breath-
ing conditions, with a smaller red area than that in the first
column, demonstrating an improved passing rate of 93.47%.
The third to fifth columns display the dose passing rates for
3D-BioLungEx simulating the patient under three common

Pass . Unpass

Axial

Coronal

Sagittal

V=93.47%

CT-sim breathing

y=91.22%
Free breathing

y: gamma passing rate

y=85.38%
CS breathing

3D-BioLungEx ArcCHECK

abnormal breathing patterns during treatment, with CS breath-
ing showing 85.38%, yawning pattern achieving 82.63%,
and coughing resulting in the lowest passing rate of 78.54%.
These columns clearly illustrate the impact of these non-
standard breathing patterns on dose distribution, with passing
rates decreasing progressively as breathing patterns become
more irregular, aiding in evaluating the robustness of the ra-
diotherapy plan. The final column presents the dose-
validation results of ArcCHECK under static, non-breathing
conditions as a control, achieving the highest passing rate of
95.86%. The smallest red area highlighted the significant
impact of respiratory motion on dose distribution. The trend
of red area changes across columns indicated that with
variations in breathing patterns, the regions of dose failure
increased, particularly under abnormal breathing patterns,
with a 17.32% difference between the best static condition
(95.86%) and the worst breathing pattern (78.54%). Con-
versely, the dose passing rate was optimal under the static,
non-breathing condition.

Figure 8 provides a comprehensive comparative analysis
of dose distribution characteristics along the X- and Y-axis,
derived from mark points placed on the patient’s body.
Mark points serve as crucial reference points for establish-
ing a unified coordinate system on the patient’s anatomy.
They enable direct comparison between TPS preset doses
and actual measured doses, revealing differences and uncer-
tainties during treatment. Note that Fig. 8a specifically de-
scribes dose distributions in the axial plane, while Figs. 8b
and 8c do it for the coronal and sagittal planes, respectively.
This distinction is crucial for understanding the spatial ori-
entation of the dose distributions and their variations across
anatomical planes.

- ’ v
y=82.63% y=78.54% y=95.86%
Yawning Coughing Not breathing

Fig. 7 Quantitative verification of biological in vivo 3D dose distribution. Comparison of dose passing rates among the patient, 3D-BioLungEx,
and ArcCHECK. Green areas indicate passing regions, whereas red areas mark non-passing regions
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Fig. 8 Dose distributions at marker points. (a) Comparative dose distributions in the axial CT along the X- and Y-axis for the patient, 3D-BioLungEx,
and ArcCHECK. (b) Comparative dose distributions in the coronal CT along the X- and Y-axis for the patient, 3D-BioLungEx, and ArcCHECK.
(c) Comparative dose distributions in the sagittal CT along the X- and Y-axis for the patient, 3D-BioLungEx, and ArcCHECK
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Blue solid lines represent the planned dose distributions
preset by the TPS, while brown dashed lines indicate the mea-
sured dose distributions calculated during treatment. Under
free-breathing conditions, there were discrepancies between
the TPS preset dose distribution and the actual measured dose
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distribution along both axes. These discrepancies are most
pronounced in dose peak regions, highlighting the complex-
ity and inherent uncertainties of the treatment process.

Figure 9 presents experimental results on global and local
gamma passing rates with varying respiratory patterns.



Bio-Design and Manufacturing (2025) 8:994-1008

1005

(a) (A-20,7) —t (c)
- (A+20,T) —
Egi  (A157) — s o 5{ A% &
“E.’,é (A+15.T) —ir Change in I - A ? i
g g ((ﬁ;lgzg :; amP“tUde (A+5)mm, Tms  (A+10)mm, Tms (A+15)mm, Tms (A+20) mm, T ms é
(A-5,T) — 9 i
(A+5,T) —i*t % - % ) 5‘ _ 3 -
RAEE AEE- AL
(A,T-2000) —it - - - - —
% (A T+2000) + (A-5)mm, Tms (A-10)mm,Tms (A-15)mm, Tms (A-20)mm, Tms }
§ (A, T-1500) r—-; Abnormal
S 1 (A, T+1500) _— reathin
8 (A T-1000) —_— q breathing %
c + k o
& i (AT+1000) T Y i
§i (AT-500) —t ) o | s ¥
(A, T+500) —_— CT-sim breathing CS breathing Yawning Coughing
T 2168 breathing Bt
‘g% ! Yawning: [E— r_g
o ing: . " y
521 Coughing! =t AR ARE 4
CT-sim breathing Amm, (T+500)ms ~ Amm, (T+1000)ms A mm, (T+1500) ms A mm, (T+2000) ms
3D-BioLungEx Change in !
. cycle [ .
Free breathing '@\: ’ W
Not breathing Amm, (T-500) ms ~ Amm, (T-1000)ms A mm, (7-1500)ms A mm, (7-2000) ms
Not breathing =1
ArcCHECK  [&l1] 60 70 80 90 f[sf)] ArcCHECK 3D-BioLungEx

Passing rate (%)

W Pass B Unpass
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As illustrated in Fig. 9a, under the precise control of
3D-BioLungEx, the amplitude and cycle of patients’ normal
breathing in the CT simulation room were accurately repli-
cated; this was called the CT-sim breathing pattern. Under
this pattern, 3D-BioLungEx recorded the gamma passing rate
of (93.61+£5.00)%, significantly higher than that observed
during free-breathing in the actual treatment ((90.25+3.64)%;
p<0.05). This difference was attributed to the challenges pa-
tients face in replicating the CT simulation room breathing
pattern during treatment; breathing inconsistencies negatively
affected the gamma passing rates, reducing them below the
anticipated 95% threshold.

In CS breathing, irregular rthythms with variable amplitudes
produced the gamma passing rate of (87.71+3.09)%. The
yawning pattern, characterized by expanded oral and pharyn-
geal regions, increased respiratory amplitude and decreased
the gamma passing rate to (81.35+3.38)%. The coughing pat-
tern involved intense thoracic movement, yielding the highest
respiratory amplitude and further decreasing the gamma pass-
ing rate to (75.31+4.42)%. Across these abnormal patterns,
the gamma passing rates gradually declined with increased
respiratory amplitude.

To investigate the effects of respiratory amplitude and cycle
on gamma passing rates, 3D-BioLungEx was used to adjust
these parameters. Respiratory amplitude significantly affected
gamma passing rates, while changes in cycle had no notable
impact. With increasing amplitude, gamma passing rates de-
clined. For example, with an amplitude variation of (A+20)
mm, the passing rates dropped to below 80%. Conversely,
with reduced amplitude variation, passing rates improved,

especially when the amplitude decreased to (A+5) mm. In
contrast, changes in respiratory cycle (within a range of
(T+500) ms to (7+2000) ms) did not significantly affect the
passing rates, which remained stable at 92%-94%. Notably, the
gamma passing rate of ArcCHECK was (95.94+1.43)%, sig-
nificantly higher than those obtained from the patient and
3D-BioLungEx.

Figure 9a presents an analysis of the impact of various re-
spiratory patterns on global gamma passing rates. Figures 9b—
9d provide a visual comparison of lung gamma passing rates
for the patient, 3D-BioLungEx, and ArcCHECK, with purple
regions indicating areas that failed to pass. Figure 9¢ focuses
on lung gamma passing rates for porcine lung simulations
driven by 3D-BioLungEX, divided into upper, middle, and
lower sections. The upper section illustrates the effect of vary-
ing respiratory amplitude ((A-20) mm to (A+20) mm) while
holding cycle constant, showing that increased amplitude
correlates with larger non-passing areas and decreased gamma
passing rates. The middle section highlights three abnormal re-
spiratory patterns simulated by 3D-BioLungEx, with gamma
passing rates progressively decreasing. The lower section
examines the effect of respiratory cycle changes ((7-2000)
ms to (7+2000) ms), with amplitude held constant, reveal-
ing no significant impact on lung gamma passing rates, as
the purple non-passing regions remained stable.

4 Discussion

Our study demonstrates that respiratory motion significantly
compromises radiotherapy dose delivery accuracy, with
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gamma passing rates ranging from 78.54% for irregular
breathing patterns to 95.86% under static conditions. The
3D-BioLungEx phantom successfully captured respiratory-
induced dosimetric variations, showing measurable differ-
ences between CT-simulation breathing (93.47%) and actual
treatment breathing (91.22%) conditions, with abnormal
breathing patterns (Cheyne—Stokes, yawning, coughing) pro-
ducing progressively worse dose conformity. These findings
reveal a substantial 17.32% difference between optimal static
conditions and the most challenging breathing pattern, high-
lighting the critical impact of respiratory motion on treat-
ment accuracy.

These results align with and extend previous in vivo dose
verification studies. Wu et al. [39] were the first to apply
EPID-based 2D in vivo dose distribution verification to 30
cases of nasopharyngeal cancer, demonstrating its effective-
ness in real-time dose monitoring during intensity-modulated
radiation therapy (IMRT). Tan et al. [40] subsequently ex-
tended this approach to cervical cancer patients undergoing
IMRT, further validating its reliability in tracking dynamic
dose changes. However, Feng et al. [41] highlighted a com-
mon issue: the gamma passing rates for in vivo dose distri-
bution verification were significantly lower than those for
pretreatment rigid-body dose distribution verification, indi-
cating dose deviations during actual treatment. Our findings
corroborate these results, showing that the in vivo 3D dose
distribution gamma passing rate for patients was lower than
that for ArcCHECK. While ArcCHECK verifies dose distri-
bution under stationary conditions, in vivo, respiratory mo-
tion and other physiological variations lead to fluctuations
in dose distribution, resulting in a lower gamma passing
rate. This underscores the urgent need to improve the accu-
racy of in vivo dose distribution verification.

Despite advances in in vivo dose distribution verification
technology, its primary function has been retrospective,
assessing the dose already delivered rather than serving as a
preventive measure. Moreover, this technology is constrained
by individual patient differences and physiological factors,
particularly in the thoracic and abdominopelvic regions. These
areas are more susceptible to physiological changes such as
respiratory motion, gastrointestinal peristalsis, and bladder
filling, which can lead to actual dose deviations from the
planned dose [42—44]. In response, our study introduced an
innovative method for biological in vivo 3D dose distribution
verification to deepen our understanding of how respiratory
motion specifically affects radiotherapy outcomes for lung
cancer patients. Using the self-developed 3D-BioLungEx
system, we successfully simulated the respiratory patterns of
lung cancer patients and developed the IOSI-BLDose algo-
rithm to precisely quantify dose discrepancies between actual
and planned doses under various respiratory patterns.

Our results indicate that lung cancer patients’ respiratory
patterns during treatment often differ from those observed
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in the CT simulation room, leading to gamma passing rates
slightly below expected levels. Accordingly, effective moni-
toring and control of respiratory motion during radiotherapy
are pivotal for improving treatment outcomes [45].

In this study, the 3D-BioLungEx system was used to
simulate various respiratory patterns and evaluate the impact
on gamma passing rates. The results revealed that respira-
tory pattern consistency is essential for enhancing radio-
therapy precision. When the 3D-BioLungEx accurately rep-
licated the respiratory amplitude and cycle observed during
simulation positioning in the CT simulation room, the gamma
passing rates were close to 95%. Conversely, abnormal respi-
ratory patterns significantly reduced the gamma passing rates.
Variations in respiratory amplitude had a direct impact on
gamma passing rates, while changes in respiratory cycle
showed no notable effect.

In practice, the guidance curve is displayed on a visual
monitor placed in front of the patient, overlaid with the real-
time breathing waveform acquired via an external sensor
(e.g., pressure belt or infrared marker system). Patients are
instructed to visually align their breathing with the target
curve. To quantify compliance, the system continuously cal-
culates the correlation coefficient between the reference and
actual breathing curves. When this coefficient exceeds a
predefined threshold (e.g., R>0.85), breathing is considered
compliant. Real-time auditory prompts may be given if
deviation occurs, helping patients maintain synchrony.

The introduction of biological in vivo 3D dose distribu-
tion verification represents a significant transition from tra-
ditional static dose verification to dynamic, real-time valida-
tion. This approach not only simplifies workflows and re-
duces positioning errors by replacing conventional IMRT
dose verification devices but also enables real-time monitor-
ing of dose deviations during treatment, providing timely
and reliable data to support clinical decision-making. While
biological in vivo 3D dose verification has advanced dosi-
metric validation considerably, its current application is
limited to controlling or guiding patient breathing, without
achieving true beam compensation during radiotherapy.
This limitation presents a clear direction for future research.
Integrating this method with the patient’s actual respiratory
curve could enable real-time compensatory adjustments to
the radiotherapy plan, achieving more precise adaptation to
respiratory motion and further enhancing treatment accu-
racy and effectiveness [46].

5 Conclusions

In this study, we developed an innovative method for bio-
logical in vivo 3D dose distribution verification to investi-
gate the impact of respiratory motion on lung cancer radio-
therapy outcomes. The self-developed 3D-BioLungEx system
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accurately simulated patient-specific respiratory patterns,
while the IOSI-BLDose algorithm precisely quantified dose
discrepancies between actual and planned doses. Our results
showed that consistent respiratory patterns are essential for
radiotherapy precision, with abnormal patterns reducing
gamma passing rates. While respiratory amplitude variations
significantly affected gamma passing rates, cycle changes
had minimal impact. Our novel approach simplifies work-
flows, reduces positioning errors, and enables real-time moni-
toring of dose deviations. Future research should focus on
integrating this method with the patient’s actual respiratory
curve for real-time radiotherapy plan adjustments, further
enhancing treatment accuracy and effectiveness.
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