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A B S T R A C T

The precise dose calculation in Boron neutron capture therapy (BNCT) heavily relies on accurate characterization 
of tissue elemental composition. However, current computed tomography (CT)-based methods face significant 
limitations in analyzing soft tissue elements due to the non-unique relationship between Hounsfield units (HU) 
and tissue parameters. A novel magnetic resonance imaging (MRI)-based quantitative analysis method to address 
this issue has been developed for deriving key elemental mass fractions (C, H, O, N) through measuring mo
lecular components including water, lipids, and proteins. Using mDIXON-Quant MRI technology, the accuracy of 
fat quantification was first validated through phantom experiments (mean relative deviation <0.1 %) and 
established a linear calibration model between MRI signal intensity and water mass fraction. Further biological 
sample experiments demonstrated that MRI-derived mass fractions of H, N, and O agreed well with elemental 
analyzer measurements, whereas C quantification showed some data dispersion. Compared with traditional CT 
methods, MRI improved the prediction accuracy for C, H, and N elements. This study demonstrates the feasibility 
of MRI-based quantitative analysis, which may provide more accurate soft tissue elemental data for Monte Carlo 
simulations in BNCT treatment planning.

1. Introduction

Boron neutron capture therapy (BNCT) is an emerging targeted 
radiotherapy modality. The core mechanism relies on selectively deliv
ering boron-10 (10B) isotopes to tumor tissue, followed by irradiation 
with thermal or epithermal neutrons to trigger the 10B(n,α)7Li nuclear 
capture reaction. This reaction produces high linear energy transfer 
(LET) α particles and recoiling lithium nuclei (7Li), which travel only 
4–10 μm in biological tissue—approximately the diameter of a single 
cell. Owing to this highly localized energy deposition, BNCT achieves 
precise tumor cell destruction while sparing surrounding healthy tissues 
(Sauerwein et al., 2012; Barth et al., 1992, 2012, 2018).

In BNCT, the physical absorbed dose primarily consists of three 
components: the boron, neutron, and photon dose. The latter two results 
from nuclear interactions between neutrons and elements in human 
tissues (Kumada and Takada, 2018). Differences in tissue composition 

significantly influence neutron moderation, altering the spatial distri
bution of the neutron energy spectrum and thereby playing an important 
role in regulating the boron dose. Cross-sectional analysis based on the 
ENDF/B-VIII database shows notable variations in neutron reaction 
cross-sections among different nuclides, making tissue elemental 
composition a critical parameter in BNCT dose calculations. Studies 
indicate that tissue composition differences can lead to fluctuations 
exceeding 10 % in the maximum dose rate of normal tissues when 
evaluating the biological equivalent dose, while deviations in the 
physical absorbed dose assessment can reach up to 6 % (Teng et al., 
2023). Therefore, the precise determination of tissue composition is 
essential to ensure reliable dose evaluation.

The Monte Carlo (MC) method (Andreo, 1991, 2018) is the standard 
approach for BNCT dose calculations and is widely used in treatment 
planning systems (TPSs). Currently, most TPSs rely on general-purpose 
MC codes (such as Geant4 (Grevillot et al., 2010)) to compute dose 
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distributions (Zhong et al., 2023), with the important input parameters 
being the elemental composition and mass density of each voxel derived 
from patient imaging data. In early studies, the human tissue elemental 
composition was primarily based on reference human models published 
by the International Commission on Radiation Units and Measur
ements/International Commission on Radiological Protection, using a 
homogeneous tissue assumption. However, this approach ignores tissue 
heterogeneity and inter-individual variations, which may introduce 
significant errors in dose calculations. To improve tissue characteriza
tion accuracy, Schneider et al. proposed a stoichiometric calibration 
method for computed tomography (CT)-number-to-Hounsfield-unit 
(HU) conversion (Schneider et al., 1996, 2000). However, this method 
has inherent limitations. Because HU values and tissue parameters do 
not have a strict one-to-one relationship, especially in soft-tissue re
gions, the low contrast in CT numbers reduces the reliability of cali
bration (Sudhyadhom, 2020). This highlights the need to develop more 
precise tissue characterization methods to improve the accuracy of 
BNCT dose calculations further. To improve the accuracy of elemental 
composition analysis, Teng et al. (2023) proposed a tissue parameter 
mapping method based on HU values. They divided the HU values into 
96 discrete intervals to achieve a more precise matching. However, 
existing CT methods face a fundamental limitation in reconstructing 
elemental composition: the Hounsfield Unit (HU) lacks a stable, 
one-to-one correspondence with soft tissue elemental parameters. This 
intrinsic physical shortcoming, combined with the inherently low 
soft-tissue contrast in HU, makes it difficult to establish a reliable and 
generalizable signal-to-element quantitative model through stoichio
metric calibration. Consequently, derivation errors are introduced, ul
timately compromising the accuracy of BNCT dose calculations.

Given the limitations of conventional CT imaging in analyzing 
elemental composition in soft tissues, Saito et al. proposed a quantitative 
magnetic resonance imaging (MRI)-based method for measuring carbon 
(C) and oxygen (O) concentrations in soft tissues with the aim of 
improving the range verification accuracy in proton therapy. This 
method demonstrates lower prediction errors than conventional CT and 
provides better differentiation of brain tissues (Saito, 2023; Saito and 
Matsumoto, 2023). However, in BNCT, hydrogen (H) and nitrogen (N) 
are critical elements that affect dose calculations. Therefore, the po
tential of MRI in BNCT treatment planning was explored, and a “soft-
tissue–molecular content–elemental mass fraction” framework was 
developed. This framework leverages MRI to quantify the mass fractions 
of water, lipids, and proteins directly or indirectly in soft tissues and 
then derives the elemental composition to establish a tissue parameter 
model for optimizing voxel parameter settings in MC simulations. This 
study provides a reference for expanding MRI applications in BNCT dose 
calculations and offers new methodologies to improve treatment plan
ning accuracy.

2. Materials and methods

2.1. Theoretical framework: molecular-to-elemental mapping

Human soft tissues are primarily composed of water and organic 
molecules. O and H mainly exist as water molecules, whereas C serves as 
the backbone element of organic molecules and combines with H, O, N, 
and other atoms to form several biological macromolecules (Woodard 
and White, 1986). The following hypothesis is proposed: human soft 
tissues can be simplified as a system consisting of water and organic 
molecules. To validate this hypothesis, the dataset of 47 standard human 
soft tissues assembled by Hünemohr et al. (2014) was employed, and the 
mass fractions of water, lipids, and proteins were analyzed. Table 1 lists 
the mass fractions of these three components in selected soft tissues 
(their sum represents the total mass fraction). The results show that, 
except for cartilage and bile, water, lipids, and proteins account for more 
than 96 % of the mass fraction in most soft tissues. From a numerical 
analysis perspective, human soft tissues can be approximately 

considered as a ternary system composed of water, lipids, and proteins. 
This simplified model supports the first part of the proposed technical 
framework (“human soft tissues → molecular content”).

Since human soft tissues are simplified as a ternary system, and 
previous studies showed that the elemental composition and mass 
fractions of these three molecular components follow established bio
logical patterns with relatively stable proportional distributions, the 
second part of the framework (“molecular content → elemental mass 
fractions”). Specifically, after the mass fractions of water, lipids, and 
proteins in soft tissues were measured quantitatively using MRI, the 
mass fractions of C, H, O, and N were calculated based on their stable 
elemental ratios. The elemental composition of human tissues was 
investigated systematically and the mass fractions of important elements 
(C, H, O, and N) in major components were quantified, including lipids, 
proteins, and water (Table 2). In the final calculation, proteins were 
represented using the standard average elemental composition. For lipid 
components, tissue-specific approaches were applied: brain tissue was 
modeled with a phospholipid composition, whereas other soft tissues 
used a triglyceride composition.

2.2. Magnetic resonance imaging sequences: technical introduction

Magnetic resonance (MR) technology primarily relies on H protons 
(1H) in free water molecules and lipid molecules as signal sources. In this 
case, protons exhibit high mobility, with precession frequencies close to 
the MR central frequency of the MR system, making effective excitation 
and detection possible using radiofrequency (RF) pulses. In contrast, the 
H protons in protein molecules demonstrate restricted motion owing to 
molecular structural constraints, causing their frequencies to deviate 
significantly from the MR central frequency. Consequently, conven
tional MR imaging sequences cannot detect the proton signals. Based on 
these physical principles, the quantitative measurement of soft-tissue 
molecular composition was simplified to water and lipid mass fraction 
determination. By precisely measuring water and lipid mass fractions 

Table 1 
Reference tissue parameters of the standard human soft tissues (Schneider et al., 
2000; Woodard and White, 1986).

Tissue Water(wtw) Lipid Protein Total mass fraction

(mass%) (mass%) (mass%) (mass%)

Kidney 1 72.3 6.9 19.9 99.1
Thyroid 78.4 4.4 14.0 96.8
Aorta 72.1 1.8 25.0 98.9

Heart 2 75.9 6.2 17.1 99.2
Kidney 2 76.6 4.8 17.7 99.1
Liver 1 72.8 7.8 16.1 96.7

Muscle, skeletal 2 74.1 4.2 19.8 98.1
Muscle, skeletal 3 78.6 1.6 17.9 98.1

Heart 3 80.9 2.4 15.9 99.2
Mammary, gland 3 72.6 5.6 21.5 99.7

Kidney 3 80.5 2.8 15.8 99.1
Ovary 82.8 2.3 14.0 99.1

Eye lens 64.1 2.0 33.6 99.7
Liver 2 74.5 4.6 17.6 96.7
Trachea 74.2 3.8 18.9 96.9
Spleen 78.7 1.8 18.6 99.1

Heart,blood-filled 77.7 2.8 18.6 99.1
Blood, whole 79.0 0.6 19.6 99.2

Table 2 
Elemental compositions of water, lipids, and proteins (Giera, 2020; Smith, 
1966).

Components Elemental composition (mass fraction)

Lipid (triglyceride) H(11.8),C(77.4),O(10.8)
Lipid (phospholipid) H(9.7),C(62.3),N(1.7),O(15.1),P(3.7)

Protein H(6.6),C(53.4),N(17.0),O(22.0),S(1.0)
Water H(11.2),O(88.8)
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using MR technology, protein mass fractions can be derived indirectly.
Through systematic experimental validation and technical evalua

tion, the modified Dixon quantitative (mDIXON-Quant) method was 
identified as the core method for fat quantification. Data acquisition was 
performed using a Philips MRI system with the following sequence pa
rameters: repetition time (TR)/echo time (TE) = 5.7/0.97 ms, number of 
excitations (NEX) = 1, field of view (FOV) = 450 mm, matrix size = 160 
× 140, slice thickness = 2.5 mm, slice gap = 0 mm, number of slices =
12, and total scan duration = 36.5 s. This advanced MRI technique uses 
multi-echo acquisition and an optimized signal decomposition algo
rithm to generate high-resolution water and fat-only images simulta
neously, making possible the precise calculation of the Proton Density 
Fat Fraction (PDFF) (Lins et al., 2021) (In the present work, PDFF was 
treated as equivalent to the fat mass fraction). Compared with the 
conventional Dixon method, this method significantly reduces quanti
fication errors caused by magnetic field inhomogeneity, providing reli
able measurements of tissue fat mass fraction. For water quantification, 
the water-only images from the mDIXON-Quant sequence is considered 
as the basis for analysis. By establishing a standardized calibration 
model that correlates the image signal intensity with known water 
concentrations, the MR signals were converted into actual water mass 
fraction values.

After the MRI sequence and technical protocol were finalized, the 
following experimental steps were used. 1. Fat phantom validation: A 
pre-made fat phantom system is used to verify the accuracy of fat 
quantification using the selected sequence. 2. Water phantom calibra
tion: A standardized water phantom is used to establish a quantitative 
calibration model between image grayscale values and water concen
tration, while also evaluating water mass fraction measurement preci
sion. 3. Biological sample analysis: The validated MRI platform used to 
quantify the elemental composition of biological soft-tissue samples. 
The results are compared with those of conventional CT measurements 
to assess the advantages of the proposed method.

2.3. Formulation of phantom solutions for technical validation

The fat phantom design employed in this study, based on the 
established protocols by Hernando et al. (2012, 2015, 2017), encom
passes both water-only and agar-based oil–water emulsion phantoms to 
simulate the distinct distribution characteristics of water and lipids 
across biological tissues. The experimental setup consisted of nine cy
lindrical glass vials (25-mm diameter, 90-mm height). Each vial was 
filled with either aqueous solutions for water phantoms or stabilized 
oil-water emulsions for fat phantoms. The fat phantoms were formulated 
to cover a mass fraction gradient of 0 %, 5 %, 10 %, 15 %, 20 %, 30 %, 
40 %, 50 %, and 100 %. This mass fraction range was selected in 
accordance with established validation protocols, as it comprehensively 
spans the physiological fat-content spectrum of human soft tissues—
from entirely fat-free to fully adipose regions. Hernando et al. (2012)
demonstrated that a 0 %–100 % mass fraction gradient is essential for 
verifying the linearity and precision of advanced fat-quantification 
techniques such as mDIXON-Quant, and their subsequent multicenter 
study (2017) further validated this range as a reference standard for 
ensuring cross-platform consistency in MRI-based fat measurements. 
Each emulsion contained the following components (Fig. 1a): deionized 
water, peanut oil, agar (2 % w/v, as a gelling agent), sodium dodecyl 
sulfate (SDS, 43 mM, as an emulsifier), sodium chloride (43 mM, for 
ionic strength adjustment), sodium benzoate (3 mM, as a preservative), 
and copper sulfate (1.0 mM, to shorten T1 relaxation time).

The water phantoms were prepared using a binary system of heavy 
water (D2O) and deionized water (H2O), with concentration gradients 
set at 0 %, 10 %, 20 %, 30 %, 40 %, 50 %, 70 %, 90 %, and 100 % H2O to 
simulate the physiological range of water content in biological tissues 
(the 0 %–100 % range comprehensively covers the physiological water 
content spectrum of human soft tissues). The use of deionized H2O is 
essential to eliminate interference from ionic or organic impurities that 
could alter proton relaxation times (T1, T2) or introduce signal artifacts, 
thereby ensuring that the observed MRI signal intensity is solely 

Fig. 1. (a) Prepared fat phantom and water phantom and (b) Preparation process diagram of the fat solution.
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correlated with the concentration of water molecules. Heavy water 
(D2O) serves as a “zero-signal” reference, as deuterium (2H) does not 
produce detectable signals in 1H MRI, enabling precise calibration of the 
signal intensity scale from 0 % (pure D2O) to 100 % (pure deionized 
H2O).

To ensure experimental stability, all test solutions were placed in the 
scanning room for ≥30 min before imaging to reach thermal equilibrium 
(25 ◦C ± 0.5 ◦C). During data acquisition, nine standard glass vials [20- 
mm diameter × 50-mm height] were aligned and fixed at the isocenter 
of the phased-array body coil. Method validation included three inde
pendent scans over 72 h (at intervals of 24 and 48 h after the first scan).

2.4. Biological sample preparation and imaging

During the experiment, a standardized sample processing protocol 
was strictly followed. Five fresh chicken breast samples were purchased 
and stored in a freezer immediately after purchase. Chicken breast was 
selected as the biological sample for this study primarily due to three key 
considerations: first, it is a typical soft tissue with a well-characterized 
"water–lipid–protein" ternary composition (consistent with the theo
retical framework of this study) and low inter-individual variability in 
elemental content, which minimizes confounding factors in quantitative 
validation; second, its high homogeneity and relatively simple tissue 
structure avoid interference from complex components (e.g., connective 
tissue, glands) that may affect MRI signal quantification, ensuring reli
able mapping between molecular contents and elemental mass fractions; 
third, as an in vitro soft tissue biomimetic material, chicken breast offers 
advantages such as affordability, easy availability, simple storage, and 
high batch consistency. Before each scan, the samples were thawed in a 
refrigerator for 5 h and then allowed to reach thermal equilibrium in the 
scanning room to ensure measurement consistency. For imaging, a 
continuous scanning approach was adopted: MRI was performed first, 
followed immediately by CT scanning to maintain consistent sample 
conditions between the two measurements. As previously mentioned, 
the MRI parameters were fixed. CT imaging was performed using a 
Philips Brilliance CT scanner with the following parameters: tube 
voltage 120 kVp, tube current-time product 395 mAs, slice thickness 2.5 
mm, standard(B) reconstruction kernel, iterative reconstruction 
(iDose4, level 3), and a pixel matrix of 512 × 512.To obtain accurate 
reference data, the scanned samples were sent to a professional testing 
laboratory for elemental analysis using a high-precision element 
analyzer (EA) (Werner and Brand, 2001) with a measurement accuracy 
of ≤0.3 %.

2.5. Data processing and statistical analysis

In the fat quantification validation experiment, the built-in fat 
quantification function of the Philips MRI system was used to delineate 
the regions of interest (ROIs) and obtain fat mass fraction values. To 
evaluate the repeatability of the measurements systematically, a 
Bland–Altman (Bland and Altman, 1986) agreement analysis was per
formed on datasets from three independent scans. During the estab
lishment of the water content calibration curve, the water-phase images 
acquired using the mDIXON-Quant sequence exhibited intensity in
homogeneity (bias field artifacts) unrelated to the actual anatomical 
structure. These artifacts were caused by the inherent hardware limi
tations of the scanner and unavoidable magnetic field inhomogeneity 
during imaging. The N4 correction algorithm (Tustison et al., 2010) was 
applied to suppress these artifacts before the quantitative analysis. 
Image postprocessing was performed using ImageJ software (Schneider 
et al., 2012) and included the following steps: (1) grayscale normali
zation of the corrected images and (2) establishing a calibration rela
tionship between the image grayscale values and water concentration 
using linear regression analysis.

In bioimaging analysis, when processing the MRI scan results, the 
water and fat mass fractions of the samples were first measured precisely 

using fat quantification technology and standardized water content 
calibration curves. The protein mass fraction was subsequently calcu
lated based on the normalization constraint that the mass fractions of 
water, lipid, and protein sum to unity. Using known elemental compo
sition ratios of biological molecules, the mass fractions of four ele
ments—C, H, O, and N— were then derived. For the CT scan analysis, 
the Neumanta treatment planning system(Chen et al., 2022) (a 
next-generation specialized platform for BNCT developed by Neuboron 
Medical Group) was employed. The software first reads the patient CT 
image data and then uses its built-in material conversion algorithm to 
map HU values to specific human tissue composition information.

3. Results

3.1. Validation of MRI-based fat quantification

As shown in Fig. 2a, the quantitative analysis of fat phantoms based 
on the mDIXON-Quant sequence demonstrated excellent agreement 
between the MRI-measured fat mass fraction values and the theoretical 
expected values across all samples (mean relative deviation <0.1 %). 
These results validate the quantitative accuracy of the measurement 
system. Error analysis from three independent reproducibility experi
ments showed that the standard deviation of the measurements (repre
sented by error bars) remained consistently within a narrow range. This 
further confirms the measurement repeatability and data reliability of 
this technical approach.

To evaluate the consistency of the experimental results, a 
Bland–Altman analysis was performed on three scan datasets. Pairwise 
comparisons showed that the majority of data points fell within the 95 % 
limit of agreement and were evenly distributed (Fig. 2b), indicating 
measurement consistency between different operators and supporting 
their interchangeability. These findings validate the reliability and 
repeatability of the mDIXON-Quant technology for fat quantification.

3.2. Establishment and validation of water content calibration curves

Using pre-prepared D2O/H2O phantom solutions, a quantitative 
calibration relationship was established between MRI image grayscale 
values and known water mass fractions (Fig. 3a). Linear regression 
analysis demonstrated a strong linear correlation between the grayscale 
signal intensity and reference water mass fraction (R2 > 0.99, p <
0.001), confirming the methodological feasibility of water mass fraction 
quantification based on MRI grayscale values.

To validate the accuracy of the calibration model systematically, six 
additional water phantom samples were prepared with varying con
centration gradients (range: 34–70 %), each measured twice indepen
dently (n = 2). Using the calibration curve (y = 0.01015x + 4.35281 ×
10− 4) for reverse calculation, all samples showed excellent agreement 
between measured and theoretical water mass fractions (Fig. 3b). 
Quantitative analysis revealed an average relative deviation of less than 
0.1 %, further confirming the accuracy and reliability of this method.

3.3. Validation of MRI-based elemental quantification using biological 
samples

To evaluate the accuracy of the proposed MRI method for the 
quantitative analysis of the elemental composition in biological tissues, 
five fresh chicken breast samples were analyzed systematically. Based 
on the theoretical framework of “human soft tissue–molecular con
tent–elemental mass fraction”, the mass fraction of four elements (C, H, 
O, and N) were derived using MRI technology, with EA measurements 
serving as reference standards. The experimental results (Tables 3 and 4) 
showed good agreement between MRI-derived and reference values for 
H, N, and O, with relatively small deviations. However, the measure
ments of C exhibited some instability. These findings preliminarily 
demonstrate that the MRI-based framework can achieve non-destructive 
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quantitative detection of the elemental composition in soft tissues.

3.4. Performance comparison of MRI and CT in elemental composition 
analysis

To evaluate the advantages of the proposed MRI-based method, its 
performance was compared directly with that of conventional CT for EA. 
As shown in Fig. 4, the MRI method demonstrated significantly better 
accuracy in predicting elemental mass fraction than the CT gold stan
dard. MRI revealed markedly reduced absolute deviations for C, H, and 
N, with a particularly improvement in N quantification. However, no 
significant difference was observed for O measurements between the 
two methods. These results indicate that MRI provides a more precise 
quantification of soft-tissue elemental composition, offering more ac
curate tissue parameters for MC simulations and reducing systematic 
errors in dose calculations. In addition, MRI offers the advantage of 
being radiation-free, making it more suitable for repeated imaging and 
clinical applications in radiation-sensitive populations. The superior 
soft-tissue contrast of MRI enhances the precision of organ-at-risk (OAR) 
delineation, which is crucial for minimizing normal tissue toxicity in 
BNCT.

4. Discussion

This study is based on a simplified “water-lipid-protein” ternary 
theoretical model validated using standard human tissue datasets. This 
theoretical framework enables the quantitative conversion of molecular 

mass fractions measured via MRI into mass fractions of C, H, O, and N. 
During the construction of the methodology, a simplified oil-water bi
nary model was primarily employed, which may raise questions 
regarding its reliability in real tissues. From the perspective of MRI 
physics, the signals acquired by chemical-shift-based water-fat separa
tion techniques (such as mDIXON-Quant) originate mainly from the 
mobile proton pool with relatively long transverse relaxation times (T2). 
Although macromolecules such as glycogen and proteins also contain 
abundant hydrogen atoms, their protons are restricted within rigid 
molecular structures, resulting in highly constrained motion and 
extremely strong dipole–dipole interactions, which lead to very short T2 
relaxation times (typically on the order of microseconds) (Ernst RR, 
1992). The echo times (TE) used in clinical MRI sequences (generally in 
the millisecond range) are far longer than the T2 of these solid-state 
protons (Boesch C et al., 2002). Consequently, the magnetization from 
such components decays completely before signal acquisition begins and 
cannot produce detectable MR signals. Therefore, within the signal 
model of Dixon-based techniques, the observable signals arise solely 
from mobile water protons and mobile fat protons, which physically 
justifies the use of a simplified model for method development.

The validation results of the constructed system indicate that the 
mDIXON-Quant technique achieves high precision in fat quantification. 
It should be noted that the PDFF reported by the MRI scanner is not 
strictly equivalent to the mass fraction of fat; however, in this study, 
PDFF was employed as a surrogate measure for the fat mass fraction. 
First, a substantial body of research (Tang A. et al., 2013; Idilman IS. 
et al., 2013; Kang BK. et al., 2018) has demonstrated good correlation 

Fig. 2. (a) Fat quantification operation page and the measurement result of fat mass fraction in the lipid solution (The numbers in the figure represent the absolute 
differences between groups) and (b) consistency test chart for three measurements (Bland–Altman plot).
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Fig. 3. (a) Water-phantom grayscale image from MRI scan and water content calibration curve and (b) water-phantom grayscale image from MRI scan and validation 
results of water mass fraction back-calculation (The numbers in the figure represent the absolute differences between groups).

Table 3 
Comparison of soft-tissue H and C mass fractions measured by different methods 
(values in parentheses are absolute differences).

Methods EA CT-based method MRI-based method

H(%) C(%) H(%) C(%) H(%) C(%)

1 10.030 13.950 10.79 
(0.76)

22.324 
(8.374)

9.836 
(0.194)

22.850 
(8.900)

2 10.830 13.910 11.691 
(0.861)

25.125 
(11.215)

10.214 
(0.616)

16.926 
(3.016)

3 11.570 11.90 10.26 0 
(1.310)

21.056 
(9.156)

10.632 
(0.938)

15.110 
(3.210)

4 9.280 18.080 11.691 
(2.411)

25.125 
(7.045)

10.214 
(0.934)

16.926 
(1.154)

5 11.880 13.030 10.016 
(1.864)

21.200 
(8.170)

10.820 
(1.060)

18.213 
(5.183)

Table 4 
Comparison of soft-tissue N and O mass fractions measured by different methods 
(values in parentheses are absolute differences).

Methods EA CT-based method MRI-based method

N(%) O(%) N(%) O(%) N(%) O(%)

1 4.400 64.060 2.408 
(1.992)

64.307 
(0.247)

5.393 
(0.993)

61.584 
(2.476)

2 4.310 66.440 2.603 
(1.707)

69.501 
(3.061)

3.913 
(0.397)

68.702 
(2.262)

3 3.800 66.890 2.657 
(1.143)

65.437 
(1.453)

3.693 
(0.107)

70.705 
(3.815)

4 4.360 58.790 2.603 
(1.757)

69.501 
(10.711)

3.913 
(0.447)

68.702 
(9.912)

5 4.140 65.850 2.252 
(1.888)

65.590 
(0.260)

4.624 
(0.484)

66.858 
(1.008)
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and consistency between PDFF obtained via Dixon-based quantitative 
techniques and histological or phantom-based reference fat contents, 
such as biopsy or magnetic resonance spectroscopy (MRS) results. Sec
ond, the experimental results in Section 3.1 show that the measured fat 
mass fraction (actually PDFF) is highly consistent with the theoretical fat 
mass fraction, thereby further supporting the reliability of this substi
tution. Furthermore, we evaluated the impact of directly using PDFF as 
the fat mass fraction (neglecting differences in hydrogen density) on the 
final elemental composition calculation using a conservative binary 
model. The analysis showed that even under an extreme scenario with a 
relative error of ±10 % in PDFF, the resulting deviations in the calcu
lated mass fractions of C, H, O, and N were all less than 0.5 %. In a 
realistic ternary system (water-lipid-protein), the hydrogen contribution 
from proteins would further reduce the discrepancy between PDFF and 
the true fat mass fraction. Hence, the binary-model-based assessment is 
conservative, and the actual error is likely smaller. Overall, the direct 
use of PDFF as the fat mass fraction in this study is both reasonable and 
effective.

Nevertheless, some measurement errors remain in the experiments, 
primarily stemming from solution non uniformity caused by unavoid
able human related variations during solution preparation. The cali
bration model for water mass fraction exhibited excellent linearity (R2 

> 0.99), although a slight systematic underestimation was observed at 
100 % water content, likely attributable to signal intensity saturation 

effects at high water concentrations. Given that only a limited propor
tion of organs in human tissues possess such high water content, the 
impact of this systematic error on overall measurements remains within 
an acceptable range.

The experimental data show that the MRI-measured mass fractions of 
H, N, and O agree well with the EA results, with relatively small de
viations. However, the quantification of C showed significant instability 
with larger deviations. This variability may be caused by complex mo
lecular structures and the difficulty in mapping MRI signals to C mass 
fraction. To evaluate how elemental quantification errors affect BNCT 
dose calculations, a dose sensitivity analysis was performed using clin
ical cases of patients with head and neck cancer. During dose planning, 
the mass fractions of C, H, O, and N were adjusted independently to 
measure their individual effects on the final dose. The results indicated 
that even a 30% change in C mass fraction had the smallest effect on 
dose calculation (<1.5 %), whereas variations in H, N, and O had more- 
significant influences on dose distribution. Therefore, although MRI- 
based C quantification has certain limitations, its impact on the over
all accuracy of BNCT dose calculation is negligible.

Compared with CT-based methods, MRI offers several advantages for 
soft tissue EA. The improved accuracy in predicting the mass fractions of 
C, H, and N demonstrates that MRI can provide more reliable tissue 
parameters for MC simulations, thereby reducing systematic errors in 
dose calculations. In addition, the radiation-free nature of MRI makes it 

Fig. 4. (a)–(d) Absolute deviations (Δ) in the mass fractions of C, N, H, and O between the MRI/CT methods and the reference standard of elemental analysis (EA).
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suitable for repeated imaging and applications in radiation-sensitive 
populations. Its superior soft tissue contrast also makes better delinea
tion of OARs possible, which is crucial for minimizing normal tissue 
toxicity in BNCT.

The main limitations and future research directions center on four 
key aspects: (1) To further validate the feasibility of the oil–water binary 
model, future research will develop multi-component models that 
incorporate biomacromolecules such as proteins, in order to more 
accurately simulate tissue complexity. It is also planned to validate the 
proposed method using a wider range of ex vivo and in vivo biological 
tissue samples, thereby systematically assessing its robustness under 
realistic biological conditions. (2) The current method cannot provide 
voxel-level elemental distribution maps or fully quantify elements in 
bone. Future work should explore integrating CT with MRI images to 
develop a more comprehensive imaging system. (3) Measurements of C 
exhibited substantial variability. Optimization of MRI sequences or the 
incorporation of complementary methods (such as spectroscopy) is 
needed to improve the quantification of C element. (4) Direct integration 
of MRI-derived tissue parameters into BNCT treatment planning remains 
a prospective research direction. The feasibility and accuracy of such 
integration must be validated through patient-specific imaging com
bined with dose calculation. Future research should focus on addressing 
these issues to refine the MRI-based system, thereby supporting more 
precise BNCT treatment planning.

5. Conclusions

The feasibility and advantages of using MRI-based quantitative 
analysis for determining soft tissue elemental composition in BNCT dose 
calculations were demonstrated. By applying mDIXON-Quant MRI 
technology, a reliable framework was developed to quantify water, 
lipid, and protein mass fraction, from which the mass fractions of 
important elements (C, H, O, and N) were derived. The results showed 
that MRI outperformed conventional CT methods in determining the 
mass fractions of critical elements such as H and N, both of which are 
essential for BNCT dose calculations. Although promising, this study is 
only a preliminary step. The observed variability in C quantification 
highlights an area that requires improvement in future studies. Further 
research is needed to extend this method to other tissue types. Subse
quent efforts should focus on integrating multimodal imaging and 
advanced spectroscopy techniques to achieve voxel-level elemental 
mapping and broader clinical validation.
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