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Abstract
Accurate and rapid acquisition of neutron energy spectra is one of the major
challenges in image-guided radiation therapy for boron neutron capture therapy
(IGRT-BNCT). This study integrates machine learning (ML), including deep
neural network (DNN) and random forest (RF) algorithms, into the energy spec-
trum superposition method (ESSM) to predict unknown spectra not present in
the database, referred to as ESSM-ML. The new algorithm can further improve
the speed of spectrum acquisition while maintaining high precision. Both DNN
and RF demonstrate high R2 values and extremely low root mean square error
(RMSE) for neutron energy spectrum predictions from two physical processes.
The deviation between predicted and true values is small across three energy re-
gions: thermal neutrons, epithermal neutrons, and fast neutrons. For the total
neutron energy spectrum at the emission window of the beam shaping assembly
(BSA), the ratio of the total neutron fluence rate obtained by ESSM-ML to that
obtained by conventional simulation-based methods is 95.3%. Furthermore, the
time required for ESSM-ML to obtain therapeutic spectra is only 69 seconds,
representing a 4500-fold improvement in computational efficiency. The average
prediction time of the ML module for a single spectrum is only 0.0052 seconds.
ESSM-ML provides a theoretical and algorithmic foundation for implementing
IGRT-BNCT.
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Accurately and rapidly obtaining the neutron energy spectrum represents one of
the most significant challenges for Image-Guided Radiotherapy of BNCT (IGRT-
BNCT). In this paper, machine learning (ML) techniques, including deep neural
networks (DNN) and random forest (RF) algorithms, are integrated into the en-
ergy spectrum superposition method (ESSM) to predict unknown energy spectra
not present in the database, resulting in the ESSM-ML framework. This novel
algorithm substantially improves spectrum acquisition speed while maintaining
high accuracy. Predictions of neutron energy spectra for two physical processes
using both DNN and RF demonstrate high R2 values and extremely low RMSE.
Across the three energy regions—thermal, epithermal, and fast neutrons—the
deviations between predicted and true values remain minimal. For the total
neutron energy spectrum at the beam shaping assembly (BSA) emission win-
dow, the ratio of total neutron fluence rate obtained by ESSM-ML to that from
traditional simulation-based methods reaches 95.3%. Moreover, the time re-
quired to obtain treatment energy spectra using ESSM-ML is only 69 seconds,
representing a 4,500-fold improvement in computational efficiency. The aver-
age prediction time for a single energy spectrum by the ML modules is merely
0.0052 seconds. ESSM-ML provides the theoretical and algorithmic foundation
for realizing IGRT-BNCT.

Keywords: ESSM-ML, IGRT-BNCT, Machine learning, Database, Computa-
tional efficiency

## Introduction

As a binary targeted therapeutic modality, Boron Neutron Capture Therapy
(BNCT) has emerged at the forefront of next-generation precision radiotherapy
research in recent years [1, 2], demonstrating remarkably effective therapeutic
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outcomes for several cancer types, particularly head and neck cancer, malignant
melanoma, and glioblastoma [3–5]. The fundamental mechanism of this tech-
nique hinges on the 10B(n, 𝛼)7Li nuclear reaction occurring between epithermal
neutrons and boron-10 (10B)-enriched tumor cells. This collision triggers the
emission of 𝛼 particles and lithium-7 (7Li) ions with high linear energy transfer
(LET). These particles exhibit traversal distances equivalent to a single cellular
diameter (less than 10 µm), enabling selective destruction of tumor cells while
maximizing preservation of adjacent normal tissues [6, 7]. During its early de-
velopmental phase, BNCT predominantly relied on nuclear reactors as neutron
sources. However, the substantial size and inherent safety regulations associ-
ated with reactor-based systems have posed significant barriers to widespread
clinical adoption within hospital settings [8, 9]. In recent years, with the ad-
vancement of compact accelerators, numerous countries including China, Japan,
the United States, and Russia have initiated research programs aimed at devel-
oping accelerator-based BNCT systems (AB-BNCT) [10, 11].

The quality of the neutron beam critically influences the therapeutic efficacy
of BNCT. The latest International Atomic Energy Agency (IAEA) report, Ad-
vances in Boron Neutron Capture Therapy [12], provides detailed design require-
ments for neutron beam parameters. Among these parameters, the neutron
energy spectrum—which represents the distribution of neutron fluence rate or
neutron density versus neutron energy—stands as one of the most critical fac-
tors [13–15]. Currently, the epithermal neutron fluence rate shall be ≥ 5 × 108

cm−2・s−1, which is lower than the 1 × 109 cm−2・s−1 threshold recommended
in IAEA-TECDOC-1223 (2001) [16]. Additionally, the thermal neutron frac-
tion must be ≤ 0.05, and the fast neutron dose equivalent per unit epithermal
neutron fluence shall not exceed 7 × 10−13 Gy・cm2.

For BNCT treatment planning systems (TPS), the neutron energy spectrum
must be determined accurately to achieve proper therapeutic dosing, consid-
ering patient-specific parameters (weight, 10B concentration in tumor), tumor
characteristics (type, location, size), and critical organ dose-volume constraints
[17–19]. Therefore, if the proton parameters of the accelerator can be dynami-
cally adjusted in real-time according to tumor treatment response during radio-
therapy, thereby modulating the incident neutron energy spectrum, enhanced
tumor cell ablation can be achieved while sparing normal tissues—this concept
is known as IGRT-BNCT. Compared with traditional input-output simulation
methods using Monte Carlo that demand substantial computational time per
calculation, the Nanjing University team proposed the Energy Spectrum Super-
position Method (ESSM), which achieves significant computational efficiency
enhancement by leveraging a pre-built Monte Carlo-based simulation database,
reducing calculation time by a factor of 16,500 [19]. However, the ESSM method
exhibits two limitations: (1) although the database is pre-computed, the con-
struction process remains time-consuming; and (2) when encountering neutron
or proton energies or directions not covered in the database, the uncertainty in
the final energy spectrum results could be elevated.
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Meanwhile, Machine Learning (ML), as a primary approach in artificial intelli-
gence (AI), has been widely applied in radiation therapy and medical science
[20–22]. As shown in Fig. 1, neural networks (NN) constitute a machine learn-
ing approach that mimics the brain’s operational mechanism by referencing the
connectivity structure of neurons; deep neural networks (DNN), also known as
multi-layer perceptrons (MLP), are neural networks with multiple hidden lay-
ers [23, 24]. ML can achieve effective and rapid prediction of target data by
training on extensive datasets [25]. Therefore, in this paper, two ML modules
are integrated into the original ESSM master program, forming the ESSM-ML
framework, to address these two limitations and to better implement IGRT-
BNCT. Each ML module comprises two submodules: a DNN submodule and
a random forest-based submodule [26], collectively aimed at predicting the re-
quired neutron spectra.

[Figure 1: see original paper]

## II. Energy Spectrum Superposition Method-Machine Learning Coupling
Algorithm

This study primarily includes the following components: (1) the theoretical foun-
dation of ESSM and the ESSM-ML architecture, (2) database establishment,
(3) neutron spectrum prediction and denormalization using DNN and RF, re-
spectively, and (4) verification of the ESSM-ML results. Each component is
described in detail below.

### A. ESSM and ESSM-ML

#### 1. ESSM Principle

The ESSM is a crucial approach for swiftly acquiring the neutron energy spec-
trum in BNCT, aiming to improve the computational efficiency of TPS and im-
plement IGRT-BNCT. As shown in Fig. 2, it is grounded in the analysis of two
distinct physical processes—proton-target interaction and neutron transport
through the Beam Shaping Assembly (BSA)—with corresponding databases
constructed for each process [19].

Proton-Target Interaction Process: (1) The proton spectrum and direc-
tional distribution from the accelerator are normalized. This normalization
process is essential as it allows for the calculation of energy weights and direc-
tion weights, which represent the proportion of the fluence rate across different
energy intervals and directional intervals, respectively. (2) Establish the Target
Database. This database is populated with neutron energy spectra and neu-
tron directional distribution information generated when single-energy proton
beams strike targets from a single direction. (3) The neutron data correspond-
ing to the specific proton energy spectrum and direction are retrieved from the
Target Database. These data are then multiplied by their respective energy
and direction weights. The sum of these weighted results yields the neutron
energy spectrum generated by the interaction between the proton beam and
the target. In practical calculations, considering the separation of energy and
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statistical processes, the integral form of the energy spectrum is converted into a
summation form, and factors such as the proton-neutron conversion rate 𝛿, tar-
get consumption rate L_{Target}, and other possible corrections K_{Target}
are taken into account. The neutron energy spectrum and directionality formed
by proton beams impacting targets are shown in Eq. (1):

The neutron energy spectrum and directional distribution 𝜙n(E, �) � E, � after
a single-energy, single-direction proton impacts the target:

𝜙𝑛𝐾,𝑛𝑀
Target (𝐸𝑛𝑘, 𝜃𝑛𝑚) = 𝐾Target𝐿Target ∑

𝑛𝐼,𝑛𝐽
∑

𝑛𝐾,𝑛𝑀
𝛿(𝐸𝑝𝑖, 𝜃𝑛𝑗)𝜙𝑝𝑖,𝜃𝑛𝑚𝑛 (𝐸𝑛𝑘)𝜙𝑝(𝐸𝑛𝑖, 𝜃𝑛𝑗)+𝜖

where 𝜙{Target} is the total neutron fluence rate from proton impacting target
material, 𝜙{Target}(E{nk}, �_{nm}) is the neutron fluence rate with energy
E_{nk} and direction �_{nm}, E_{nk}^{pi} and �_{nm} is the nk-th neu-
tron energy and nm-th direction from proton with energy E_{pi} and direction
�_{pj}, � represents other possible corrections that may exist, and it could also
be in the form of a spectral distribution.

Neutron Entering the BSA Process: The processing approach for this pro-
cess is similar to that employed for the proton-target interaction process. (1)
Normalize the neutron energy spectrum and directional distribution resulting
from the proton-target interaction as the energy and direction weights. (2)
Establish the BSA Database. This database contains neutron energy spectra
and neutron directional information calculated based on single-energy neutron
beams with a single direction entering the BSA. (3) The relevant data are ex-
tracted from the BSA Database according to the target neutron parameters
from the first physical process. These data are multiplied by the energy and
direction weights obtained in step (1). The cumulative weighted results yield
the neutron energy spectrum and directional distribution at the BSA emission
window for this physical process. Eq. (2) shows the emission window spectrum
from neutrons with energy c and direction �_{nm} entering through the BSA:

𝜙𝑛(𝐸𝑛𝑘, 𝜃𝑛𝑚) = ∑
𝑛𝑃,𝑛𝑄

𝜙𝑛(𝐸𝑛𝑘
𝑛𝑝 , 𝜃𝑛𝑞)

Therefore, integrating Eq. (1) and (2) and accounting for the proportion of
neutrons lost 𝛼(E, �) in the BSA due to decay, absorption, and scattering, along
with other possible corrections s, the final emission window neutron energy
spectrum for BNCT throughout the entire physical process is represented by
Eq. (3):

𝜙window = ∑
𝑛𝐾,𝑛𝑀

𝜙Target(𝐸𝑛𝑘, 𝜃𝑛𝑚)[1 − 𝛼(𝐸𝑛𝑘, 𝜃𝑛𝑚)]𝜙𝑛(𝐸𝑛𝑘, 𝜃𝑛𝑚) + 𝑠

where 𝜙_{window} is the total neutron fluence rate of the BSA emission win-
dow, and s could also be in the form of a spectral distribution.

#### 2. ESSM-ML
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As previously mentioned, to address the limitation of the ESSM algo-
rithm stemming from missing data entries in the database, the method
has been iteratively upgraded to ESSM-ML by leveraging the powerful
generalization and rapid computational capabilities of machine learning.
Fig. 3 [Figure 3: see original paper] shows the flowchart of the ESSM-ML
calculation program. Two machine learning modules—ML Module of Tar-
get Database_{broad} and ML Module of BSA Database_{broad}—are
integrated into the ESSM main program. For missing proton energy or
angular data in the Target Database, the program will invoke pre-trained
deep neural network models, DNN_{{{Target}}{{database}}}{broad} or
DNN_{{{BSA}}{{database}}}{broad}, to predict the neutron energy spectra
resulting from proton-target interactions corresponding to the missing energy
or angle conditions. Subsequently, the neutron spectra predicted by the neural
network undergo denormalization using the RF algorithm. The finalized spectra
are then incorporated into the main program for subsequent computational
analysis. If the database encompasses all data pertaining to the proton energy
spectra and directional distributions generated by the accelerator, the program
will bypass the ML module and proceed with subsequent execution. The
invocation scenarios for the ML Module of BSA Database_{broad} are funda-
mentally analogous to the previous ML Module of Target Database_{broad}
implementation, and thus no further elaboration will be provided here.

Moreover, a neutron dose calculation module has been integrated into the pro-
gram to quantify the fast neutron absorbed dose contamination in the emerging
neutron spectrum at the BSA emission window. The fast neutron absorbed dose
D_f is given in Eq. (4):

𝐷𝑓 = ∫
12MeV

10keV
𝜙(𝐸)𝐾(𝐸)𝑑𝐸

where K, a function of E, is the neutron kerma coefficient [Gy・cm2] for soft
tissue as specified in the ICRU-63 Report [27, 28]. For missing energy points,
log-log interpolation is employed in the same manner as in the Monte Carlo
N-Particle Transport (MCNP) code. This interpolation scheme is appropriate
for the ANSI/ANS flux-to-dose rate conversion factors, kermas for tissue, air
and water, and energy absorption coefficients [29].

### B. Simulation and Database Establishment

The structures of the target and the BSA, illustrated in Fig. 4 [Figure 4: see
original paper] (a) and (b), are used to establish the Target Database and BSA
Database. MCNP X-2.7.0 (Monte Carlo N-Particle) code, coupled with the
ENDF/B-VII nuclear data library, is employed to simulate and acquire the
required data [30].

#### 1. Target and BSA

In this study, a 14 MeV cyclotron with a 1 mA proton current and a 5 cm
proton beam radius is selected. As shown in Fig. 4, beryllium (Be) is chosen
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as the target material with an 8 cm radius and thickness, assuming a maximum
proton penetration depth of 0.147 cm. Copper (Cu) and vanadium (V) are used
as substrates to absorb the energy of the Bragg peak just behind the target.
Downstream of the target, three layers of enriched uranium (235U: 2.96% and
238U: 97.04%) multipliers, each with a thickness of 0.05 cm, are added to enhance
neutron production. The entire target assembly is enclosed within a Be sphere
with a radius of 15 cm, which is then surrounded by a 5 cm-thick lead (Pb)
spherical shell. The combination of U, Be sphere, and Pb spherical shell forms
a moderating and reflective multiplier system that serves to enhance neutron
yield while simultaneously reducing the energy of fast neutrons generated from
proton bombardment [19].

The BSA is a crucial component of the Boron Neutron Capture Therapy
(BNCT) facility, primarily used to moderate the fast neutrons generated
from proton-target interactions and collimate them into neutrons suitable for
therapeutic use [31–33]. The BSA features a three-layer moderator composed of
AlF3 (32.5 cm), CaF2 (22.5 cm), and TiF3 (2 cm). This combination maximizes
epithermal neutron fluence while ensuring compliance with the latest IAEA
report requirements. A 0.5 cm cadmium (Cd) layer and a 1 cm bismuth (Bi)
layer are used to absorb thermal neutrons and gamma rays, respectively. The
target structure and moderator structure are encased in a Pb cylinder shell
with a length of 118.5 cm and a radius of 65 cm. The double-layer collimator,
with inner Pb and outer polyethylene (PE) layers each 5 cm thick, focuses the
neutron beam. The radius of the emission window is 8 cm.

Detailed descriptions regarding the structure and optimization of the target and
BSA are provided in the article “The neutron energy spectrum obtained using
energy spectrum superposition method for boron neutron capture therapy” [19];
therefore, no further elaboration will be given here. Table 1 presents a parameter
comparison between this BSA and IAEA recommended values.

[Figure 4: see original paper]

#### 2. Database Establishment

As mentioned above, the Target Database is related to protons interacting with
the target. The proton energy ranges from 13 MeV to 14 MeV with an interval
of 0.1 MeV, resulting in 11 energy points. The proton direction varies from
-5° to +5° with an interval of 1°, totaling 11 directional points. As shown in
Fig. 4(c), the neutron energy spectrum of each direction for three surfaces—the
lateral sides (sideSurf), as well as the front (outSurf) and back (inpSurf) circular
surfaces—of the cylindrical target is recorded. The recorded neutron energy of
each spectrum spans from 10−8 MeV to 12 MeV: 40 logarithmic bins from 10−8

MeV to 5 × 10−7 MeV for thermal neutrons, 101 bins from 5 × 10−7 MeV to
10−2 MeV for epithermal neutrons in BNCT, and 72 bins from 10−2 MeV to
12 MeV for fast neutrons, totaling 214 energy points. The recorded neutron
emission direction ranges from cos � = -1 to cos � = 1 with an interval of 0.05,
giving 41 directional points. Moreover, due to the smaller radius of the proton
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beam compared to the Be target, for the outSurf and inpSurf, a circular area
with a radius of 0.1 cm, one circular ring with a width of 0.4 cm, and fifteen
circular rings each with a width of 0.5 cm are recorded (Fig. 4(c)). Ultimately,
the Target Database comprises three sub-databases: Targ_{outSurf} database,
Targ_{inpSurf} database, and Targ_{sideSurf} database.

The BSA database is for neutrons entering the BSA. For each ring of outSurf and
inpSurf, the neutron direction varies from cos � = 0 to cos � = 1 with an interval
of 0.05, resulting in 21 directional points. Since neutrons with energy below 0.01
MeV can barely penetrate the moderator, a total of 71 logarithmically equally-
spaced energy points spanning from 0.01 MeV to 12 MeV for neutron energy are
calculated. The neutron energy spectrum at the emission window is recorded.
No database is established for sideSurf because the proportion of neutrons emit-
ted from this surface accounts for less than 1%. The BSA Database comprises
two sub-datasets: BSA_{outSurf} database and BSA_{inpSurf} database. The
particle number for calculating each energy point and directional point is 107.
The process of database establishment is also elaborated in detail in reference
[19].

#### 3. Data Preprocessing of Database

After database establishment, data preprocessing is required to meet the train-
ing requirements of DNN. The following processing steps were performed on the
database:

(1) The proportion of neutrons emitted from the sideSurf is less than 1%, and
the statistics of the energy spectrum in the Targ_{sideSurf} database
are poor, which may mislead other training data of the DNN. Excluding
this database does not affect the final results due to the extremely low
proportion.

(2) In the Target Database, low neutron counts in certain energies, circular
rings, directions, or energy regions of the spectrum, combined with some
recording methods, result in partially noisy data or even negative values.
First, energy spectra with extremely low proportions, poor statistics, and
the potential to contaminate the training set were excluded. Then, a
preprocessing algorithm was used to identify and process these noisy data.
Table S1 shows the preprocessing algorithm, where {L*} represents the
labels in the Target Database, and n_{ij} represents the neutron fluence
rate at the j-th energy point of the i-th energy spectrum. No processing
was needed for the BSA Database due to its good quality.

(3) The distribution and proportions of neutrons vary across different en-
ergy regions. Although BNCT primarily utilizes epithermal neutrons, the
IAEA has established explicit requirements for both fast and thermal neu-
trons as well. Therefore, the energy spectrum is divided into thermal
(10−8–5 × 10−7 MeV), epithermal (5 × 10−7–0.01 MeV), and fast neutron
regions (0.01–12 MeV), with different DNN model parameters applied to
each region.
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(4) The energy spectrum data are normalized. For the Target Database, the
features used for DNN and RF are input energy and direction of proton,
square of circular ring, and output direction of target neutron. For the
BSA Database, the features are input energy and direction of neutron. The
labels are the neutron fluence rates corresponding to 214 energy points.

The t-SNE (t-distributed stochastic neighbor embedding) technique, a visualiza-
tion method for compressing high-dimensional data into low-dimensional space,
is used to visualize the results of data preprocessing on the Target Database
[34]. To better intuitively show the difference between the original data and the
preprocessed data of the Target Database, t-SNE is used to compress the 214-
dimensional tensors into 2D (2-dimensional) and 1D (1-dimensional) tensors,
respectively. The 2D scatter plots (Fig. 5 [Figure 5: see original paper] (A-a)
and (B-a)) show that the original data and preprocessed points highly overlap
and interweave into a “cluster-like” pattern. For the 1D histogram (Fig. 5 (A-b)
and (B-b)) and 1D cumulative distribution function (CDF) (Fig. 5 (A-c) and
(B-c)), the original data and preprocessed values also exhibit very high consis-
tency within the same feature interval. The areas of the overlapping regions
between the original data and the preprocessed data on the Inpsurf and Outsurf
surfaces in the histogram reach 99.54% and 99.75%, respectively. These visual-
ization graphs indicate that the distribution of the preprocessed data and the
original data in the high-dimensional feature space is highly similar. The fluence
rate distribution of the energy spectrum, after preprocessing such as normaliza-
tion or elimination of abnormal spectra, remains unbroken and still retains the
core physical features. However, the label distributions of the Targ_{outSurf}
and Targ_{inpSurf} databases are different, which indicates that there are dif-
ferences in the target neutron energy spectrum distributions between the two
databases. Therefore, different network parameters will be used in subsequent
DNN training and prediction.

[Figure 5: see original paper]

### D. Machine Learning Model

#### 1. Deep Neural Networks

As mentioned above, Deep Neural Networks (DNNs) are employed to predict
the neutron energy spectrum. The basic building block refers to Multi-Layer
Perceptron (MLP) and ResNet [35, 36]. Fig. 6 [Figure 6: see original pa-
per] (a) shows a normal sequential connection block. To alleviate the gra-
dient vanishing problem, increase network depth, and enhance feature reuse,
a residual block with residual connections and a fully connected (FC) layer
of dimension N2 are introduced on this basis (Fig. 6 (b)). In addition, to
avoid the gradient vanishing problem, the activation function ReLU was re-
placed with LeakyReLU (Eq. (5)) [37]. For the Target Database and the BSA
Database, the DNN network parameters are respectively designed and opti-
mized for different energy regions of the energy spectrum to achieve more ac-
curate prediction results, namely DNN_{{{Target}}{{database}}}{broad} and
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DNN_{{{BSA}}{{database}}}{broad}.

LeakyReLU(𝑥) = {𝑥, 𝑥 > 0
𝛼𝑥, 𝑥 ≤ 0

When training and testing the target neutron energy spectrum and the neu-
tron energy spectrum from the emission window with MSE as the loss function,
negative values often occur in the neutron fluence rate, and the fluence rate is
zero at some energy points. This results in significant fluctuations in the over-
all neutron energy spectrum. Therefore, the Mask Non-Positive Loss function
(MNPLoss), shown in Eq. (6), is designed to address these issues. MNPLoss
consists of two components: MAELoss and a non-positive penalty. Addition-
ally, to prevent overfitting and improve the model’s generalization ability, an
early stopping mechanism is introduced to save the best model at the triggering
point [38]. When the early stopping mechanism is triggered, the best model and
MNPLoss at that point are saved.

The results of the training and test sets for different databases are shown in
Table S2 and Fig. S1 and Fig. S2. The MNPLoss curves of the training and
validation sets basically converge to a stable and identical level as the number
of epochs increases, although there is slight volatility for the two databases of
the BSA Database. The MNPLoss values of the training and validation sets
for the best model are of the same order of magnitude and relatively low. This
indicates that the optimal model exhibits good performance without overfitting.

𝐿𝑀𝑁𝑃 (pred, truth) = 𝐿𝑀𝐴𝐸(pred, truth) + 𝜆 ⋅ 𝑃 (pred)

𝐿𝑀𝐴𝐸(pred, truth) = ∑ ∣pred − 𝑦(𝑖)
truth∣

𝑃 (pred) = ∑ ∣𝑦(𝑗)
pred∣ where 𝑦(𝑗)

pred ≤ 0

where 𝜆 is a hyperparameter to control the weight of the non-positive penalty;
y_{truth}^(i) is the truth value; pred is the prediction; and y_{pred}^(j) is
the non-positive prediction.

[Figure 6: see original paper]

#### 2. Denormalization

The prediction result from the DNN is a normalized neutron energy spectrum.
When this model was applied to predict the total neutron fluence rate, the
prediction accuracy reached only 90%. Considering the model’s generalization
capability, traditional machine learning methods were subsequently employed
for denormalization of neutron spectrum predictions. The outSurf dataset of the
Target Database was utilized for preliminary evaluation of four models: Linear
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Regression (LR), RF, Gradient Boosting (GB), and Support Vector Regression
(SVR) [39–42]. To ensure an objective evaluation, the datasets were shuffled,
and the average goodness-of-fit M-R2 for 3-fold cross-validation and Root Mean
Squared Error (RMSE) (Eq. (7)) were compared separately for these mod-
els. The RF model demonstrated the best performance with M-R2 (0.998) and
RMSE (5.89E-07) (Table S3).

RMSE = √ 1
𝑛

𝑛
∑
𝑖=1

( ̂𝑦𝑖 − 𝑦𝑖)2

where n is the number of samples; y_i is the truth value; and ̂𝑦_i is the predicted
value.

Subsequently, the RF model was utilized to conduct further evaluations on four
datasets from two databases. For each dataset, it was shuffled and then divided
into a training set and a test set in an 8:2 ratio. Table 2 presents a comparison
of M-R2 and RMSE for the training set and test set across different databases.
The relatively high M-R2 and low RMSE indicate that the RF model exhibits
strong performance in predicting the total neutron fluence rate. In addition,
for the two sub-databases in the Target Database, the feature importance of
Output Direction (emission direction of target neutrons) and Square (area of the
circular ring) surpasses that of Input Energy (incident proton energy) and Input
Direction (incident proton direction). For the two sub-databases in the BSA
Database, the feature importance of Input Energy (incident neutron energy)
surpasses that of Input Direction (incident neutron direction) (Fig. S3). Feature
importance analysis visually illustrates the impact of different parameters on
the total neutron fluence rate, which subsequently influences the final emission
energy spectrum.

### E. Verification of the ESSM-ML Results

The verification of ESSM-ML is primarily divided into three sections:

(1) For the proton-target interaction process, the ML Module of Target
Database_{broad} is used to predict the neutron energy spectrum
generated by 14 MeV protons hitting the target. These predicted spectra
are then used to calculate the proportions of fast, epithermal, and
thermal neutrons for different Output Directions, and these proportions
are compared with the original data in the Target Database.

(2) For the neutron entering the BSA process, the ML Module of BSA
Database_{broad} is used to predict the neutron energy spectrum at the
emission window for neutrons with energies of 0.31392 MeV, 3.3359 MeV,
and 8.0931 MeV from the BSA database. These predicted spectra are
then used to calculate the proportions of fast, epithermal, and thermal
neutrons, and these proportions are compared with the original data
in the database. The three energy points are selected because they
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span three orders of magnitude and are highly representative. For lower
energies, the neutrons can barely penetrate the BSA.

(3) Both the traditional simulation-based method and ESSM are employed to
calculate the neutron energy spectra at the emission window, with the pro-
ton energy spectrum set at 13 MeV, 13.2 MeV, 13.5 MeV, 13.7 MeV, and
14 MeV with proportions of 0.1, 0.2, 0.4, 0.2, and 0.1, respectively. The
angular distribution of protons is set at 0°, 1°, 2°, 3°, 4°, and 5° with cor-
responding proportions of 0.6, 0.1, 0.1, 0.1, 0.05, and 0.05. Subsequently,
the data entries from the database corresponding to 13.5 MeV and 14 MeV
protons, as well as 0.31392 MeV, 3.3359 MeV, and 8.0931 MeV neutrons
in all directions are removed, and the emission window neutron spectrum
is then calculated using ESSM-ML. Finally, the result is compared with
those obtained from the traditional simulation-based method and ESSM.

## III. Results and Discussion

### A. DNN Prediction Results

#### 1. DNN of Target Database_{broad}

Since the DNN needs to predict more than 3,600 energy spectra, these spectra
are superimposed and analyzed for convenient display and comparison. Fig. 7
[Figure 7: see original paper] shows the total neutron energy spectra (superpo-
sition of all input and output directions and circular ring energy spectra) from
the outSurf and inpSurf surfaces for 14 MeV proton-target interaction.

In terms of spectral shape, the predicted energy spectrum is generally consistent
with the ground truth, and the DNN correctly extracts both characteristic peaks
(Peak1 and Peak2), although the Peak 2 characteristic on inpSurf is less distinct.
For Peak1 on both surfaces, the predicted values are slightly higher than the
truth.

The evaluation of the predicted target neutron energy spectra in different di-
rections is provided in Table S4. As mentioned above, the radius of the target
(R_{Target} = 8 cm) exceeds that of the proton beam (R_p = 5 cm). There-
fore, to better present the results, the target is divided into two regions: 0 cm
≤ R < 5 cm and 5 cm ≤ R < 8 cm, with the prediction results for these two
regions evaluated separately. For outSurf and inpSurf with 0 cm ≤ R < 5 cm,
the minimum R2 values are 0.837 and 0.778, the maximum R2 values are 0.946
and 0.968, and the mean R2 values are 0.922 and 0.943, respectively. All RMSE
values are less than 0.03, with mean values of 0.017 and 0.015, respectively. For
outSurf and inpSurf with 5 cm ≤ R < 8 cm, the minimum R2 values are 0.490
and 0.494, and the maximum R2 values are 0.779 and 0.778. All RMSE values
are less than 0.043, with mean values of 0.038 and 0.039, respectively. Although
the prediction results still show correlation with the truth values for the 5 cm ≤
R < 8 cm region, the predictive performance for 0 cm ≤ R < 5 cm is better. This
may be because fewer target neutrons are produced in the region beyond the pro-
ton radius, with poorer statistics, thereby deteriorating the prediction results.
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Better prediction results can be achieved by increasing the number of computa-
tional particles to improve the data quality of the database. Since establishing
the database is a “sunk time cost” during the device’s factory commissioning
phase, this does not increase computational overhead in actual clinical prac-
tice. Overall, larger R2 values and smaller RMSE values demonstrate that the
DNN_{{{Target}}{{database}}}{broad} model has good predictive ability and
accuracy for neutron energy spectra from the proton-target interaction process.

[Figure 7: see original paper]

#### 2. DNN of BSA Database_{broad}

Fig. 8 [Figure 8: see original paper] shows the total energy spectra obtained by
superimposing the emission window energy spectra of neutrons with different
energies entering the BSA from various directions. In terms of spectral shape
trends, the predictions are in good agreement with the truth values across three
different energy levels. Since epithermal neutrons account for a large proportion
(approximately 90%) of the energy spectrum and exhibit high statistical signifi-
cance, the prediction values are very close to the truth values, with a maximum
deviation of only 2.4% (8.0931 MeV in BSA_{outSurf}). For thermal neutrons,
except for 21.8% at 0.31392 MeV in BSA_{inpSurf}, the deviations between
prediction and truth values are within 15%, and for 3.3359 MeV and 8.0931
MeV, they are even below 5%. For fast neutrons, except for 26.2% at 3.3359
MeV in BSA_{inpSurf}, the deviations between predicted and true values are
all within 20%. Although thermal and fast neutrons together account for a
smaller proportion (approximately 10%) of the energy spectrum, resulting in
poorer statistics, their overall prediction deviations remain below 20%, which is
within an acceptable range.

The evaluation of the predicted neutron energy spectra in different directions
is provided in Table S5 and Table S6. For the three energy points spanning
different magnitudes across various databases, their R2 values range from 0.970
to 0.981, and RMSE values range from 0.007 to 0.009. These extremely high R2

and extremely low RMSE values further demonstrate the excellent predictive
capability of the DNN_{{{BSA}}{{database}}}{broad} model for the energy
spectra generated by the neutron entering the BSA process.

[Figure 8: see original paper]

### B. Denormalization of Total Fluence Rate

Fig. S4 and Fig. S5 illustrate the prediction, based on RF, of total neutrons cor-
responding to protons or neutrons with specific energies in the Target Database
and BSA Database. The R2 of the prediction results are all greater than 0.99.
Fig. 9 [Figure 9: see original paper] shows the relative deviations (RD) between
prediction values and truth values in different directions, where RD = (predic-
tion value - truth value) / truth value. As mentioned in Section 2.2, for the
physical process of proton-target interaction, the target is divided into multiple
circular rings, with emitted target neutrons recorded (Fig. 4(c)). For clear visu-
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alization, predictions from all circular rings in the same direction are summed
to represent the total number of target neutrons emitted from the entire target
in that direction, which are then compared with the truth values.

For the total neutron fluence rate corresponding to 14 MeV in the Target
Database, the absolute RD values are generally less than 0.002, with a max-
imum value of -0.0053 for 14 MeV in Targ_{inpSurf} (cos(�) = 0.95). For the
total neutron fluence rates corresponding to 0.31392 MeV, 3.3359 MeV, and
8.0931 MeV in the BSA Database, the absolute RD values are generally less
than 0.02, with a maximum value of -0.047 for 3.3359 MeV in BSA_{outSurf}
(cos(�) = 0.95). Higher R2 and lower RD indicate that the prediction results
can accurately denormalize the neutron energy spectra predicted by DNN.

[Figure 9: see original paper]

### C. Comparison Among Traditional Simulation-Based Method, ESSM, and
ESSM-ML

Fig. 10 [Figure 10: see original paper] and Table 3 present the neutron energy
spectra obtained by different methods and the proportion of neutrons across
various energy ranges. In terms of spectral shape, the three methods yield
essentially identical results. Specifically, the energy spectrum of ESSM-ML is
slightly lower than that of the traditional simulation-based method in both the
epithermal and fast neutron energy regions. For neutron fluence rate fractions
relative to the total, the epithermal neutron fraction of ESSM-ML is essentially
consistent with that of ESSM and approximately 1.3% higher than that of the
traditional method, while its fast neutron fraction matches that of ESSM and
is roughly 1.5% lower than that of the traditional simulation-based method.

For the total neutron fluence rate, the ratios of ESSM-ML and ESSM relative
to the traditional simulation-based method are 95.3% and 98.9%, respectively.
For thermal and epithermal neutrons, the fluence rates of ESSM-ML are
slightly lower than those of the traditional method (R_{thermal}^{ESSM}-
ML/Trad = 101.75% and R_{epithermal}^{ESSM}-ML/Trad = 96.65%),
while those of ESSM are essentially consistent with the traditional method
(R_{thermal}^{ESSM}/Trad = 105.95% and R_{epithermal}^{ESSM}/Trad
= 100.33%). For fast neutrons, R_{fast}^{ESSM}/Trad = 82.20%, which is
approximately 20% lower than that of the traditional simulation-based method.
The main reason for this is that the BSA Database has a smaller data volume
compared to the Target Database. After fast neutrons are moderated by the
BSA, fewer fast neutrons remain, leading to poor statistics, which degrades the
data training performance and further impairs the fluence rate prediction in the
fast neutron energy region. The fast neutron contamination D_f/𝜙_{epi} =
5.48 × 10−13 Gy・cm2, representing an approximate 22.8% reduction compared
to 7.1 × 10−13 Gy・cm2 obtained by the traditional simulation-based method.
This reduction is fairly close to the decrease ratio of the fast neutron fluence
rate.

Moreover, the traditional simulation-based method calculates particle number
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as 5 × 1010 with a computation time T_{trad} of 5673 minutes, while the
ESSM method only takes T_{ESSM} = 26 seconds with an AMD 7950x CPU.
According to the particle number scaling principle of the ESSM method, this is
equivalent to calculating a particle number of 4.629 × 1010 (107 × 5 × 6 + 1.5
× 107 × 73 × 21 × 2), representing a computation efficiency improvement of
over 12,000 times. The ESSM-ML method has a computation time T_{ESSM}-
ML of 69 seconds, achieving an efficiency enhancement of over 4,500 times due
to its ESSM architecture. A total of 4080 + 4080 + 60 + 60 = 8,280 energy
spectra were predicted by invoking DNN and RF, with a rough estimation of
the unit energy spectrum computation time as (69 - 26)/8280 = 0.0052 seconds
(GPU: RTX 1066s). Although the overall computation efficiency of ESSM-ML
decreases compared to ESSM alone, the program’s adaptability to different en-
ergy spectra and directional distributions is significantly improved, making it
better suited to handle variations in clinical-grade radiotherapy practice.

Furthermore, the original database can be pre-expanded using the ML Model of
Target Database_{broad} and ML Model of BSA Database_{broad} to reduce
the energy and direction intervals and improve database accuracy. This would
reduce the number of calls to the ML module, thereby decreasing computational
time and enhancing efficiency. For instance, the time required to obtain energy
spectra using only ESSM (without ML) is only 26 seconds.

[Figure 10: see original paper]

## IV. Conclusion

This article systematically introduces the ESSM-ML method for rapidly obtain-
ing the neutron spectrum of BNCT, with the following conclusions:

(1) ESSM reduces the energy spectrum acquisition time from the tens-of-
minutes scale to the seconds scale by establishing and invoking databases.
ESSM-ML further extends the upper application limit of ESSM by in-
troducing a machine learning module, enabling rapid and accurate ac-
quisition of neutron energy spectra required for treatment based on real-
time changes in accelerator proton beam parameters. The integration
of databases and machine learning provides a theoretical and algorithmic
foundation for BNCT and other radiotherapy technologies based on IGRT.

(2) The ML Model of Target Database and ML Model of BSA Database con-
sist of DNN and RF models, respectively dedicated to neutron energy spec-
trum prediction and spectrum denormalization. Both DNN and RF show
good performance in predicting the target neutron energy spectra and to-
tal fluence rate generated by 14 MeV proton-target interaction, as well as
the neutron energy spectra and total fluence rate at the emission window
after neutrons of three distinct energy levels enter the BSA. Furthermore,
the neutron energy spectrum obtained by ESSM-ML is essentially consis-
tent with that obtained by traditional simulation-based methods, with the
ratio of their total fluence rates being 95.3%.
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(3) The prediction time for a single energy spectrum is extremely short.
On one hand, it is possible to further improve the accuracy of existing
databases and reduce the time cost of energy spectrum acquisition.
On the other hand, with improved database accuracy, the program’s
frequency of invoking the ML module will decrease, further enhancing
the speed of obtaining treatment energy spectra.
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