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A B S T R A C T

Accurate electronic stopping cross-section (ESCS) database of ions in matter is crucial for precise simulation of
radiation damage. Based on the experimental-cleaned database of SRIM, binary theory and unitary convolution
approximation as well as the descriptor pool extracted from these models, we developed a universal machine
learning ESCS database using the least absolute shrinkage and selection operator (LASSO) algorithm. This
method allows for predictions for ion-target combinations with atomic numbers from 1 to 92, within the energy
range from 1 keV/u to 1 GeV/u, addressing the limitations of machine learning on training dataset. The database
exhibits remarkable accuracy in predicting ESCS and ion depth distribution/range, along with robust reciprocity
performance. Key descriptors are also determined, which closely mimic the Lindhard-Scharff-Schiott and Bohr-
Bethe-Bloch formulations, achieved through precise adjustments of the exponent of individual elements. The
proposed universal ESCS database surpasses the accuracy of existing databases, supporting related applications
across a wide range of energies and systems.

1. Introduction

Research on radiation effects in materials is imperative for devel-
oping structural components in nuclear fusion reactors, semiconductor
devices in aerospace, ion beam-based cancer therapy and so on [1–3]. It
is thus important to understand the fundamental effects of energetic
particles like ions in matter, especially for the energy deposition of
dissipative processes under irradiation. The energy deposition has a
direct effect on the primary radiation damage when ions pass through a
material. Typically, the energy loss (dE) per unit length (dx) is defined as
the stopping power, − dE/dx or Nσ(E), where N is the atom number
density and σ is the stopping cross-section. When ion speeds are far
below the velocity of light, the total stopping power can be approxi-
mated as the overall contributions of two main independent collision
events that, (− dE/dx)total = (− dE/dx)e + (− dE/dx)n [4]. Here (-dE/dx)e
and (-dE/dx)n represent the electronic and nuclear stopping powers
related to the inelastic and elastic interactions of a projectile and the

orbital electrons and nuclei of a target atom, respectively. Typically,
(-dE/dx)n is orders of magnitude lower than (-dE/dx)e, becoming
noticeable only for large ion masses and/or at very low energies [5].
During ion implantation, ions will lose energy through colliding with the
nucleus and electrons of target atoms and finally stop in matter, influ-
encing the electrical and mechanical properties of materials. Inaccuracy
in calculating electronic stopping power can cause errors up to 30 % in
ion range calculations [6].

Over the past century, many experimental and theoretical electronic
stopping powers have been obtained with the rapid development of
atomic physics. It is very hard for experimentalists to measure electronic
stopping powers over a wide energy range from eV to GeV for all ion-
target combinations. Most data are given for light ions like H and He,
while scarce data for heavy ions are mostly concentrated near the Bragg
peak [7]. Theoretical and empirical models of electronic stopping power
are mainly developed by describing the electronic stopping cross-section
(ESCS) with five basic descriptors of the atomic number (Z1, Z2) and
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mass number (M1, M2) of projectile ions and targets, and ion incident
energy (Ei) [8]. In 1913, Bohr developed the first theoretical model of
ESCS based on the classical atomic model [9]. Then Bethe developed a
quantum perturbation theory that is completely different from the Bohr
theory [10]. Bloch connected Bohr and Bethe’s results with the semi-
classical theory for the free-electron gas [11]. These models (B-B-B)
provide the general framework to almost all contributions on the energy
loss of swift particles in matter [12]. For the low energy range (v < v0,
where v0 is the Bohr velocity), the Lindhard-Scharff-Schiott (LSS) for-
mula provides an approximation solution for the calculation of ESCS by
approximately considering the interaction of ion and electron as a
charged particle with the free-electron gas [13]. Based on the B-B-B
theories and LSS-based formulations, many theoretical and
semi-empirical models are proposed. The most commonly used models
include Stopping and Range of Ions in Matter (SRIM) [14], Binary
Theory (BT) [15], Perturbation/Unitary Convolution Approximation
(PCA/UCA) [16], Shell wise Local Plasma Approximation (SLPA) [17]
and MSTAR [18]. Among them, SRIM, BT and UCA are typical theo-
retical ESCS with the most comprehensive database. SRIM collects the
limited available experimental results, with assuming that the
Bethe-Bloch theory served as a guide at the whole energy range [14,19].
BT is an extension of the Bohr’s classical theory that considers the
interaction of a swift point charge with independent electrons bound
harmonically to target nucleus [15]. UCA is based on the Bloch’s
non-perturbation theory, and calculates the impact-parameter depen-
dence electronic energy loss from the convolution of the target elec-
tronic density integrated along the ion path [16]. Whilst present
understanding of particle energy loss in matter is vast, it is hard to tell
which model is the best option for specific projectile ion and specific
energy. An accurate ESCS database is still required that combines the
advantages of these models for any materials and projectile ions, and
across a complete energy range.

The machine learning method can be trained to identify patterns in
example data and accurately generate predictions for unseen data [20]
and has been widely used in the prediction of ion/electron electronic
stopping [5,8,21–23] and inelastic mean free path [24]. This enables the
possibility of learning from the existing dataset to directly predict pre-
cise ESCS. A comprehensive and accurate ESCS database should meet
three criteria: First, the data cover a wide energy range from 1 keV/u to
1 GeV/u for ion-target combinations of atomic numbers from 1 to 92,
with good versatility. Secondly, the predicted data should be consistent
with the existing experimental ones. Finally, the database can be used to
accurately simulate primary radiation damage comparable to experi-
ments or atomistic models like MD. Many attempts have been made to
train with machine learning in recent years. The machine learning al-
gorithms including the random forest, deep learning and stacking
methods are used by training the experimental data collected by the
International Atomic Energy Agency (IAEA). The predicted ESCS can
agree with experiments in most cases [5,8,21,23]. However, there are
three limits in these researches: First, the predicted ESCS strongly de-
pends on experimental data, which show discontinuities in energy
ranges with scarce experimental data especially for heavy ions. Sec-
ondly, the results predicted are discrete in low energies, deviating from
the linear relationship of the LSS formula. Finally, the ESCS are trained
using only 5 basic descriptors, meaning that only the total ESCS can be
predicted without detailed key descriptors. Therefore, a proper
advanced machine learning-based model surpassing these classical
methods is expected to extract the advantages of existing ESCS data and
theoretical models.

In this work, theoretical ESCS data is used as the training dataset
instead of experimental data, overcoming the limitations of current
machine learning applications in ESCS training. A universal ESCS
database that meets the above three criteria is obtained by training the
experimental-cleaned theoretical data. An extensive array of features
derived from established ESCS theories is incorporated in the training,
with key features identified using the Least Absolute Shrinkage and

Selection Operator (LASSO) algorithm [24]. The validation using
experimental data [25,26] in-depth analysis of primary radiation dam-
age results simulated by IM3D [27], and a thorough examination based
on the reciprocity theory [28] to ensure that the universal ESCS database
serves as a robust resource for the simulation of primary damage
processes.

2. Theoretical model

2.1. Machine learning scheme with LASSO

In machine learning, the linear regression method has the advantage
of good interpretability. As a kind of linear regression, LASSO is an ideal
method to train the high-dimensional sample dataset and has the su-
periority of extracting the most critical descriptors included in various
theoretical models as shown in Fig. 1. It provides low-dimensional so-
lutions by recasting a problem into a convex minimization problem. A
sharp reduction in the number of descriptors is mathematically achieved
by solving a minimization function,

Jmin = min
β

1
2nsamples

‖Xβ − y‖22 + α‖β‖1, (4)

where X and y are the target and the predicted values, respectively,
nsamples is the number of samples. The penalty function contains a con-
stant α (0.0001 for both low and high energies here) and the coefficient
vector ||β ||1. The use of ||β ||1 is key for reducing descriptors and avoids
the model being overfitted. LASSO used here is driven by the Scikit-learn
library [29]. The details of LASSO can be found elsewhere [30].

The ESCS training dataset contains the data of ion-target combina-
tions with atomic numbers from 1 to 92 and in the energy range of 1
keV/u - 1 GeV/u. The target values of ESCS span 8 orders of magnitudes
from 10− 3 to 105 (in the unit of 10− 15 eV cm2/atom), resulting to a big
bias in the training. As given in Eq. (4), it is easier to minimize the loss
function by prioritizing data with larger values. Therefore, the smaller
values of ESCS would be ignored, leading to inaccurate predicted ESCS
of light ions or light targets in the low energy range. Hence, the loga-
rithm of the target values is used here to make sure that the magnitude of
ESCS is within an order.

2.2. Datasets

The ESCS is trained in the energy range of 1 keV/u - 2 MeV/u and 1
MeV/u - 1 GeV/u, by using the LSS and modified formula, and the B-B-B
theory, respectively. The LSS formula is assumed to be valid up to v0Z2/31 .
The overlap of the low- and high-energy range (1 MeV/u - 2 MeV/u)
facilitates the connection of their predictions, which will be described in
detail in section 2.4.

The training dataset is composed of SRIM (σSRIMe ), BT (σBTe ) and UCA
(σUCAe ), and cleaned with experimental data [25,26]. Data for SRIM is

Fig. 1. Framework of the machine learning process of ESCS using the
LASSO algorithm.
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calculated based on the material physical state at room temperature and
BT, UCA both distinguish the target physical state in the model. UCA is
calculated with mean charge state while BT with equilibrium charge.
Thus the material physical state and ion charge state effects are both
included in the training dataset. The three theoretical databases contain
the ESCS of ion-target combinations with atomic numbers from 1 to 92
and in the energy range of 1 keV/u-1 GeV/u, except for SRIM in a wider
energy range of 1 eV/u-2 GeV/u. In the low energy range, the upgraded
SRIM database, BT with the shell correction for light ions, and UCA with
the Bloch correction for heavy ions are concluded in Ref. [7]. In the
high-energy range, the three theoretical models without cleaning are all
used as the training dataset. Here we take Kr ions incident into Al target
as an example, as shown in Fig. 2. In the low energy range, the three
theoretical ESCS and the LSS theory show a linear relationship with the
incident energy, and show great difference with each other. SRIM and
BT are in better agreement with the experimental values, so they are
selected as the training dataset. In the high energy range, the three
theoretical ESCS are consistent with the B-B-B theory and the experi-
mental data so all the three theoretical ESCS are selected as the training
dataset. For ion-target combinations with atomic numbers from 1 to 92,
561779 and 390484 theoretical data in total are used as the training
datasets in the low- and high-energy ranges, respectively.

2.3. Descriptor pool

According to the ESCS theoretical studies over the past century, the
descriptor pools are constructed separately for low- (E < 2 MeV/u) and
high-energy (E > 1 MeV/u) ranges. At low energies, the descriptors can
be selected by analyzing the LSS formula [13],

Se= ξ8πe2a0N
Z1Z2
Z

(
v
v0

)

, (1)

and its correction formulas [31–33]. Here Z =
(
Z2/31 + Z2/32

)3/2
and ξ ≅

Z1/61 . e, a0 and N are the elementary charge, Bohr atomic radius and
atomic density, respectively. v is the incident ion velocity.

There are several corrections to the LSS formula. One of corrections
is the modification of Z. Sugiyama replaced Z with the screening term Zs
in the Hartree-Fock-Slater screening function that [31],

ZS =

⎧
⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎩

Z1S + Z1S,Z1 ≈ Z2
1
2

(
Z2/31S + Z2/32S

)3/2
, low Z1 and Z2

1
2

(
Z1/21S + Z1/22S

)2
, other factors

⎫
⎪⎪⎪⎪⎪⎬

⎪⎪⎪⎪⎪⎭

. (2)

The second correction is the fitting of the key parameters in Eq. (1),
such as the correction factor ζ and Z1. This method is only valid for
limited systems, such as Mg, Al and Si ions crossing Formvar foil. Two

typical modifications of ζ are, ζ = a(Z1)b
(

v
v0

)c

(Z2)d and ζ = a
(
Zb1 Z

c
2
)

[32,33], respectively. Here the parameters of a, b, c and d are fitted with
the experimental values. The effective charge Z1eff of moving
heavy-charged particles penetrating into matter at the velocity range of
v < v0Z2/31 is given as Zeff1 = (1 − exp( − 1.25x) )Z1 instead of Z1 in Eq.
(1), where x = 100β/Z2/31 and β = v/c [31]. Other corrections are the
shell and Barkas corrections that consider the intrinsic electron motion

of each shell and the high-order Barkas effects [34] that, ΔLshellcor∝Z4/32
v20
v2,

and ΔLBarkas∝Z1Z2v30
/
v3, respectively. The starting point for building the

descriptor pool is the seven basic descriptors of Z1, Z2, Z1S, Z2S, M1, M2,
and Ei, shown in Line A in Table 1. The descriptors in Lines A1, A2, A3
and A4 are the power exponents of the basic descriptors appeared in Eqs.
(1) and (2). lnZ2 and lnM1 is considered in Line A5. Line B represents the
Barkas and shell corrections. Lines C and D lines represent to the main
function of the LSS formula and its modification formulas mentioned

above. In Line C, the modification of Z = 1/2
(
Z1/21S + Z1/22S

)2
is chosen

that is suitable to the more ion-target systems. In total, the descriptor
pool for the low energy range contains 895 descriptors.

For high-energy range, the B-B-B model [9–11] is typically used for
calculating the ESCS. Based on the assumption that the ion lost all
electrons, the ESCS is characterized as the relationship with the ion
velocity as,

−
dE
dx

=
4πZ21Z2e4

mv2
NL, (3)

where

L=

⎧
⎪⎪⎪⎨

⎪⎪⎪⎩

ln
2mv2

ℏω ,Bethe − Bloch

ln
Cmv3

Z1e2ω,Bohr
. (4)

where ω is an effective resonance frequency of the target electrons
and C = 1.1229 [34]. The basic descriptors of Z1, Z2, M1 and Ei are
extracted from Eqs. (3) and (4). The first step is listing the power ex-
ponents of Z1, Z2, and Ei, as shown in the first three lines of Table 2.
Then, following the format of Eq. (3), descriptors containing the loga-
rithmic terms are included, such as lnZ1, lnM1 and lnEi. These

Fig. 2. Comparison of the experimental and theoretical ESCS of Kr ions into
Al target.

Table 1
Descriptor combination based on five basic descriptors for low-energy range.

ID Descriptor Number of descriptors

A Z1, Z2, Z1S, Z2S, M1, M2, Ei 7
A1 Zi1, i= − 1/2, 2/3, 7/6, 2, 5/2, lnZ1 6
A2 Zi2, i= − 1, − 2, 2/3, 6/5 4
A3 Eii , i= 1/2, − 3/2, − 5/2, lnEi 4
A4 Zi1S, Z

i
2S, i= 0.5 2

A5 lnZ2, lnM1 2
B A1⋅A2⋅A3 96
C (

Z0.71 + Z0.72
)3/2,

(
Z0.51S + Z0.52S

)2 2

D exp( − i ⋅Ei), i= 3,4,0, exp
(
− 125 ⋅E0.5i ⋅Z− 2/31

)
4

E B⋅C⋅D 768
Total # 895

F. Cheng et al.
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descriptors are linearly combined to consist of the final 988 descriptors
for high-energy range.

2.4. Smooth connection of ESCS between low- and high-energy ranges

The Gaussian amplitude fitting and the spline interpolation are
applied to connect the data in the two energy ranges. The incident en-
ergy E is operated logarithmically as log10E. The relation of ESCS and
log10E is shown as a single peak function. The Gaussian amplitude fitting
has the advantage of fitting the function with single peak. It can fit the
function well around the Bragg Peak with an accuracy of higher than 95
%.

The Gaussian amplitude fitting is used to produce a set of fitting data
in the whole energy range according to the machine learning data with
the fitting score higher than 0.99, as shown in Fig. 3. The Gaussian
fitting and machine learning data are divided into three parts of A, B and
C. The beginning and ending coordinates of part B are determined by the
minimum difference in ESCS between the machine learning and
Gaussian fitting data in the ranges of 1 keV/u-1 MeV/u and 1 MeV/u-1
GeV/u, respectively. Parts A and C use the machine learning data and
part B uses the Gaussian fitting data to smooth the connection in the
coincident energy range. The ESCS data over the whole energy range is
formed as shown by the blue dash-dot line of Fig. 3. It can be seen that
the connected data is smoother compared to the original data. The
Gaussian fitting data is only used to smooth the connected data in energy
region near the Bragg Peak with only 2%–3% deviation. When an
obvious inflection point appears at the conjunction of A and B or B and
C, the spline interpolation is extra used to achieve a further smooth
connection.

2.5. Testing and verification

2.5.1. Direct comparation with experimental ESCS
The experimental datasets collected by Paul and IAEA are used as

testing dataset, which contains nearly all the published electronic
stopping power data of different ions in solids, gases and compounds
since the 1990s [25,26]. The testing datasets contain 24784 and 7921
data in the low- and high-energy ranges, respectively. The machine
learning predicted ESCS can be directly compared with experiments
firstly.

2.5.2. Comparison simulated ion depth distribution with experiments
We introduced the machine learning-based ESCS into our IM3D [27]

code to simulate primary radiation damage and compare with experi-
ments. IM3D is a massively parallel, open-source, 3D Monte Carlo code
for simulating the transport of ions and the production of defects within
materials. We further developed the ESCS module in IM3D for the
simulation of primary radiation process with arbitrary ESCS including
our machine learning ESCS [35].

The electronic energy loss and nuclear energy loss are commonly
treated as two independent processes when predicting ion ranges in the
binary-collision approximation (BCA) models. Based on the classical
BCA approximation and conserving momentum and energy, the nuclear
energy loss can be calculated with the formula of ΔEn =
(
4M1M2E sin2θCM

)
/(M1 +M2), where θCM is the classical binary atomic

scattering angel for elastic collision process and determined by the
interaction potential between projectile and target atoms [27].

2.5.3. Reciprocity theory assessment
Sigmund proposed the reciprocity theory by analyzing experimental

results [28]. It means the invariance of inelastic excitation in ion-atom
collisions against the interchange of projectile and target. Thus, for
low velocities slower than Bohr’s velocity (about 25 keV/u), it follows
ESCS (A ion into B target) = ESCS (B ion into A target) [28]. Reciprocity
is well obeyed with the errors <10 % for most gas, metal and insulator
systems. In order to give a quantitative analysis of the reciprocity theory,
Guo et al., defined the average relative coherent coefficient (γrec) based
on the reciprocity that [8],

γrec = 〈
|ESCS(Ein) − ESCSʹ(Ein)|

0.5|ESCS(Ein) + ESCSʹ(Ein)|
〉Ein , (5)

where ESCS(Ein) and ESCSʹ(Ein) represent the ESCS of A ion incident into
B target and the ESCS of B ion into A target, respectively. Both A and B
ions have the same kinetic energy Ein (in unit of keV/u). γrec represents
the average of the absolute difference between ESCS(Ein) and ESCSʹ(Ein)
for Ein lower than 25 keV/u.

2.5.4. Error metrics
In assessing the performance of a model, two error metrics are

employed to quantify the deviation between the predicted values (ypred)
and the experimental reference values (ytrue). One is the coefficient of

determination R2 = 1 −
(∑(

ytrue − ypred
)2

/
∑(

ytrue − ytrue
)2
)
. Its

numerator represents the discrepancies between the model’s predictions
and the reference values. The denominator represents the discrepancies
between the experimental reference value and the mean experimental
reference value ytrue). The R2 metric is widely acknowledged to evaluate
the fitting of a regression model to the observed data.

3. Results and discussion

3.1. Prediction of ESCS

The theoretical ESCS datasets (SRIM, BT and UCA) of low-energy (1
keV/u - 2 MeV/u) and high-energy (1 MeV/u - 1 GeV/u) ranges are

Table 2
Descriptor combination based on five basic descriptors for high-energy range.

ID Descriptor Number of descriptors

A Z1, Z2, M1, M2, Ei 5
A1 Zi1, i= 1/5, 1/2, 2/3, 7/6, 3,0, − 2, − 1 8
A2 Zi2, i= 2/3, 1/2, 2, 7/3, lnZ2 5
A3 Eii , i= 3/2,1/2, − 1, − 2, − 5/2, 0 6
A4 lnZ1, lnM1, lnEi, 1 4
A A1⋅A2⋅A3⋅A4 960
Total # 988

Fig. 3. The smoothed ESCS of Boron ions into Si in different energy ranges with
the Gaussian and spline connection.

F. Cheng et al.
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trained, respectively. In the low energy range, the training and testing
score of R2 are 0.89 and 0.88, respectively. In fact, the higher deviations
or lower training score in the low energy range only introduced 2.50 %
of the total training data. In the high energy range, the training and
testing score of R2 both reach up to 0.99, as shown in Fig. 4(b). The
machine learning predicted ESCS σMLe shows good agreement with the
training dataset. Only 0.04 % of the total data show the deviation with
the training points.

In the low- and high-energy ranges, the MAPE errors of different
systems between the test and σMLe are shown in Fig. 5. The MAPE error of
all the systems in the low- and high-energy ranges are 12.60 % and 6.20
%, respectively. In the IAEA experimental dataset, the ESCS of H, He,
and Li ions account for 55.60 % in the total dataset. Since unpredictable
deviations between the data measured by different groups using
different instruments in different years, the MAPE errors of light ions is
bigger than that of heavy ions in the low energy range.

The comparison of σMLe in the full energy range (1 keV/u – 1 GeV/u)
with the experimental and theoretical values of different systems is
shown in Fig. 6. For each system, σMLe can give an accurate prediction
with high consistency compared with experimental results. For each
system, the theoretical ESCS values and σMLe agree well with the exper-
imental ones in the high-energy range, but there are deviations between
them in the low-energy range. For low-to-medium energy range, σMLe can
be consistent with the experimental results and σSRIMe . It means that σMLe
with the accuracy no less than σSRIMe . In addition, σMLe is better than both

σBTe and σUCAe for H-C, He-W, and B-Au systems. Moreover, in recent
years, SRIM has been noted in recent years for its overestimation of
heavy ion [6], resulting in an underestimation of ion depth distribution.
In Fig. 6(e) of Au ion into C, σMLe are lower compared to σSRIMe . The
machine learning corrects the ESCS of heavy ions and the simulated
primary radiation results, which will be discussed in section 3.2.

σMLe of different ions into Si target and Au ions in different targets are
compared with experiments as shown in Fig. 7. σMLe show excellent
agreement with the experiment points near and above the Bragg Peaks,
both for H, Li, B, C, O, Si, Kr and Au (bottom to top) ions in Si and for Au
ions into C, Si, Al, Cu and Au (bottom to top) targets, as shown in Fig. 7
(a) and (b), respectively. Considering the difficulty in obtaining the ESCS
in both theory and experiments, SRIM, BT and UCA are accurate only for
specific systems, particularly in low energy ranges. The machine
learning can overcome the difficulties, with mining the complex relation
between the data selected from the three theoretical databases and
obtain an optimized database compare to the three theoretical models.

In addition, UCA is known as performing well for gas and limiting for
metals so the effect of UCA to the machine learning model is tested at
low energies. The ESCS trained without UCA dataset for U ions into Au is
shown in Fig. 6(f). The deviation between the machine learning results
trained with and without UCA is 54.6 %, lower than the systematic error
of 94.6 % between the training dataset for energies lower than 100 keV/
u. For energies higher than 100 keV/u, their deviation is negligible.
Moreover, by training different systems of heavy and light ions into
gases and metals with and without UCA, we calculated the deviation of
the training results of the two cases with experiments in IAEA database,
respectively. Their difference is within 5 % which can be ignored.

3.2. Verification of ion range

The accuracy of σMLe is further verified by comparing IM3D simulated
ion depth distribution with the experimental results. For 400 keV He
ions implanted into W target, the ion depth distributions simulated by
IM3D with σSRIMe , σBTe , σUCAe and σMLe are shown in Fig. 8 (a) [36]. It can be
concluded that the ion depth distributions simulated with σSRIM and σMLe
show better agreement with the experiments compared to those with
other ESCS. BT and UCA underestimate and overestimate the ion depth
distribution, respectively, due to their inaccurate calculation of ESCS at
energy range lower than 10 keV/u, which can be seen in Fig. 6(a).

Fig. 8(b) shows the ion depth distribution of 80 keV/u C ion into Si
target. The ion depth distribution simulated with σSRIMe and σBTe show the
most agreement with the experimental results [37]. For the result
simulated with σMLe , it shows a slight deviation of 4.65 % near the peak
position of the depth distribution. The result simulated with σUCAe shows
an obvious overestimation. Fig. 8(c) shows the ion depth distributions of

Fig. 4. Predicted ESCS for all samples plotted against the training values in the (a)low- and (b) high-energy ranges, respectively.

Fig. 5. Alternative MAPE values at low- and high-energy ranges.

F. Cheng et al.
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2MeV Au ions into Si target [6]. The results simulated with σMLe and σUCAe
have a good prediction to the ion range for heavy ion irradiation, while
results with σMLe and both underestimate the ion range. The effect of
including UCA in the training dataset on the ion range is also tested. By
simulating the ion radiation with the machine learning results with and

without UCA shown in Fig. 6(f) at energies of 10 keV/u, 100 keV/u and 1
MeV/u, the average deviation of their ion range results is only within 7
%.

IM3D simulated ion ranges with different ESCS are also compared at
different incident energies for typical heavy (take Au ion as an example)

Fig. 6. Comparison of σMLe , σSRIMe , σBTe , σUCAe and experimental data [25] for (a) H ions into C, (b) He ions into W, (c) B ions into Si, (d) B ions into Au, (e) Au ions into C
and (f) U ions into Au. For U ions into Au, σMLe without UCA dataset in the low energy range has also been given as gray dash-dot line for comparison.

Fig. 7. Comparison of σMLe with experimental data [25] of (a) different ions into Si and (b) Au ions into different targets.
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and light ions (take B ions as an example). For B ions in Fig. 9(a), the ion
range on a wide energy range (30–300 keV) simulated with σMLe are
consistent with the experiments [38] with the same accuracy of σSRIMe
and σBTe . Results simulated with σUCAe overestimate the ion range. For Au
ions, the ion ranges simulated with σUCAe and σMLe are more consistent
with the experiments [39], while those simulated with σSRIMe and σBTe
have an underestimation values. Figs. 8 and 9 show that σMLe can give the
accurate ion depth distribution and ion range for light and heavy ions.

The ion ranges simulated with σSRIMe , σBTe , σUCAe and σMLe are generally
compared with each other for arbitrary systems and incident energies.
The projectile ions and targets are both randomly selected in elements
from H to U, and the incident ion energies are randomly selected in the
energy range of 0 – 10 keV/u, 0 – 100 keV/u and 0 – 1000 keV/u,
respectively, in which 1000 times IM3D simulation are performed with
each ESCS to obtain the average ion ranges. In order to be in consist with
the training dataset, the average ion ranges simulated with σSRIMe , σBTe
and σUCAe are taking as the reference values. The errors between the
reference values and the results simulated with the four different ESCS
are show in Fig. 10. The machine learning performs a neutralization to a
certain extent on the three theoretical ESCS. In Fig. 6, it shows that σMLe
are in the middle of σSRIMe , σBTe and σUCAe at low energies. Therefore, the
error with σMLe is always the smallest one than that with the theoretical
data.

3.3. Analysis of reciprocity

The average relative coherent coefficient (γrec) of σMLe , σSRIMe , σBTe and
σUCAe for ion-target combinations with atomic numbers from 1 to 92 are
calculated in the energy range of 1–25 keV/u. In Fig. 11, the blue zone
indicates the high consistence of the Z1-Z2 pair, while the yellow and red

zone show the invalid reciprocity with γrec reaches 0.8–1.0. The lower
the coefficient, the better in validation. For SRIM in Fig. 11(b), γrec in the
systems of heavy ions and heavy targets reach 0.8. γrec of σUCAe are 0.8 for
most light and heavy ions. The calculated denominator in Eq. (5) is small
leading to the higher coefficients because σUCAe at lower energy (below
several keV/u) is small. σMLe and σBTe are the best consistence with reci-
procity as they show almost blue zone for all the systems, especially for

Fig. 8. Ion depth distributions of experimental results and IM3D simulated with σSRIMe , σBTe , σUCAe and σMLe of (a) He ions into W [36], (b) C ions into Si [37] and (c) Au
ions into Si [6].

Fig. 9. Comparison between simulated and experimental peak positions with σSRIMe , σBTe , σUCAe and σMLe of (a) B ions into Al [38] and (b) Au ions into SiC with different
incident energies [39].

Fig. 10. Relative error between the average ranges simulated by IM3D with
σSRIMe , σBTe , σUCAe , σMLe and the reference values (average ranges simulated with
σSRIMe , σBTe and σUCAe ).
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BT. However, the better γrec of σBTe does not represent its high accuracy
for its overestimation for heavy ions and thus underestimates ion depth
distribution, as shown in Fig. 8(a) and (c) γrec of σMLe is slightly higher for
the heavy ions and target systems and reaches about 0.4. Such low value
does not affect the accuracy of σMLe as shown in Fig. 6(e) and (f) as well as
the ion depth distribution simulations in Figs. 8(c) and 9(b). In fact, the
reciprocity theory is not directly related to the accuracy of the electronic
stopping. After the validation with the insufficient experimental ESCS
and ion ranges, the machine learning have been validated to be more
accurate than SRIM, BT and UCA. Here the reciprocity theory is applied
to validate the reasonability of all the ion-target combinations in which
the experiments data are absent.

Fig. 12 shows the theoretical and experimental ESCS of Au ions into
Si and Si ions into Au targets. σMLe shows a good consistent with the
experimental values. At energies lower than 30 keV/u, σMLe of Au ions
into Si shows good agreement with σMLe of Si ions into Au. SRIM agrees
with the experimental value for Si ions into Au with the energies higher
than 10 keV/u, but it overestimates the ESCS of Au ions into Si. BT and
UCA overestimate and underestimate the ESCS of the two systems,
respectively. Based on the overall reciprocity analysis and the compar-
ison of Au ions into Si and Si ions into Au systems, it can be concluded
that σMLe shows good reciprocity performance and is consistent with
experimental values.

3.4. Extracting key descriptors with machine learning

The good accuracy of σMLe originates from the reasonably selected
training dataset and descriptors. Particularly, LASSO excels in extracting
the most critical descriptors, which are obtained based on the existing
theories. In addition, the exponent of each element in the theories are
extended to a wider range, enabling a more comprehensive exploration
within the training data. Here the descriptors importance Im of the m-th
descriptor for a certain material is defined according to Ref. [24] as Im =

|amFm| /
∑n

i=1|aiFi|, where a is the coefficient of descriptors, F is the
descriptor value, and n is the total number of descriptors.

The top-ten important descriptors of low- and high-energy ranges are
shown in Fig. 13. The upper shadowed parts in the columns on the right
of each panel summarize the importance of descriptors with minor
importance. The upper red parts represent the importance increase
when elements are accumulated following the importance order from
high to low. In the low energy range, the top ten important descriptors
account for 39.80 %. Most of them are elements in Eqs. (1) and (2). In
the descriptor pool, there are 384 descriptors, each in the same form as
Eqs. (1) and (2). With changing the exponent of each term, the sum
importance of the descriptors with the same form as Eq. (1) and Eq. (2)
are 10.98 % and 21.89 %, respectively. Since the difference between Eq.
(1) and Eq. (2) is that, Z1 and Z2 is replaced by the effective value of Z1S

Fig. 11. Average relative coherent coefficient (γrec) calculated using (a) (a) σMLe (b) σSRIMe (c) σBTe and (d) σUCAe .

Fig. 12. Comparison of σMLe , σSRIMe , σBTe and σUCAe with the experimental values
for Si ions into Au and Au ions into Si systems.
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and Z2S adjusted by the term in the Hartree-Fock-Slater screening
function. It shows the importance of correcting the ion effective charge.
Besides, the number of descriptors for shell and barkas correction is 96,
with the sum importance of 19.96 %. In the high energy range, the sum
of the top-ten descriptors is only 29.04 %. For the key descriptors shown
in Fig. 13(b), Z1.21 Z0.52 E− 2i ln Ei, Z0.71 Z0.52 E− 0.5i and Z1.21 Z0.52 E− 0.5i have the
same form as the Bethe-Bloch and Bohr theories of Eq. (3), with the total
importance of 4.21 %. The other key descriptors are the elements in the
Bethe-Bloch or Bohr theories.

In both low and high energies, the key descriptors maintain the
similar form to the reference formula of the LSS and BBB theories,
respectively, with adjusting the exponents of each element. The adjusted
exponents of the elements are set in the descriptor pool as discussed in
Section 2.2. Machine learning can optimize the formulas based on the
training data. These key descriptors ensure the accuracy of the predicted
ESCS and simulated primary radiation damage, providing valuable in-
sights for future ESCS modeling.

4. Conclusion

Based on the experimental-cleaned theoretical databases of SRIM, BT
and UCA, and the descriptor pool extracted from existing theoretical
models, the machine learning study of the universal ESCS database of
ions in matter is performed with the LASSO algorithm. The database
contains the data of ion-target combinations with atomic numbers from
1 to 92 in a wide energy range of 1 keV/u - 1 GeV/u. By comparing with
experiments and IM3D simulations, the machine learning predicted
ESCS shows a overall higher accurate prediction of ESCS and ion depth
distribution/range compared to that with SRIM, BT and UCA for both
light and heavy ions. Moreover, σMLe has a good reciprocity performance
with the analysis of the average relative coherent coefficient. The ac-
curacy of σMLe comes from the key descriptors selected by LASSO, which
maintain the similar form to the reference formula of the LSS and B-B-B
theories, with adjusting the exponent of each element. Thus, machine
learning could mine the complex relation between the training data to
achieve data optimization with the key descriptors. Finally, a universal
machine learning ESCS database (ESDB) is established and available on
the website http://theory.issp.ac.cn/dbpro/. The database provides an
accurate description of the ion energy loss in matter, which is significant
for the simulation of primary damage, which has vast applications in
fields like semiconductor manufacturing and nano-structures fabrica-
tion. This work didn’t consider the physical state and charge state
directly, which may influence the electronic stopping more or less.
Further works including these effects are still needed to improve the
machine learning performance.
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