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Estimation of Proton Stopping Power Ratio and Mean Excitation
Energy Using Electron Density and Its Applications via Machine
Learning Approach

Charles Ekene Chika
Department of Mathematics, University of Nigeria, Nsukka, Enugu, Nigeria

Purpose: The purpose of this study was to develop a simple flexible method for accurate estimation of stopping power ratio (SPR) and mean
excitation energy (/) using relative electron density (p,). Materials and Methods: The model was formulated using empirical relationships
between SPR, mean excitation energy /, and relative electron density. Some examples were implemented, and a comparison was carried out
using other existing methods. The needed coefficients in the model were estimated using optimization tools. Basis vector method (BVM) and
Hunemohr and Saito (H-S) method were applied to estimate the p, used in the application section. 80 kVp and 150 kVpSn were used as low
and high energy, respectively, for the implementation of dual-energy methods. Results: All the examples of the proposed method considered
have modeling error that is <0.32% and testing root mean square error (RMSE) <0.92% for SPR with a mean error close to 0.00%. The method
was able to achieve modeling RMSE of 2.12% for mean excitation energy with room for improvement. Similar or better results were achieved
in application to BVM. Conclusion: The method showed robustness in application by achieving lower testing error than other presented
methods in most cases. It achieved accurate estimation which can be improved using the machine learning algorithm since it is flexible to
implement in terms of the function (model) degree and tissue classification.
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INTRODUCTION projection domain has the advantage of being less prone to
uncertainties as some causes of uncertainties such as beam
hardening can be corrected on the projection data, but it has
the disadvantage of being computational intensive. Many
authors have presented studies on image domain®*¥ and
many on projection domaint*3323844-511 including the analysis
of their uncertainties.’? There are some approaches that might
help improve projection domain calculation but still under
development like the one by Chika and Hooshyar.™

Proton stopping power ratio (SPR) is used to compute
proton range for proton therapy treatment. This helps utilize
the property of proton known as Bragg peak, which gives
it advantage over photon during therapy. The necessity to
improve proton therapy treatment leads to finding ways of
estimating SPR more accurately, which also depends on
relative electron density (0,) and mean excitation energy (/)
through Bethe equation or Bethe—Bloch equation.!*!

Another approach is based on the number of energy spectra
used. The most popularly known clinically used method is
single-energy CT stoichiometric calibration method which is

There are mainly two ways of estimating p, / and SPR in
terms of domain; these are image and projection domain
approach. Image domain uses computed tomography (CT)
image to estimate these quantities and has the advantage of _ ;
impliiy in computaton compared 0 projecton domain e o e T O Chats e
but has the disadvantage of being prone to uncertainties E-mail: charles.chika@unn.edu.ng
such as noise, movements, and beam hardening. The
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image domain method. 3%—3.5% of proton range is being added
to the distal boundary of clinical target volume when using
this method for patients’ safety.>**! Dual-energy CT (DECT)
approach is another one that is currently being explored much.
This makes use of two energy spectra referred to as low- and
high-energy spectra. DECT has better performance as regards
to uncertainties as demonstrated in the study by Yang et a/.®
and other studies. Chenyang Shen et al.[ and other authors
have proposed multi-energy approach as well.

Most of the approaches being proposed are targeted at
estimating SPR directly or estimating p, and / and then
applying it to Bethe equation or Bethe—Bloch equation to
estimate stopping power (SP) or SPR. Some of these methods,
especially those of projection domain, have a high accuracy in
estimating relative electron density pe (with root mean square
error [RMSE] of <1%) but have relatively low accuracy in
estimating effective atomic number (with RMSE of more than
3%) which is used to estimate mean excitation energy mainly
using Yang method.*531 This called for accurate means of
estimating SPR using o, to reduce the error propagation which
led to this study.

In this study, we present a model that estimates SPR and / from
p., discussed its accuracy and applications. Two dual energy
and image domain methods which are referred to as Hunemorh
and Saito (H-S) method and basis vector method (BVM) were
used to estimate the re in the application section. This method
is compared to some other methods that have been proposed.
Algorithm is also presented that will help in automation.

MareriaLs AND METHODS

Data acquisition

Computed tomography data

Linear attenuation and the image intensity HU, of each pixel/

voxel in CT images for any tissue are written as:
HU *

< B =+ A4,

(1
M wat Ak

where u is the linear attenuation coefficient of water and p
is that of unknown tissue. Low- and high-energy spectra were
represented by the subscript k = L, H. The parameters 4, and
A; are calculated by maximizing the fit between measured
HU,_ and spectrally averaged.

< B >, values for scanned sampled tissues of known

wat

composition and density.

We assumed that a phantom consisting of unknown tissues
is scanned with the commercial CT scanner at low-energy
(k = L) and high-energy (k = H) spectra, characterized by
normalized X-ray energy fluence spectra ¥, (£) where ) -,
(E)dE = 1.

BT ARG

k— 5
Moo [ 2B, (5 E)AE

2)

Commercial CT scanner spectra are generally not precisely
known. HU measurements can be influenced by beam
hardening, scattering, noise, and prepossessing corrections,
which leads to uncertainties in the measurement. k (E) is
approximated by a single effective energy E, most of the

h(E) __ w(E)
R B oy (B)

gotten by minimizing the difference between the theoretical
CT numbers computed from Eq(2) and that of single
energies, u(x,E). Mixture rule is used to compute the linear
attenuation coefficients. It is computed by applying the
mixture rule to elemental mass attenuation coefficients gotten
from the National Institute of Standards and Technology
XCOM database using tissue composition.5¢° Once this is
done, Eq. (2) is applied. Figure 1 illustrates the normalized
form of the spectra used for computation in Eq (2) which is
generated using SpekCalc.[¢621 80 kVp and 150 kVp are used
as low and high energy, respectively.

times, so that

>, =M, -This u . is

Relative electron density (p,)
True relative electron density is computed using the following
formula:

M W7,
o P2,
=——= ’ ©)
pe,w pe,w

Pe.

where p_denotes the mass density. w, Z, and 4, are the mass
fraction, atomic number, and atomic mass of the i element in
the tissue, respectively.

Mean excitation energy |
Bragg additivity rule was applied in computing the true mean
excitation energy for each tissue:

Spectra

80kVp
-------- 150kVpSn

251

151

Relative Probabilty (%)

051

Energy(keV)

Figure 1: Spectra used (80 kVp and 150 kVpSn normalized spectra used
to compute theoretical attenuation coefficients)
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Zim,, (il In(7,)
Z
o (%)

I is the mean excitation energy of the /™ element in the
tissue.

In(/) = @)

Stopping power ratio

The simplified form of Bethe equation referred to as Bethe—
Bloch equation is used to compute the true SPR . The equation
is stated below:

2n2
11121’”@7"12[3—52 ~In7
SPR =p, 2m;?ﬁ2 )
In =22 B2 ln/,
1-B

where m_ is the rest mass of an electron, c is the speed of light,
B is the velocity of the proton in vacuum relative to the speed
of light, and [, is the mean excitation energy of water. This
is used to approximate the SP at a given energy E within the
range typically used in proton therapy.

Tissue classification

Thirty-three ICRU [Appendix] human tissues!®-* are used as
training data and 12 Gammex tissue inserts as validation data.
Nucleus was not included in ICRU human tissues because we
cannot access its composition at the time of the study.

The human tissues are classified into lung, soft, and bone
tissues, while the Gammex inserts are classified into soft and
bone tissues. All the classifications in this study are done
with the p . The regions illustrated in Figure 2 represent the

grouping.
Proposed model

Proposition: SPR and mean excitation energy are empirically
related to electron density by the relation:

Three(3) Groups Classification Regions Using P

9,203
pe=1.1 1

Tissues

0.2 0.4 0.6 0.8 1 12 1.4 1.6 1.8
p, of Tissue

Figure 2: This figure illustrates the regions of the three tissues: The first
region from the left is for lung tissues, the middle is for soft tissues and
the right-most region is for bone tissues

T(SPR/1)= ap. +error (6)

i=—r

where n>0, >0, and T (SPR/]) is an invertible transformation
of SPR or /.

For this first study, the model examples are proposed using
the graphical exploration of the data relationships and the
knowledge of mathematical functions.

Stopping power ratio
The model below was implemented for SPR:

SPR =" ap. +error (7

i=—r

where n > 0, » > 0 and T (SPR) = SPR. We will follow the
notation SPR  and present simple continuous and piece-wise
functions. The following three models were studied.

Continuous models

SPR, y =0.0574p} —0.2564p; +1.2551p, —0.0493 (8)
SPR,; =0.862p, +0.1822 - ()(;ﬂ 9
Piece-wise model
0.2578, lungtissue
SPR,; =411.6008p, —1.3931+ 0'?)012 , Sofitissue (10)
0.8612p, +0.1791— 0'(:)301 , bonetissue

Kanematsu method
We compared the proposed model with the one proposed by

. . PR
Kanematsu et al.l® A poly-line relation between SPR and p,

p.
is presented below:
1.0002, lungtissue
SPR 2 .
— =1:¢-0.2936p; +1.0039p, +0.3135, softtissue  (11)
P.

—0.0038p> +0.2568p, +0.7462, bonetissue

Mean excitation energy |
We used the model stated below for illustration in the case of
mean excitation energy.

In(l)= Zal.pi +error

i=—r

(12)

where n 2 0, r 2 0, preferably n =2k, k> 0, and T(1) = In(])

Just as in above, we follow the notation /_ and present two
examples.
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Continuous models

In(Z,,) = —0.4782p> +2.1353p, +2.1970 + 0.4109 (13)
pP.
Piece-wise model
4.3197, lungtissue
-1.171 .
In(Z,,)=15.4233+ , Ssofitissue (14)
P.
5.3630— —LI51 , bonetissue
P.

Application

Basis vector method

We implemented the proposed model above and compared it to
the values gotten from BVM. In this study, we used 23% aqueous
calcium chloride (cacl,) solution and polystyrene as dissimilar
basis materials. Other materials such as water and aluminum can
be used, with the water representing soft tissue and aluminum
representing bone tissue. Some studies apply different materials
to different tissue groups like the one by Han et al.?® The basis
vector model for dual energy is presented below:

My =6 (M, + 6 (0)p,, (15)

where . is the unknown tissue linear attenuation at high
and low energies, M,, represents the basis material linear
attenuation coefficient at high and low energies, and ¢, is the
energy-independent weight j = 1,2 and / = L,H. The energy-
independent weights can be calculated as below:

-1
|:C1 (x):| _ |:H1,L Hap :| |:“‘L :| (16)
¢ (x) Mu Moy 129%
After calculating the weight, relative electron density of the
unknown material is calculated using the relation below:

pe :Clpe,l +C2pe,2 (17)

where p,, and p,, are the basis materials’ relative electron
density. We implemented the two approaches that have been
used to compute the mean excitation energy by Han et al.*®
and Shuangyue et al.¥

I, - f[ ¢ jexp ap,,Inl; +c,p, ,Inl, as)
SRS CiPey TCP, 2

I =exp(ar.(x)+a,) (19)

where,

r(x) = ¢ (x)p,,

¢ ()P, +6, (0P, ,

a and b are constants to be determined through calibration

. o ¢
from the given mean excitation energy and f{ ! J
¢ +c,

is referred to as an empirical correction function of
Pt =cp,,Inl, +cp,,Inl,. Once p, and I are known, SPR
is computed using Bethe—Bloch equation.

1.7767, lungtissue
f(¢,¢,)=10.5290¢c, +1.6902,  sofitissue (20)
—0.5651c, +1.5859, bonetissue

4.3197, lungtissue
In(Z, ) =41.0752r, +4.1504,  sofitissue 2D
0.3424r, +4.1815, bonetissue

0.2579, lungtissue
SPR,, =11.7458p> —1.6986p, + 0.9609 , Softtissue  (22)
’ P.
0.8618p> +0.1778p, — 0.0292 , bonetissue
Pe.
4.3197, lungtissue
In(/,,) =15.7569 — 1.5160 , Softtissue (23)
P.
5.3642 — 11526 , bonetissue
P,

Hunemohr-Saito method (H-S)

Hunemohr—Saito method is the method developed by
Hunemohr et al.'" whose similar p, formula has been
previously presented by Saito. We applied the method to the
relative electron density computed by Hunemohr—Saito method
and compared it with the usual computed 7/ and SPR. The H-S
model is presented below:

=ap, +(1-a)y, (24)

e,w

Z, - [p—] (b, +(Z0, D)) (25)

ew

The model parameters, a and b, depend on specific dual-energy
scanning protocol. SPR is estimated from the values of p, and
Z,,images using the empirical relationship between /-value and
Z,, which was first introduced by Yang e al.”’ The empirical
relationship is as follows.
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a, pn, <03
In(/)=<a,Z,+b, p, <14 (26)
a,Z,+b,, p,>14

43197, lungtissue
In(/,,)=15.7632 - 1.5204 , Softtissue 27
P.
5.3617 - 11489 , bonetissue
P.
0.2579, lungtissue
0.9538

SPR,, =11.7477p} —1.6925p, + ,

e

0.8586p> +0.1832p, — 00303,

P.

softtissue (28)

bonetissue

or

I -1
error = e ot (32)

true

I is the reference / value and /,, is the estimated / value,
the same definition holds for SPR. The mean error (ME)
measures the bias of the value estimates and RMSE measures

the estimation error for different tissues.

ResuLts

Stopping power ratio

SPR1,1 piece-wise gave the best result in training with
training RMSE of 0.22% and ME of 0.00%, while SPR0,3
continuous gives the least testing RMSE of and the least
testing ME is given by SPR1,1 piece-wise which is 0.04%.
Kinematsu method gave the highest error among all the
methods presented for SPR both in training and testing data;
it gives training RMSE of 2.03%, testing RMSE of 1.77%,
training ME of —1.85%, and testing ME of —1.61%. These
information are shown in Tables 1 and 2. From Figures 3

and 4, Kinematsu method gave mainly underestimated values
and the error increases with an increase in SPR value for

Accuracy analysis bone tissues.

Mean excitation energy /

Tables 3 and 4 show that /| | performs better in training data
with RMSE of 1.12%, while / , performs better in testing.
I, , 1s less biased in testing data and more biased on training
data compared to / , since it has training and testing MEs of
0.11% and —1.58%, respectively, while that of /, , are —0.02%
(30)  and —2.51%.

N
ME = %Zerrori (29)
i=1

Application results

where relative error is defined as The use of linear attenuation coefficients at effective energy to
SPR —SPR estimate relative electron density (0,) shows that H-S method

error = —true T " est (31) performs better on training data with total RMSE of 0.04%

1rue and ME of 0.02%, while BVM performs better on testing data

Table 1: Stopping power ratio training and testing root mean square errors (%)

SPR training RMSE Total Lung Soft Bone Testing RMSE Total Soft Bone
SPR, continuous 0.32 0.70 0.35 0.13 0.73 0.80 0.62
SPR |, piece-wise 0.22 0.02 0.27 0.04 0.92 1.09 0.61
SPR,, continuous 0.31 0.14 0.38 0.07 0.71 0.77 0.62
Kinematsu 2.03 0.00 2.08 2.04 1.77 1.80 1.63
RMSE: Root mean square error, SPR: Stopping power ratio

Table 2: Stopping power ratio training and testing mean errors (%)

SPR training ME Total Lung Soft Bone Testing RMSE Total Soft Bone
SPR, , continuous 0.02 0.73 0.01 0.09 0.29 0.32 0.24
SPR, , piece-wise 0.00 0.02 0.00 0.01 0.04 -0.05 0.17
SPR , continuous 0.00 0.14 -0.02 0.04 0.28 0.34 0.19
Kinematsu -1.85 0.00 -1.95 -1.83 -1.61 -1.76 -1.28

ME: Mean error, RMSE: Root mean square error, SPR: Stopping power ratio
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with total RMSE 0f 0.05% and ME 0f 0.01%, as can be seen in
Table 5. Figure 5 shows that BVM achieved less testing error
for most soft tissues compared to training error, while H-S does
the opposite. Though, all errors are quite low.

Stopping power ratio

From Table 6, SPR, | gave the best training error among the
ones presented when applied to both the re estimated using
BVM and H-S method. The total RMSE for both applied
cases is 0.23% and 0.22%, respectively. SPR from /, | gave the
least testing RMSE of 0.86% in BVM and RMSE of 0.85%
for H-S method while SPR, | gave the least RMSE for bone
in both BVM and H-S method which are 0.61% and 0.63%,
respectively. SPR | gave the least bias estimation in both
BVM and H-S method with ME of 0.00%. In BVM, all the
total RMSE (both modeling and testing) are <1% except that
estimated from /,_and / . This can be seen in Table 7. Figures
6 and 7 show that the approaches presented achieved relatively
low training errors for each tissue while Figure 8 shows a
relatively higher error for inner bone (Gammex insert) for
the case of I/( and /  while all others remains relatively low.
Figure 9 shows that the method still achieved low testing errors
for each tissue in H-S method.

Mean excitation energy /

Table 8 shows that /, | has the least training RMSE in BVM
for bone tissues Wthh is 0.27%, it also has same for H-S
method and total least RMSE of 1.94%. Although /  has
the lowest training error of 1.85% for BVM, it has a very
high total RMSE of 15.15% and 22.68 for bone. /, , has
the least testing error for BVM with a value of 7. 19% All
the estimations of / using BVM achieved the same level of
biasedness with ME of ~0.01% on training data while 7, |
achieved the least ME for both BVM and H-S method which
are —1.08% and —1.09% on testing data, and it has the least
training ME for H-S method as well which is —0.02%, as can
be seen in Table 9. Figure 10 shows that /, | performs better
in bone tissues while the performance of all the presented
methods is similar in most of the soft tissues in training data.
Inner bone has an off-high testing error on I, and /_, as can
be seen in Figure 11.

Discussion

The method presented estimates SPR with high accuracy, as
can be seen from Figures 12-14 and Tables 1 and 2 on training
and testing errors. Figures 12 and 13 show that we do not need
to group the tissues to get good estimates of SPR. Increasing
the fitting degrees can improve the accuracy but we have to be
conscious of overfitting. Grouping the tissues also improves
the accuracy. The method presented performs better than
Kinematsu method which is the study we found on estimating
SPR using p,. The absolute relative error for Kinematsu method
is increasing with p, which suggests that some corrections
might be possible. SPR, | gave the least modeling error though
not the least testing error, but we chose it for application
because current studies normally divide the tissues into

0i02 SPR Training Error Scatter Plot
*
001 o f *
ey
ES
0 + * +H4+4-ﬁ,_;_
% §+
s *
5 -001 S
2 *
® A T
< -0.02 *
& A :
zero error
-0.03 # SPR,, Continuous
SPR 11 Piece-wise
-0.04 | At SPR0 5 Continuous
Kinematsu *
-0.05 ¥ 3 *
0 0.5 1 1.5 2
SPR, _ of Tissue
true

Figure 3: Stopping power ratio training errors for individual tissues used
for model training. SPR: Stopping power ratio

SPR Testing Error Scatter Plot
0.02 T —¥ .
*
0.01r " s
* &
g +
0 +4 * *
& %
-0.01 TN
5 Iy
A\
utJ -0.02 =
® A
B
S 003
©
['4
=004 zero error
5 SPR' i Continuous
-0.05 i ;
. SPR, | Piece-wise
0,06 - + SPRo,a Continuous
> Kinematsu
-0.07 . — S
0 0.5 1 1.5 2
SPR,  of Tissue
true

Figure 4: Stopping power ratio testing errors for individual tissues used
for testing. SPR: Stopping power ratio

%103 P BVM and H-S Error Scatter Plot
2 T
zero error
15 O BVM Traing Error
: H-S Traing Error
#  BVM Testing Error
1 H-S Testing Error
*
§ 0.5 * & *
i i *
o 9 Fhysrep
2 T
3 o
] 0
@ .05 =
At
15
%) -
0 0.5 1 1.5 2

Picus of Tissue

Figure 5: p, training and testing errors for individual tissues used (this
is for both H-S and basis vector method methods as presented in the
figure, it's comparing true relative electron density with the relative electron
density estimated by these two methods). BVM: Basis vector method,
H-S: Hunemohr and Saito
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3 groups. On application, we see that the model performance
was good on both BVM and H-S method. This performance
may also be a result of these two methods predicting o, with
a high accuracy. This aligns with the aim of this study which
is applying this method to projection domain methods which
already have high accuracy estimation of p,. SPR_ will be a
good option in terms of accuracy and computation time savings
since the use of Bethe equation will be skipped.

Figures 15 and 16 show that the proposed model 7 can give
a good fit to p, data whether the tissues are grouped or not.

Table 3: / training and testing root mean square errors (%)

We plotted p, In(/) for easy visualization. I gives a good
result both in BVM and H-S method. I, and I have high
testing errors, especially for bone, and that makes them less
robust. This might be due to difference in computed weights
that follow from composition variation since Ifc and Irc
depend on these weights. This may still be a similar reason
why they have high relative error for inner bone. Estimating
Tusing H-S method gives less testing error but this is not in
line with the aim of this study since it computes / using Z,
this does not translate into much difference when used to
estimate SPR and it gives a higher ME (—3.14%) if compared
with I | (which has ME of —1.09%), this indicates that it can
be more biased. This also works well only when the tissues
are grouped into lung, soft, and bone tissues.

I'training Total Lung Soft Bone Testing Total Soft Bone
RMSE RMSE This model can be generalized as:
1, 2.12 0.00 2.65 0.29 6.62 749 5.16 n .
I, 263 1.02 326 061 625 694 5.14 T(SPR/I,p,)= Y ap. +error
RMSE: Root mean square error i==r
where n > 0, » 2 0 and T (SPR/I, p) is an invertible

Table 4: / training and testing mean errors (%) transformation of SPR or / and p..
I Training Total Lung Soft Bone Testing Total Soft Bone Kinematsu method will belong to the class of model above
ME RMSE since the one presented here can be written as:
I, 0.11 0.00 0.16 0.00 -1.58 —1.70 —1.41 PR 2
I, -0.02 1.02 0.10 -0.35 -2.51 -3.13 —1.65 T(SPR,p,)=—= Zal.p; +error
ME: Mean error, RMSE: Root mean square error e i=0
Table 5: p, training and testing errors (%)
p, training RMSE Total Lung Soft Bone Testing RMSE Total Soft Bone
BVM RMSE 0.10 0.09 0.12 0.03 0.05 0.05 0.04
H-S RMSE 0.04 0.01 0.04 0.04 0.11 0.13 0.08
BVM ME —0.08 -0.09 -0.12 0.00 0.01 —0.01 0.04
H-S ME 0.02 0.01 0.02 0.02 0.10 0.11 0.07
ME: Mean error, RMSE: Root mean square error, BVM: Basis vector method, H-S: Hunemohr and Saito
Table 6: Stopping power ratio training and testing mean error (%)
SPR training ME Total Lung Soft Bone Testing ME Total Soft Bone
BVM SPR from 7, —0.08 —0.14 —0.12 0.00 0.12 0.02 0.25
BVM SPR | 0.00 0.07 0.00 —-0.01 0.08 —-0.01 0.22
BVM SPR from ]ﬁ‘ —0.08 -0.09 —0.11 —-0.01 0.75 0.37 1.28
BVM SPR from / —0.08 -0.09 -0.12 —-0.01 0.79 0.36 1.39
H-S SPR from / 0.95 0.94 0.95 0.95 1.14 1.08 1.22
BVM: Basis vector method, H-S: Hunemohr and Saito, SPR: Stopping power ratio, ME: Mean error
Table 7: Stopping power ratio training and testing root mean square error (%)
SPR training RMSE Total Lung Soft Bone Testing RMSE Total Soft Bone
BVM SPR from 7, , 0.26 0.14 0.32 0.06 0.86 0.99 0.63
BVM SPRu 0.23 0.07 0.28 0.05 0.98 1.18 0.61
BVM SPR from I/ 0.29 -0.09 0.31 0.28 1.59 0.61 2.36
BVM SPR from / 0.25 0.09 0.30 0.13 1.54 0.61 2.27
H-S SPR from I, 0.98 0.94 1.00 0.95 1.40 1.45 1.33
H-S SPR | 0.22 0.01 0.27 0.05 0.97 1.15 0.63
H-S 0.39 0.28 0.41 0.35 0.85 0.91 0.77
RMSE: Root mean square error, BVM: Basis vector method, H-S: Hunemohr and Saito, SPR: Stopping power ratio
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BVM SPR Training Error Scatter Plot
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Figure 6: Stopping power ratio (SPR) training errors for individual tissues
by using basis vector method to estimate the relative electron density
and applying different ways of predicting | and SPR as discussed above.
SPR: Stopping power ratio, BVM: Basis vector method
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Figure 8: Stopping power ratio (SPR) training errors for individual tissues
by using H-S to estimate the relative electron density and applying different
ways of predicting | and SPR as discussed above. SPR: Stopping power

ratio, H-S: Hunemohr and Saito
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Figure 7: Stopping power ratio (SPR) testing errors for individual tissues
by using basis vector method to estimate the relative electron density
and applying different ways of predicting | and SPR as discussed above.

SPR: Stopping power ratio, BVM: Basis vector method
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Figure 10: | training errors for individual tissues by using basis vector
method to estimate the relative electron density and applying different
ways of predicting | as discussed above. BVM: Basis vector method
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Figure 9: Stopping power ratio (SPR) testing errors for individual tissues
by using H-S to estimate the relative electron density and applying different
ways of predicting | and SPR as discussed above. SPR: Stopping power

ratio, H-S: Hunemohr and Saito
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Figure 11: | testing errors for individual tissues by using basis vector
method to estimate the relative electron density and applying different

ways of predicting | as discussed above
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Figure 12: This is the modeling plot of SPR, (shows the relationship
between the actual stopping power ratio data and the proposed model).
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Figure 14: This is the modeling plot of SPRL1 piece-wise (shows the
relationship between the actual stopping power ratio data and the

proposed model). SPR: Stopping power ratio
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Figure 13: This is the modeling plot of SPR, , continuous (shows the
relationship between the actual stopping power ratio data and the fitted
model). SPR: Stopping power ratio

Figure 15: This is the modeling plot of o/, , (shows the relationship

between the actual data and the fitted model)

Table 8: / training and testing root mean square error
(%)

Itraining Total Lung Soft Bone Testing Total Soft Bone
RMSE RMSE

BVMI, 192 039 240 027 7.19 840 5.04
BVMI, 216 000 223 211 1597 5.12 23.99
BVM/, 1.8 000 220 092 1515 511 22.68
H-ST,, 1.94 000 242 027 721 843 5.03
H-S 195 000 223 141 471 513 405

BVM: Basis vector method, H-S: Hunemohr and Saito, RMSE: Root mean

square error
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Figure 16: This is the modeling plot of o/, ; (shows the relationship

between the actual data and the fitted model)

We can write an application algorithm as follows:

e Given p, data

e Formulate models

e Try different combination of r and n for the proposed
model
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Table 9: / training and testing mean error (%)

Itraining Total Lung Soft Bone Testing Total Soft Bone
ME ME

BVM/, 001 039 -0.02 -0.01 -1.08 —0.59 -1.76
BVM/_~ —001 0.00 -0.05 0.05 -7.02 325 —1230
BVMI ~ -001 0.00 -0.02 0.00 -728 —3.18 —13.02
H-S/, —002 0.00 -0.03 0.00 -1.09 -0.59 -1.78
H-S —0.04 0.00 —0.06 0.00 -3.14 326 297

BVM: Basis vector method, H-S: Hunemohr and Saito, ME: Mean error

e  Check their training and testing error
e Choose the optimal model for your data.

CoNncLusIoN

The presented method gave training RMSE of <0.32% and
RMSE of <0.92% for testing with training ME of 0.02% for
SPR. Mean excitation energy / has a training error of <2.63%
and 0.11% for ME. A similar level of accuracy is achieved in
application, especially in BVM case. The proposed method
proved to be more robust as it performed better on testing data
in most cases. It is also more flexible and easy to use as it can
give a good result without grouping the tissues, i.e., you can
get a good result with continuous model.

The presented machine learning algorithm allows us to adapt
the model to different p, data as well as improve its accuracy.
It shows that we can improve the accuracy using tissue
classification/grouping, increasing/reducing the model degree,
and improvement in training data used. This method gives a
highly accurate estimation of SPR and 7 as well as giving room
for improvement and flexibility. The result will help to provide
an accurate proton range value that will enhance more robust
treatment planning for proton therapy treatments. Hence, we
will carry out more detailed theoretical and empirical analysis
on improving and implementing this method in our future work.
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APPENDIX

33 ICRU tissues used:

Lung(Inflated), Yellow marrow, Adipose, Breast, Red marrow, Eye lens, Skin, Pancreas, GI tract, Testis, Lymph, Kidney, Ovary,
Muscles, Brain, Liver, Spleen, Lung(Deflated), Heart (blood filled), Blood, Cartilage, Thyroid, Spongiosa, Sacrum, Vertebral
(D6, L3), Femur, Ribs (2", 6™), Vertebral C4, Humerus, Ribs (10"), Cranium, Mandible, Cortical bone.

Gammex inserts used:

Adipose (Gammex), Breast (Gammex), True water (Gammex), Solid water (Gammex), Muscle (Gammex), Brain (Gammex),
Liver (Gammex), Inner bone (Gammex), B200 (Gammex), CB30 (Gammex), CB50 (Gammex), Cortical bone (Gammex).
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