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Radiation-induced swelling (swe) of structural steels under fast neutron irradiation is a critical degradation
phenomenon that limits the service lifetime and safety of nuclear reactor components. Conventional experi-
mental approaches for evaluating swelling behavior are costly, time-consuming, and difficult to apply under
high-dose irradiation conditions. This study develops an optimized machine learning framework for predicting
the swelling behavior of austenitic steels exposed to fast neutron irradiation. A dataset containing 444 experi-
mental samples collected from published literature was established, including twelve input variables related to
chemical composition (Fe, Cr, Ni, Mo, Mn, C, Tj, Si, and P), cold work degree, irradiation dose, and temperature.
Two ensemble regression models, Adaptive Boosting Regression (ABR) and Extra Tree Regression (ETR), were
optimized using the Tyrannosaurus Rex Optimization (TRO) algorithm to improve hyperparameter selection
and prediction performance. The dataset was randomly divided into 75% training data (333 samples) and 25%
testing data (111 samples), with preprocessing methods including normalization, randomization, interquartile
range (IQR)-based outlier treatment, and four-fold cross-validation applied to enhance model reliability. The
optimized Extra Tree Regression model (ExtraT-T) achieved superior predictive performance, obtaining coeffi-
cients of determination (R?) of 0.9908 and 0.9563 for the training and testing datasets, respectively, compared
with 0.9679 and 0.8991 for the optimized ABR model (AdaB-T). Feature analysis revealed that irradiation
dose and cold work degree were the dominant factors affecting swelling behavior. The proposed optimized
machine learning framework provides an efficient approach for predicting radiation-induced swelling, reducing
dependence on irradiation experiments, and supporting the design of radiation-resistant nuclear materials.
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1. Introduction

One of the main processes leading to changes in volume
of structural materials irradiated with energetic particles is
the creation of voids from the build-up of radiation defects,
most of all nucleation and growth of voids [1]. Unaccept-
able losses in resistance, dimensional stability, and load-

bearing capability occur when the swe level reaches about
5% of the substance volume [2]. This state is incompatible
with the demanding demands of nuclear engineering ap-
plications. The levels of radiation exposure that materials
used in fusion reactors are required to withstand are very
high, often going beyond a few hundred displacements
per atom (dpa). Reduced-activation ferritic/martensitic
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(RAFM) steels, seen as attractive options for fusion struc-
tural components due to their comparatively high resis-
tance to radiation-induced deterioration, may nonetheless
incur intolerable swe under sustained high-dose neutron
exposure. Because these experiments are expensive and
take a long time when done with neutrons, self-ion irradi-
ation is a very common method and a good substitute for
neutron irradiation. In addition, ion and neutron-irradiated
materials exhibit very different changes in void size, num-
ber density, and depth profiles because the damage regions
caused by ions and neutrons are not only different in space
but also in time. Besides, the mechanisms of void nucle-
ation and growth are very rapid processes at atoms and
their direct observation and quantification remain a chal-
lenge. Investigating the swe actions of nuclear building
components require a theoretical model. By reason of its
fast computation speed and lengthy calculable time span,
the rate theory (RT) model is particularly well-suited for
long-term swe action monitoring under high-dose irradi-
ation. In the early 1970s, Brailsford, Bullough, and others
laid the theoretical groundwork for reaction-rate (RT) swe
models [3]. Later research expanded this base to explore
the mechanisms that bring about the formation of voids
and bubbles in materials exposed to radiation [4]. In par-
ticular, microstructural sinks such as dislocation loops and
network dislocations have been studied because of their
effect on void growth, interstitial fluxes, and vacancy and
dislocation fluxes [5]. In contrast, the conventional RT
model is not successful in sufficiently explaining the in-
cubation time of swe. Assuming primary void and loop
widths are finite allows us to circumvent these restrictions
in the technique. Computationally expensive, sophisticated
cluster-dynamics approaches keep trying to determine the
nucleation level more rigorously, but they still need to in-
clude complex substance effects like irradiation-induced
segregation, gas generation, and alloy chemistry [6]. The es-
timative reliability of these simulations also declines when
they depend on several fitted factors [7].

In engineering sciences, ML has grown in importance
due to data-driven methodology’s quick advancements
[8-11]; it allows for the extraction of complicated corre-
lations among processing factors, performance in harsh
conditions, and substance composition [12-15]. Prior stud-
ies have illustrated that methods based on ML and com-
putational intelligence are useful in predicting intricate
and expensive engineering features [16-19]. Recent stud-
ies have shown that using meta-heuristic algorithms to
tune hyperparameters can improve the performance of ma-
chine learning models in engineering problems [20, 21].
As an important degrading mechanism in nuclear system

structural substances, radiation-induced swe presents a
formidable issue to conventional experimental and mecha-
nistic models; ML offers a robust alternative. ML methods
can quickly and quantitatively forecast crucial agents like
the starting dose of steady-state swe by learning the mul-
tidimensional dependencies that control swe action from
existing empirical data collections. This capability helps
with the development of next-generation nuclear structural
materials by speeding up the evaluation of applicant sub-
stances and facilitating the design of alloys with greater
resistance to irradiation damage. In the work of Jin et al.,
ML a data-collection-based computer model has already
demonstrated its usefulness for forecasting the Donset [22].
ML was able to rapidly compute and predict the Donset
in the absence of a physical model, based on the many em-
pirical findings concerning the radiation swe of structural
substances. Unfortunately, ML is unable to offer credible es-
timations of swe activity following hundreds of doses since
there is a dearth of empirical swe data under high-dose
settings.

This investigation aims to ascertain whether or not it
is possible to anticipate swe in austenitic steels when they
are exposed to neutron irradiation. Among the ML models
that are being researched to demonstrate how effectively
they function are the ABR model and the ETR models. The
consistency of the findings is highly influenced by the ABR
and ETR hyperparameters, which should be chosen uti-
lizing metaheuristic optimization approaches. This goal
may be achieved by using one of the available methods,
such as the TRO. It is associated with 444 software engi-
neering data points that were gathered from publications
in the academic realm. Twelve different factors were taken
into consideration for this inquiry. All of these factors are
included: The Dose, Temperature (Tem), Degree of Cold
Work (CW), Fe, Cr, Ni, Mo, Mn, C, Ti, Si, and P. Despite
the overall importance of the radiation behavior of nuclear
structural materials, the scope of the present study is specifi-
cally limited to predicting the swelling number of austenitic
steels under neutron irradiation. Previous ML investiga-
tions have mainly focused on forecasting the swelling onset
dose or using conventional models, including neural net-
works; while an optimized and interpretable cumulative
framework for forecasting the swelling amount by simul-
taneously considering chemical composition, cold work
rate, irradiation dose, and temperature has not been suffi-
ciently investigated. To address this gap, the present study
uses 444 experimental observations of neutron-irradiated
austenitic steels and optimizes adaptive boost regression
models and super random trees with the Tyrannosaurus
Rex optimization algorithm. In addition to evaluating the
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prediction performance, SHAP analysis is also used to in-
terpret the contribution of input parameters. Therefore, the
innovation of the study is in providing an optimized and
interpretable aggregation framework for forecasting the
amount of swelling within the range of compositions and
irradiation circumstances available in the dataset.

2. Data gathering and pre-processing

This investigation involved data collection and preprocess-
ing to anticipate the sw variable (Swe. — % vol) through a
ML methodology, which is extensively utilized in engineer-
ing disciplines, particularly in substances engineering and
the examination of substance properties under intricate
conditions (such as radiation, Tem, and deformation). This
method is highly appreciated for being able to capture non-
linear interactions effectively, reducing the dependence on
simplifying assumptions, and increasing prediction accu-
racy. The data utilized were sourced from credible technical
literature and prior experimental research, with selection
criteria encompassing source credibility, information com-
pleteness, consistency of empirical situations, and a direct
correlation of factors with the sw phenomena [23-39]. After
initial data collection and examination, the set of 444 obser-
vations was divided into 333 training and 111 test examples
using a fixed random partition. The test set was not used
until the model selection and hyperparameter tuning pro-
cedure was completed. In the training set, the interquartile
range was computed for each variable, and observations
outside the range Q1-1.5IQR to Q3+1.5IQR were flagged as
possible outliers. These were then matched to the values
reported in the original sources and the physical limits of
the variables. None of the 444 observations were discarded
based solely on the IQR rule; in particular, high inflation
values were retained, as they may reflect the true response
of the material under severe irradiation situations. Normal-
ization parameters were determined only from the training
data and the same parameters were applied to the test data
without refitting. Cross-validation was also performed
only within the training collection; so that in each iteration,
the data-dependent steps were fitted only on the training
subset of the same fold to prevent information leakage. The
input parameters encompass Fe(%wt), Cr(%wt), Ni(%wt),
Mo(%wt), Mn(%wt), C(%wt), Ti(%wt), Si(%wt), P(%wt),
Degree of CW (CW — %), Dose | dpa |, and Temperature
°C, chosen for their direct influence on chemical composi-
tion, microstructure, cold deformation rate, radiation dose,
and Tem in the formation of lattice defects, voids, and resul-
tant swe phenomena, all of which are physically correlated
with the resultant parameter. To enhance the stability and
generalizability of the model, four-part Cross-Validation

procedures were implemented for precise assessment, Ran-
domization to eliminate ordinal bias, Normalization to stan-
dardize data and facilitate model convergence, and IQR to
detect and manage outliers; these preprocessing measures
are crucial for augmenting the precision, reliability, and
overall efficacy of the ML model.

Table 1 presents the central tendency and dispersion
metrics of the input and output parameters for both the
training and test data collections, illustrating a strong statis-
tical concordance between the two collections. The proxim-
ity of the minimum, maximum, and mean values in most
variables (such as Fe, Cr, Ni, Mo, Mn, and C) suggests that
the data partitioning method was executed randomly and is
typical of the full dataset. The standard deviation quantities
denote the permissible variability of the chemical composi-
tion, procedure circumstances, and radiation agents crucial
for training the ML model. The examination of skewness
and kurtosis reveals that certain agents, including Cr, P,
and swe, exhibit asymmetric distributions and elevated
kurtosis, signifying data concentration within specific in-
tervals and the influence of extreme values on the swe
phenomenon. Conversely, variables such as Fe, Ni, Dose,
and Tem display distributions that approximate normality.
The Degree of CW and Dose agents exhibit significant vari-
ability, affirming their critical influence on microstructural
alterations and the increase in swe. Furthermore, the data
about the outcome agent swe exhibits considerable dis-
persion and positive skewness, indicating the complexity
of this procedure and necessitating the application of ML
techniques to framework nonlinear interactions between
input and output variables. The statistical findings of this
table demonstrate the quality of the data, the wide vari-
ety of agents, and their capability to create a dependable
estimative model.

Fig. 1 illustrates the box plot of the input agents utilized
for swe predict, distinctly depicting the normalized distri-
bution of the data, the extent of dispersion, the range of
variations, and the existence of outliers for each agent. Al-
loying components such as Fe, Cr, Ni, Mo, and Mn exhibit
a considerable range of variations and distinct medians, re-
flecting the heterogeneity of the specimens’ chemical com-
position and their influence on microstructural alterations
and the formation of radiation defects. The agents Ti and Si
have a limited range; yet, the existence of outliers suggests
that minor variations in these elements can substantially
influence the swe action. Conversely, procedure agents and
situations such as Degree of CW, Dose, and Tem exhibit
more dispersion, indicating the swe phenomenon’s height-
ened sensitivity to the extent of cold deformation, radia-
tion dose, and Tem. The reduced range of certain agents,
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Table 1. Central Tendency and Dispersion Metrics of variables
Feature Subsection Category — Unit Min. Max. Avg. St?;l%l.cs Var. Skew.  Kurt.
Fo Training | o, 63372 73078 66219 2369 5614 0860 0379
Testing P °Wh 763398 73.078 66476 2421 5863  0.484 -1.294
c Training . o 75 196 16861 2.049 4200 -2119 7515
r Testing pu oWt 75 19.6 17163 2061 4246  -1.831 5900
Ni Training | o, . 85 194 12562 2338 5465 0378 1.247
! Testing npu oWk g5 194 12268 2446 5981 0376 0.676
Mo Training o, 0 349793 1661 1.091 1191  -0.643 -1.350
Testing P oWk 0 347167 1527  1.148 1317 -0414 -1.717
Iy Training | o, 0 2 1639 0542 0293 -1540 1.681
" Testing npu oWt 0 2 1569 0572 0327 -1212 0677
c Training | o, . 0003 012 0059 0028  0.001 0473 0.146
Testing P oWt 0003 012 0059  0.027 0001 0333 0242
T Training o, 0 0.7 0201 0241  0.058 099 -0.414
Testing P : 0 0.7 0169 0237 0056 1171 -0.019
s Taining g ot 0 15 0769 0286  0.082 0475 3.188
Testing : 0 15 0745 0260  0.068  -0.044 4242
P Training | o o 0 0155 0019 0025 0001 289 11.802
Testing P oWk 0 0.155 0015 0.024 0001 3700 18.639
Trainin . 0 30 8997  10.044 100.892 0357 -1.605
W Testingg Input10 % 0 30 9081  9.690  93.894 0236 -1.795
Dose Training | 0 4o 0 1185 44986 24782 614152 0339 -0.312
Testing P P 25 12885 40428 25331 641.642 0466 -0.101
Tem Training | o oo 302 68729 478150 97.178 9443.615 0.069 -0.897
: Testing P 304 689.079 472533 99.397 9879.755 0.289  -0.932
Training . 0.1 2804 3286 5117 26181 2363 5438
Swe. Testing Goal  %vol. 1130797 2181 3537 12513 2846 8290

coupled with multiple outliers (notably for P and swe),
suggests an asymmetric data distribution and nonlinear
system activity. The swe plot exhibits positive skewness,
with data predominantly clustered at lower numbers and a
few extremely high numbers. This complexity in forecast-
ing the agent underscores the need for ML model’s adept
at recognizing nonlinear links. This chart shows the variety
and flexibility of the data are high enough for the data to be
utilized in making a precise and reliable prediction model.

39
S 0477051 .

! g
S e | g.sﬁz

Fe Cr Ni Mo Mn C Ti Si P CW Dose Tem. Swe.

S

Fig. 1. Introduced input parameters’ box plot to estimate

Swe.

Fig. 2 is presented as an exploratory representation of

the pairwise linear relationships among the features and is
not to be interpreted as a formal test of multicollinearity. Ra-
diation dose shows the strongest positive correlation with
swelling (r ~ 0.49), followed by Ni, Cr, and irradiation tem-
perature with moderate correlations of about 0.34, 0.31, and
0.30, respectively; while the other variables show weaker
linear relationships. Since ABR and ETR are decision tree-
based cumulative models, unlike linear regression models,
they do not rely on the estimation of independent coeffi-
cients and can model nonlinear relationships and interac-
tions between correlated variables. Therefore, no feature
was eliminated based solely on pairwise correlations, and
all physically based variables, including chemical compo-
sition, cold work, dose, and irradiation temperature, were
retained in the model to preserve information relevant to

swelling behavior.

3. Ml-based frameworks

3.1. ETR

Geurts et al. [41] introduced the ETR approach, a boosted
variant of the Random Forest (RF) framework. ETR is a
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Fig. 2. Pearson correlation matrix between input variables
and radiation-induced inflation [40].

procedure, adhering to the conventional top-down method-
ology, that constructs a collection of uncondensed decision
or regression trees. During the training stage of the base
predictor, it utilizes random sub-collections of attributes,
much to the RF [42]. The ETR is less intricate than an RFR,
as stated by Geurts [41], despite the considerable dimen-
sions of the tree. Moreover, it outperforms RFR and other
tree-bagging approaches in terms of speed. The ETR and
RFR procedures fundamentally vary in two aspects. At
first, the ETR employs all potential cutting points and arbi-
trary chooses one for node division. Secondly, to mitigate
bias, it employs the entirety of the training step data for
tree training. The RF model is trained with the bootstrap
replica. The splitting procedure in the ETR technique is
regulated by two variables: 1,,;,,, which denotes the least
specimen size required to differentiate nodes, and k, repre-
senting the number of attributes arbitrarily selected at each
node. Furthermore, n,,;,, and k denote the average result,
noise intensity, and feature selection intensity, accordingly.
In the ETR framework, precision is boosted, and overfitting
is reduced by modifying these two factors. Regression uti-
lizes relative variance fall, and Eq. (1) presents the points.
The labels T; and T; denote the subsets of specimens from
T that relate to the result of the hypothetical divisions s.
|T|

IT]

var{z | T} — “TTil‘var{z | T;} — —Var{z | T]}

Score; (s, T) = var(z [ T}

@)

In 1990, Schapire established the basis for the boosting
approach, an estimation method that integrates multiple
weak learners into a single strong learner [44]. Boosting is
an ML technique that utilizes the outputs of prior model
training to assign weight to every framework’s training

data specimen for the later framework. The results of previ-
ous learning will affect future learning, and the significance
of the data will increase as one progress through the boost-
ing period. The generic tree is eliminated, so only the most
powerful tree is incorporated with every subsequent to-
talling of tree frameworks, as demonstrated through Eq.

).
n
Fu(x) = F-1(x) + argmin, 21 L (yi, Fn—1 (xi) + 1 (x3))
i=

@
F,|x) represents the universal model, F,,_1|x) denotes the
universal model achieved in the preceding round, h(x;) sig-
nifies the newly added tree, and y; indicates the forecasting
output for the ith tree. The model’s overall performance
will improve as additional repetitive computations are exe-
cuted. The primary feeble regressor is derived using train-
ing specimens, after which additional training specimens
are generated by amalgamating erroneous specimens with
untrained data. Later, the example is utilized to derive the
second feeble regressor. To obtain the third feeble regres-
sor, the erroneous example is combined with the untutored
data to produce an additional training example. The pro-
cedure is repeated continuously until the requisite value
of base learners is generated. When training a fundamen-
tal tree model, it is crucial to adjust the weight spread of
every example in the dataset. The outputs of the training
procedure will differ with each dataset, although they will
invariably be aggregated into a singular sum [45].

3.2. TRO

The Tyrannosaurus Rex Optimization Algorithm (TRO) is
a population-based metaheuristic method inspired by the
hunting behavior of Tyrannosaurus Rex. In the present
study, this algorithm was used solely to optimize the hy-
perparameters of the adaptive reinforcement regression
(ABR) and extra-random tree regression (ETR) models.
Each candidate solution represented a specific combination
of model hyperparameters within predefined ranges, and
its fitness was assessed using the average RMSLE obtained
from cross-validation on the training set. The initial popula-
tion was randomly generated in the search space and then
iteratively updated using the exploration and exploitation
mechanisms of the TRO algorithm, including simulated
search, pursuit, and escape of prey. Each new configura-
tion was accepted when it reduced the cross-validation
RMSLE value compared to the previous solution [43].

3.2.1. Stage-by-Stage Procedure of TOA

The sequential procedure is established to boost the picture
for ascertaining the best share for picture retrieval utilizing
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Procedure 1. Pseudocode of the TOA procedure [43]

Start
Set up Pr situations

Determine Fitness for every Pr

While (termination circumstance not met):
Calculate fitness F1 for every Pr
Find Pr with the lowest situations — target of T-Rex

If Rand<E then

Revise Pr location using Eq. (3)

Else

Arbitrary revise Pr situation

End if

Compute fitness F2 for Pr

If F2 > F1 then

Revise T-Rex situation, target and fitness number

Else
Target is zero
End if
End while
End

TOA. TOA facilitates the equitable distribution of the com-
munity, enhancing lifetime reliability, implementation du-
ration, and power consumption within the task-scheduling
framework.

Level 1: setting up Several Prs is generated arbitrarily
within the quest area using the community-dependent
method referred to as TOA. Let Y be the state of the Pr,
arbitrarily produced inside the quest zone defined by the
upper and lower borders specified in Eq. (3).

Y; = sand(ml, dim) x (va — pa) + pa ©)]

In this context, (ml, dim) represents the situation of the
Pr, whereas m indicates the dimension, pa signifies the
community count, dim describes the dimension of the quest
zone, and va refers to the upper limit.

Level 2: random generation ~Haphazardly generate the in-
put variables post-initialization. Optimal fithess numbers

are calculated using explicit hyperparameter situations.

Level 3: fitness function (ff) estimation ~ An arbitrary answer
is produced from the setup process. This is assessed by
parameter optimization to boost the weight variable of the

P and Y classifier as per Eq. (4).
fitness function = enhancing (P&Y) 4)

Level 4: chasing  The T-Rex pursues its Pr akin to a wolf
or a lion. The T-Rex attempts to hunt a victim in proximity.
A Pr sporadically protects itself from hunters or manages
to evade them, while chasing arbitrarily as indicated in Eq.
o if rand T:

Yoo = { Yoo rmed) < ®

Here, Ts denotes the evaluation of successfully capturing
the dispersed Pr. The Pr starts to disintegrate as the T-Rex
initiates its pursuit, tracking the Pr’s situation by the use
of Eq. (6).

Ynew = Y + rand = rs x (epos x es — target xIs)  (6)

in which location, es represents the success rate for chasing,
ranging from [0.1,1]. If the hunt didn’t work out, the Pr
managed to escape, so the success rate is zero, and because
of this, the Pr’s location is upgraded. The target shows
where the Pr is relative to the T-Rex.

Level 5: utilization to boost p andy The Pr’s current lo-
cation and its previous situation are critical factors in the
selection process. The Pr position is deleted if the T-Rex
doesn’t pursue and instead goes away or fights off the
hunters. This is evident from the FF presented in Eq. (7).

q+1 P<Yy
=

@)
target =0

P denotes the FF for the starting arbitrary Pr placement,
while Y signifies the FF for updating the Pr’s situation.

Level 6: termination ~ The weight agent for operator P and
Y of SPGAN is augmented utilizing TOA; otherwise, repeat
stage 3 iteratively til the termination criterion Y = Y +1
is met. Finally, SPGAN-TOA-LDC distinguishes between
liver illness and non-liver disease with improved preci-
sion while diminishing computational time without error.
The pseudocode of the TOA procedure is displayed in the

following section.
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4. Performance indicators

We evaluated the performance of the ABR and ETR models
using a variety of metrics. The framework’s skill to explain
the variation is displayed by the Coefficient of Determina-
tion (R?) and adjusted R%. In order to avoid overfitting,
the second one considers the number of predictors. The av-
erage forecast bias is shown via the Mean Percentage Error
(MPE). Positive values indicate that the forecast was too
high, while negative numbers indicate that it was too low.
The Symmetric Mean Absolute Percentage Error (SMAPE)
more equitably handles over- and under-predictions and
displays forecast accuracy as a percentage. The accuracy
of a model is compared to a naive forecast using the Mean
Absolute Scaled Error (MASE). A value less than one in-
dicates that the model is superior. To determine relative
differences, Mean Squared Logarithmic Error (MSLE) and
its square root, Root MSLE (RMSLE), use a logarithmic
transformation. Underestimations become more severe as
a result. Last but not least, Theil’s U Statistic (U) evaluates
a model’s predictive ability against that of a naive model.
Better predictions may be made by the model when the
value is less than 1.

2

. ot (3-8) (4 -9) ©

\/ {2}11 (gj - g)z} {2}11 (]/j - ?)2}
MPE = jﬁi (gfg_]yf> % 100 )
SMAPE = % ; ’|g]'|:|%") x 100 (10)
MASE = %E}n:l ’gj_yj‘ 11)

L1 ijzl ‘gj - gjfl‘

AR =1- (1_52:_(";_1) (12)
MSLE = "11]%1 (n (g+1) —mn (y;+ 1))2 (13)

m

RMSLE = $ % Y (n(g+1) ~mn(y, +1)>2 (14)

j=1
Faly-s)
T z;"lg,wm Ty}

The following variables are described by the previously

(15)

given formulas: With m representing the total number of

findings, g; representing the real swe, g representing the av-
erage of the actual swe, yj representing the expected value
of swe, and ¥ representing the average of the predicted
value of swe. With the exception of the intercept, c is the
number of predictors (independent variables) in the model.

0.8

0.7

RMSEL

RMSLE values

ExtraT-T 0.1429

0.1 T T

0 40 80 120 160 200
Number of iterations

Fig. 3. The reduction in RMSLE values during
optimization as objective function.

5. Results, comparison, and verification

swe is evaluated by the use of ExtraT-T and AdaB-T, which
are methodologies that integrate the ABR and ETR ap-
proaches with the TRO techniques. Fig. 4 illustrates the
actual values of swe as well as the values that were ap-
proximated using the ExtraT-T and AdaB-T methods. In-
formation gathered throughout the learning and exami-
nation stages of the project. In addition, Fig. 4 illustrates
the spread of the modeled swe/reported swe value among
the various models. The findings of the evaluations that
were conducted on the designation that were procured
throughout the learning and evaluation levels of the prod-
uct enhancement strategy are shown in Table 4. ExtraT-T
and AdaB-T, two forecasting models, were used to estimate
swe, and their success in making these predictions was
evaluated based on the metrics R%2, MPE, SMAPE, MASE,
A%{, MSLE, RMSLE, and U. All study designs were given a
score rating at each level of the assessment process, in ad-
dition to a percentage of the progress that had been made.
The overall performance of the models, as well as their pre-
cision and endurance, were evaluated by using previous
investigations from published sources, such NN, SVM, and
RF [46]. This was to enhance the accuracy of the merged
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frameworks as a whole.

According to Table 2, the hyperparameters of the two
models were optimized with the aim of minimizing the
RMSLE index. For the AdaB-T model, 109 estimators and a
decision tree with a maximum depth of 11 were selected,
and the optimal learning rate was 0.078; this combination
shows that the model has created a balance between learn-
ing speed and prevention of overfitting with a relatively
limited number of learners and a lower learning rate. In
the ExtraT-T model, 275 trees, a maximum depth of 12, at
least four samples for each node division, and the squared
error criterion were computed as the optimal configuration,
which indicates that this model needs a larger set of ran-
dom trees to reduce variance and improve the stability of
the prediction. In both models, the population size was
50, the number of iterations was 200, and the number of
independent runs was 5 so that the optimization and com-
parison situations of the models were the same. However,
the reported range for the AdaB-T learning rate, [0.1-0.1], is
not consistent with the optimal value of 0.078 and should
be corrected to the actual search range before publication.

Fig. 3 shows that the value of the RMSLE objective func-
tion in both models decreased rapidly during the initial
iterations and reached a stable state after about 40 itera-
tions; so that AdaB-T with a final value of about 0.143 had
less error and provided better performance than ExtraT-T
with a value of about 0.204.

The results of the five-part cross-validation show that
the ExtraT-T model has a lower RMSLE than AdaB-T in all
parts. The average error of ExtraT-T is 0.14295, which is
about 29.8% lower than the value of 0.2037 of the AdaB-T
models. Also, the lower standard deviation of ExtraT-T
(0.007977 vs. 0.011366) indicates its greater stability and
generalizability across different data parts (Table 3).

AdaB-T and ExtraT-T are both capable of properly pre-
dicting swe based on the data. With recorded values of
0.9908 and 0.9563, accordingly, the ExtraT-T produced ex-
cellent RZ metric scores during the learning and evaluation
stages. When compared to the other results, the AdaB-T
training and examination stages showed lower reliability,
with values of 0.9679 and 0.8991, respectively. Even though
the AIZQ index findings were comparable to the R? values,
the data showed that the ExtraT — T strategy outperformed
the AdaB — T method of R? values. This sample cannot be
used to examine the framework’s dependability. Further-
more, in addition to the performance metrics that have been
discussed, there are several error-based metrics that are cal-
culated, including as MPE, SMAPE, MASE, MSLE, RMSLE,
and U. The lower the value of these metrics, the more de-
pendable the accuracy is assumed to be. When compared

to other frameworks, the ExtraT — T model achieved the
lowest values with the greatest accuracy, as shown by a
review of the values that were collected by the metrics.
As shown by MSLE values of 0.0167 in the learning stage,
which indicated an improvement rate of -52.119%, and
0.0246 in the testing stage, which indicated an improve-
ment rate of -49.52%, the precision of the ExtraT — T learn-
ing and testing stages outperformed that of the AdaB — T
approach. With learning and testing values of 0.0349 and
0.0487, accordingly, the AdaB — T demonstrated superior
MSLE performance. During the training and evaluation
stages, the ExtraT — T model demonstrated strong func-
tional dependability with SMAPE values of 18.9835 and
21.9374. SMAPE readings of 20.8709 and 27.6081, obtained
using the AdaB — T method, were very close. Various pro-
cedures were used to examine the validity and reliabil-
ity of the frameworks. Logical analysis, percentage-based
improvement rates, and rating scores were some of the
methods. When it comes to fulfilling its primary purpose,
the ExtraT — T model performs better than the AdaB — T
model, which is similar to it.

Table 4 provides a comparison of the findings that were
acquired from the approaches that were employed in this
study with the findings that were published in the previous
body of research (NN, SVM, and RF [46]). This comparison
considers not only the accuracy performance but also the
models that were developed. For the purpose of comparing
the data, ExtraT — T was used since it was the model that
generated the most accurate conclusions for the inquiry.
The outcomes of the accuracy index show a considerable
difference, with a higher R? in the training stage leading
to significant benefits in the long run. The R? metrics for
the training phase of the ExtraT — T program is 0.9908, and
the value of each metric is decided by its corresponding
value. In all of the data, the values of 0.86 in NN, 0.83 in
SV M, and 0.78 in RF [46] were found to be close to the
previously reported values. However, when compared to
these values, the result that was obtained was superior and
more reliable.

The ratio of anticipated swe to reported swe (Fig. 4) is
used in this illustration to provide a comparison of the
predictive capabilities of AdaB-T and ExtraT — T in both
training and testing conditions. When it comes to the train-
ing category, both models show comparable performance,
with AdaB-T (1.5, 0.85) and ExtraT — T (1.6, 0.85) both ex-
hibiting the same level of fitting ability. On the other hand,
although ExtraT — T has a low spread as well as strong
accuracy and consistency (1.6, 0.84) in the test category,
AdaB-T reveals a considerable spread and poor stability,
with values of 2.1 and 0.80, respectively. The outcomes
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Table 2. The optimal configuration of developed algorithms.

Algorithm Hyperparameters [S(})e P;?th%(:ﬁarllgz] Algorithm Hyperparameters [Se P;?th;a]ol(zjirllgi]
n_estimators 109 [10-1000] n_estimators 275 [10-1000]
learning_rate 0.078 [0.1-0.1] criterion squared_error

base_estimator Decision Tree max_depth 12 [1-50]

AdaB—T max_depth 11 [1-50] ExtraT-T min_samples_split 4[1-10]

Population size 50 Population size 50
No. of iterations 200 No. of iterations 200
No. of independent runs 5 No. of independent runs 5
Table 3. The results of cross validation considering RMSLE values.
Algorithm F1 F2 F3 F4 F5 Avg. St. D.
AdaB-T 0.2223 0.2108 0.1982 0.1893 0.2001 0.2037  0.011366
ExtraT-T 0.156003 0.147933 0.13909 0.132845 0.140424 0.14295 0.007977
Table 4. Prediction Results from Different ML Models.
. Metrics value . o Metrics rank [46]
Metrics AdaB-T ExtraT-T Difference (%) — g T ExtraT-T NN SVM RE
Training section All data

R? (Best is 1.0) 0.9679 0.9908 2.364 2 1 0.86 0.83 0.87

MPE (Best is 0.0) -28.0786 -15.2840 -45.566 2 1

SMAPE (Bestis 0.0)  20.8709 18.9835 -9.0434 2 1

MASE (Best is 0.0) 0.0802 0.0591 -26.321 2 1

A_R? (Best is 1.0) 0.9666 0.9899 2.4166 2 1

MSLE (Best is 0.0) 0.0349 0.0167 -52.119 2 1

RMSLE (Best is 0.0) 0.1868 0.1292 -30.805 2 1

U (Best is 0.0) 0.0783 0.0426 -45.514 2 1

Testing section

R? (Best is 1.0) 0.8991 0.9563 6.3656 2 1

MPE (Best is 0.0) -33.2182 -22.6555 -31.798 2 1

SMAPE (Bestis 0.0)  27.6081 21.9374 -20.54 2 1

MASE (Best is 0.0) 0.1569 0.0983 -37.365 2 1

A_R? (Best is 1.0) 0.8965 0.9553 6.564 2 1

MSLE (Best is 0.0) 0.0487 0.0246 -49.52 2 1

RMSLE (Best is 0.0) 0.2206 0.1567 -28.95 2 1

U (Best is 0.0) 0.1374 0.0905 -34.114 2 1

The values for the NN, SVM, and RF models are taken from [46] and are presented only as benchmarks reported in
previous studies. Due to differences in dataset, data partitioning, and validation protocol, these values should not be
interpreted as a direct, concurrent comparison with the models in the present study.

indicate that although both models exhibit comparable per-
formance when it comes to training data, ExtraT — T is
more effective at generalizing to new data, making it the
more advantageous model overall.

The enhanced efficacy of the ExtraT-T model relative to
AdaB-T may be ascribed to the attributes of the Extra Tree
regression method and the proficiency of TRO-based hy-
perparameter optimisation. ExtraT-T produces numerous
stochastic decision trees and diminishes model variance
via ensemble averaging, thereby enhancing its ability to
elucidate the intricate nonlinear associations among irradia-

tion conditions, alloy composition, and swelling behaviour.
Conversely, while AdaBoost enhances weak learners in an
iterative manner, it exhibits heightened sensitivity to noise
and outliers, thus diminishing its generalisation capacity
for experimental irradiation datasets. The forecast out-
comes suggest that swelling is regulated by the interplay
of several factors instead than only by individual variables.
Irradiation dosage affects the formation of defects, whereas
temperature and cold working alter defect mobility, recom-
bination, and void development. Consequently, ExtraT-T’s
capacity to simulate nonlinear interactions enhances its
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predictive precision.

From an engineering standpoint, the suggested ExtraT-T
model serves as an expedited assessment instrument for
determining the swelling resistance of austenitic steels. It
has the potential to diminish reliance on costly irradiation
tests, facilitate material selection, and aid in the creation of
radiation-resistant nuclear structural materials. Nonethe-
less, empirical verification is essential prior to utilizing the

model for conclusive design choices.

To interpret the model output and determine the con-
tribution of each input variable to inflation prediction, the
Shapley incremental value method (SHAP) was used; this
method, based on game theory, calculates the contribution
of each feature in increasing or decreasing the predicted
value [35]. SHAP analysis was conducted to enhance the
interpretability of the ExtraT-T model and ascertain the in-
fluence of each input variable on swelling prediction. The
SHAP summary plot indicates that the irradiation dose is
the predominant factor, succeeded by cold work (CW) and
temperature. The beneficial effect of dosage aligns with ra-

-4.652

diation damage processes, as heightened neutron exposure
leads to greater displacement damage, vacancy buildup,
and void expansion, culminating in increased swelling.
The SHAP dependence plots demonstrate nonlinear asso-
ciations between critical variables and swelling behavior.
CW demonstrates a multifaceted influence as cold defor-
mation generates dislocations that may function as defect
sinks, mitigating swelling to some extent, whereas exces-
sive CW could elevate defect density and hasten swelling.
Temperature influences swelling by regulating defect mo-
bility, recombination, and the processes of void evolution.
Among the alloying constituents, Cr and Ni demonstrate
moderate influences owing to their impact on phase sta-
bility and radiation-induced segregation, while Mo and Si
present comparatively lower SHAP values in the analyzed
dataset. These results do not indicate insignificant physical
impacts but reflect lesser influences under the observed
conditions.

The values for the NN, SVM, and RF models are taken
from [46] and are presented only as benchmarks reported
in previous studies. Due to differences in dataset, data
partitioning, and validation protocol, these values should
not be interpreted as a direct, concurrent comparison with
the models in the present study.

6. Conclusions

This investigation reveals the practicality of anticipating
radiation-induced swelling (swe) in neutron-irradiated
austenitic steels via optimized machine learning frame-
works. A dataset comprising 444 experimental samples
derived from published studies was employed to formu-
late and evaluate Adaptive Boosting Regression (ABR) and
Extra Tree Regression (ETR) models refined by the Tyran-
nosaurus Rex Optimisation (TRO) algorithm. The findings
indicate that the enhanced ExtraT-T model delivers better
predictive accuracy than AdaB-T, attaining R? values of
0.9908 for the training set and 0.9563 for the testing set. The
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enhanced performance is ascribed to ExtraT-T’s capabil-
ity to capture nonlinear interactions between irradiation
circumstances, material composition, and microstructural
elements. SHAP analysis reveals that irradiation dosage
and cold work are the primary determinants influencing
swelling behaviour, whereas alloying elements like Mo and
Si contribute to a lesser extent within the examined dataset.
The established model offers an effective method for as-
sessing swelling behaviour while minimizing reliance on
expensive irradiation experiments. Nonetheless, the fore-
casts are constrained to the material compositions, irradia-
tion doses, and temperatures encompassed in the existing
dataset. Caution is advised when extrapolating beyond
this applicability domain, and further experimental data
are necessary to diminish uncertainty and enhance model
reliability. Subsequent research ought to emphasize the
augmentation of the database through high-dose irradia-
tion studies, the inclusion of supplementary microstruc-
tural characteristics, and the execution of independent ex-
perimental validation. These initiatives will augment the
dependability of machine learning-facilitated forecasting
for the formulation and evaluation of radiation-resistant
nuclear structural materials.
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