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INVESTIGATION OF THE COMPOSITION-
PHASE-TRANSFORMATION TEMPERATURE
RELATIONSHIP IN THE NiTi-BASED

ALLOYS USING MACHINE LEARNING

Accurate prediction of phase-transformation temperatures is crucial for the design
and optimisation of NiTi-based shape-memory alloys, as these temperatures determine
their functional performance and operating ranges. However, the relationship between
alloy composition and phase-transformation behaviour is quite complex and nonlin-
ear, making reliable prediction difficult, using conventional modelling approaches.
Therefore, in this study, machine-learning methods are applied to predict the austen-
ite final transformation temperature based on alloy composition. The dataset consists
of experimentally measured NiTi-based alloys characterised by elemental atomic per-
centages and corresponding transformation temperatures. Before modelling, data pre-
processing and feature standardisation are performed to ensure reliable model train-
ing and evaluation. Various regression methods, including ridge regression, support
vector regression, Gaussian process regression, and k-nearest neighbours regression
model, are applied and systematically compared. The results reveal that nonlinear ma-
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chine-learning methods outperform significantly linear regression in capturing com-
plex compositional dependences governing transformation temperatures. Specifically,
nonparametric and probabilistic models demonstrate superior ability in modelling non-
linear relationships and experimental variability. The findings confirm that machine
learning provides an effective and reliable framework for predicting transformation
temperatures based solely on compositional parameters. The developed approach offers
a valuable tool for accelerating data-driven design and optimisation of advanced shape-
memory alloys, while reducing experimental effort and development time.

Keywords: shape-memory alloys, phase transformation, prediction model, machine
learning, Python.

1. Infroduction

Due to their behaviour governed by phase-transformation mechanisms,
shape-memory alloys (SMAs) possess a range of unique functional proper-
ties [1]. It is precisely these characteristics that have attracted significant
scientific and technological interest. In recent years, researchers have ap-
plied appropriate machine learning (ML) algorithms based on available
experimental data and large databases and have proposed various compu-
tational models to predict the phase transformation temperatures of shape-
memory alloys [2—6].

The predictive design of alloys within the process—structure—proper-
ty—performance (PSPP) paradigm remains a highly complex and time-in-
tensive task due to the multidimensional nature of alloy design and the
governing physical mechanisms spanning atomic to macroscopic length
scales 101°-10° m and time scales from atomic vibrations to long-term
degradation phenomena 10'4-107 s [1]. Major international initiatives,
including Integrated Computational Materials Engineering (ICME) [2, 3]
and the Materials Genome Initiative (MGI) [4], have demonstrated that
combining physics-based simulations with data-driven methods can sig-
nificantly accelerate the discovery and optimisation of advanced alloys.
Particularly, machine learning (ML) techniques have proven effective in
modelling PSPP relationships [5, 6], while also substantially reducing the
number of costly experiments and simulations required for alloy develop-
ment [7-9].

A key factor influencing ML performance in materials informatics is
the formulation of effective descriptors through feature engineering.
Many studies have focused on developing chemically and physically mea-
ningful descriptors derived from high-throughput computational databa-
ses, such as AFLOW [10], OQMD [11], and Materials Project [12], which
are often generated using density functional theory (DFT). These descrip-
tor-driven approaches have enabled accurate prediction of diverse material
properties, including glass-forming ability [13], band gap energies [14],
formation enthalpies [15], crystal properties [16], superconducting critical
temperatures [17, 18], and structural and electronic properties of Heusler
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compounds and perovskites [19—-21]. More recently, advanced thermody-
namic descriptors incorporating entropy and enthalpy contributions, such
as entropy density of states, have facilitated accelerated discovery of ult-
ra-high-temperature ceramic materials [22]. Additionally, CALPHAD-
based thermodynamic calculations have provided an efficient means to
generate supplementary data for ML model development.

Despite these advances, most existing data-driven frameworks rely on
large, well-structured datasets generated through computational methods,
where data acquisition is relatively inexpensive. In contrast, experimental
datasets are often limited in size and consistency due to variations in ex-
perimental methods, processing conditions, and data reporting standards. As
a result, experimental databases typically contain only a limited number of
observations for a given alloy system, often requiring decades of research to
accumulate sufficient process—property data [23, 24]. This scarcity of ex-
perimental data presents a significant challenge for training robust ML mod-
els capable of accurately capturing complex nonlinear PSPP relationships.

Recent progress in alloy design has emphasised the importance of phy-
sics-informed feature engineering. Martin et al. [25] developed physically
based quantitative metrics derived from crystallographic compatibility
principles to identify phase combinations capable of minimising cracking
during additive manufacturing. Their ML-assisted framework enabled
rapid screening of thousands of crystallographic records and millions of
potential phase combinations, significantly accelerating materials disco-
very. However, while ML efficiently automated the exploration of struc-
tural relationships, the subsequent optimisation of processing conditions
and performance characteristics still required conventional materials en-
gineering approaches. This highlights the need for more comprehensive
ML frameworks capable of simultaneously integrating process, structure,
and property relationships for accelerated alloy design.

Shape-memory alloys (SMAs) are a class of functional materials that
exhibit unique thermomechanical properties, including the ability to re-
cover their original shape after deformation and to display super-elastic
behaviour under appropriate conditions [1, 26]. Owing to these remarkable
characteristics, SMAs have found widespread applications in various engi-
neering fields, including sensors, actuators, environmentally friendly re-
frigeration systems, and energy conversion technologies [27—29]. The
functional performance of these materials is governed by reversible chan-
ges in their internal crystal structure, which occur within specific tem-
perature intervals [30, 30]. As a result, the characteristic transformation
temperatures define the operational temperature range and play a decisive
role in determining the suitability of SMAs for practical applications [32—
34]. In particular, the completion of the reverse phase transformation is
essential for ensuring full shape recovery and achieving the desired func-
tional response [35—37].
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Among shape-memory alloys (SMAs), NiTi-based nitinol is one of the
most extensively studied materials [36]. Nitinol is an intermetallic com-
pound of the nickel-titanium system with a near-equiatomic composition
(=50 at.% Ni—50 at.% Ti) and is distinguished by its unique thermome-
chanical properties [35—88]. The functional behaviours observed in these
materials, such as the shape-memory effect and superelasticity, are associ-
ated with solid-state phase transformations that occur during mechanical
deformation and/or thermal cycling [38, 39].

When mechanical loading is applied to NiTi in the martensitic phase,
the crystal structure consisting of twinned martensite transforms into a
detwinned martensite configuration [36-38]. This transformation is gover-
ned by a diffusionless martensitic mechanism [39]. Subsequently, when
the temperature of the material rises above the transformation tempera-
tures, the crystal structure changes from martensite (B19' monoclinic
structure) to austenite (B2 b.c.c. structure), allowing the material to re-
cover its pre-deformed shape [40, 41]. Upon subsequent cooling, the auste-
nitic phase transforms back into twinned martensite, enabling the repeated
manifestation of the shape-memory effect [41].

The transformation temperatures of NiTi-based alloys are highly sen-
sitive to even small variations in chemical composition [33, 42]. In par-
ticular, an increase in titanium content leads to higher transformation
temperatures, allowing the functional response of the material to be ad-
justed within a temperature range suitable for specific applications [43].
Conversely, increasing the nickel content lowers the transformation tem-
peratures. Under such conditions, the material remains predominantly in
the austenitic phase at room temperature, enabling the effective utilisa-
tion of the super-elastic (pseudo-elastic) behaviour of NiTi alloys [39—42].
This property is particularly important for applications such as biomedical
implants, orthopaedic devices, and minimally invasive medical instru-
ments [31, 36, 43].

One of the most widely used approaches for optimising the functional
properties of NiTi-based shape-memory alloys is modification of the alloy
composition [44]. Numerous studies have investigated the influence of
adding ternary alloying elements to the base Ti, Ni., system. These studies
have demonstrated that the addition of such elements can significantly
alter transformation temperatures while also improving the functional
stability, thermomechanical behaviour, and cyclic durability of the mate-
rial [34—45].

Liu et al. [46] developed a physics-informed machine-learning frame-
work to predict transformation temperatures and hysteresis in NiTi and
NiTiHf shape-memory alloys using a dataset combining literature and ex-
perimental records with detailed heat-treatment parameters. The study
evaluated several regression models, including support vector Regression,
random forest, and Gaussian process regression. Results showed that
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physically informed feature engineering significantly improved prediction
accuracy compared to using raw processing variables alone. Gaussian pro-
cess regression demonstrated the best performance and provided uncer-
tainty quantification, making it particularly suitable for reliable materials
design and extrapolation.

Xue et al. [47] proposed a materials-informatics framework to predict
martensitic transformation temperatures in NiTi-based alloys using a
small, carefully controlled experimental dataset. The study identified
three key physically meaningful descriptors-electronegativity, wvalence
electron concentration, and atomic radius-related parameters as dominant
predictors. Several regression methods were evaluated, with polynomial
regression offering an optimal balance between accuracy and interpretabi-
lity. The resulting surrogate model was integrated into an adaptive design
loop to efficiently guide the discovery of new alloy compositions with tar-
geted transformation properties.

Abedi et al. [48] developed a neural network model to predict multiple
transformation temperatures (M., M,;, A,, A;) in NiTiHf alloys using com-
bined composition and processing parameters. A curated dataset of 173
samples and twenty influential input features was used to train the model.
The neural network achieved high predictive accuracy with an overall R?
of approximately 0.92, demonstrating strong capability within the studied
domain. The results confirmed the effectiveness of neural networks as a
practical tool for accelerating alloy design and reducing experimental trial-
and-error.

From a practical and engineering standpoint, the ability to predict ac-
curately transformation temperatures based on alloy composition is essen-
tial for accelerating the development of advanced shape-memory alloys. In
recent years, data-driven approaches and statistical learning methods have
emerged as powerful tools for exploring complex compositional spaces and
predicting material properties with high efficiency [49—-52]. These materi-
als informatics techniques have been successfully applied to a wide range
of problems, including prediction of molecular properties, phase stability,
structural classification, dielectric and piezoelectric properties, and elec-
tronic characteristics such as band gaps. Such approaches provide an ef-
fective framework for identifying compositional trends and enabling the
rational design of shape-memory alloys with tailored transformation be-
haviour [53—55].

2. Data Selection and Modelling
2.1. Dataset Description

This dataset comprises 146 NiTi-based shape-memory alloy (SMA) compo-
sitions along with their experimentally measured phase transformation
temperatures expressed in Kelvin [56—81] (Table 1). Each row represents
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Table 1. Chemical composition and phase transformation
temperatures of NiTi-based shape-memory alloys [56—81]

Alloys M,;, K M, K A, K A, K Ref.
Ni, Ti,q ,CT, 311.9 311.9 375.7 348.8
N, Ti o 5Clo ps 276.5 302.6 348.9 323.6
Ni;, T, sCry 5 263.5 291.9 328.5 302.2
Ni,Ti 10 55CT 65 260.1 284.4 316.3 296.1
Ni; T, ,CT0 5 243.6 267.5 297.4 274.8
Ni, Ti,Cr, 214.8 237.3 268.3 252.1
Ni, Ti g 7sCT; 05 176.8 199.4 236.5 217.1 [56]
Nis, 6T 47 00CT0 20 235 257 254 280
Ni,,Ti,q ,CTy 323.8 323.8 323.8 323.8
Ni Ti g -CTy 55 295.7 334.8 369.4 342.4
Ni, Ti,,V, 284.1 318 347.7 327.3
Ni, Ti,V, 285.3 309 339.9 315.5
Ni, Ti,,V, 270.7 292.5 317.5 300.3
Ni, Ti,.V, 269 283.2 297 285.6
Ni,Ti,,V, 261.1 279.1 294.5 281.8
Niz 25 Tiso Vo 2 — 283 — 288
Niy, ,Ti oV, 5 — 278 — 281
Ni, Ti,V, — 293 — 300
Ni50.875Ti48.875V0.25 - 2176 - 281
Ni.) 7 Tis 7sVos — 277 — 280
Ni,, Ti, .V, — 276 — 279 571
N, Tiyg 15V 0 — 273 — 278
Ni g 75 Tis0.875Vo.25 - 329 - 336
Niyg 75 Tis 7V 5 - 330 - 335
Ni,g 5 Tie sV, — 323 — 328
Nig 75 Tigs 75V s - 303 - 308
Ni,Ti gV, — 294 — 299
Nig 75T150.75V 0.5 - 336 — 341
N, Tio Vo 5 — 308 — 343
Ni;0 5 Tisg.25Vo 5 - 288 - 293
Ni,g 5,5 ,HF, 317.2 355.6 394.7 358.3
Ni,o 5T, ,HF, 325.5 358.8 406.8 368.5
Ni,, o Ti,, HE, 329 363.9 421.4 381.3
Ni,g 5T, Hf, 355.9 384.1 448.3 418.1
Ni g o Ti,o HF 377.7 401.1 464.8 438.4 [56]
Ni,q  Tizo ,HF,, 389.8 414.9 475.9 449
Ni g o Tiys osHEL, 65 380 460 435 510
ISSN 1608-1021. Usp. Fiz. Met., 2026, Vol. 27, No. 2 283
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Continuation of the Table 1

Alloys M,, K M, K A, K A, K Ref.
Ni, 5 Tiys HE, 451 480 530.9 512
Ni,g s Ti;0 ,HE, 546.4 573.1 610.6 595.8
Ni i, HE 468 499 505 536 [58]
Ni, Ti Hf 421 452 489 504 [59]
Ni,, Ti;eHE 380 405 430 450
Ni,, Ti; Hf 430 450 480 500 [60]
Ni,, Tiy Hf,, 495 520 564 585
Ni,,Ti,,Pd, 307.7 328.5 355.2 335.2
Ni,,Ti, Pd, 302.3 323.3 347.1 331.3
Ni,, Ti, Pd, 322.3 329.4 341.3 331.2
Ni, Ti;Pd,, 318.2 335.7 347.6 334.7
Ni,, Ti,,Pd,, 332.1 348.5 365.3 352.8 [56]
Ni,, Ti, Pd, 351.3 364.9 377.5 367.2
Ni,,;Ti, Pd,, 365.9 383.2 397.3 385.6
Ni,,Ti,,Pd,, 406.4 424.5 440.3 426.6
Ni,, Ti,,Pdy, 515.3 533.8 546.8 534.9
Ni,, ,Tis ;Pd, 338 346 348 356
Ni,g ;Tiyo ;Pdy, 396 405 406 416
Ni,, ,Ti,, ;Pd,; 451 463 466 470 [61]
Ni,, ,Ti,, ,Pd,; 454 465 468 474 [62]
Ni, ;Ti;, ,Pdy, 506 522 523 532 [61]
Ni,,Ti,,Pd,, 481 513 509 546
Ni Ti;,Pd,, 628 664 674 726 [63]
Ni,Ti,,Pd,, 648 720 725 789
Ni, ,Ti,, Pd, 742 758 782 786 [61]
Nig ;Ti,g 521, 322.3 353.2 388.9 358.3
Ni,y Ti,; 215 313.2 345.9 395.8 355.6
Nig 5Ty 215 304.2 338.7 401.6 352.4 [53]
Ni,,Ti,,Zrg 196 197 240 312
Ni 5 Ti,40 52750 344.6 372.4 428.2 401.8
Ni,g  Tiy, 21, 435.2 464 505.9 483.4
Nig 7 Tls5.01ZT 1521 410 490 470 550 [64]
Ni,g ;Tig 521y, 535.7 560.4 606.4 584.7 [56]
Ni, Tig, 21, 372 401 412 432 [55]
Ni Ti,,Zr, — — 354 373 [65]
Ni, TizeZr;, — — 369 415 [66]
Ni, Ti;pZr g — — 394 445
Ni, TiyeZr,, — — 593 688 [65]
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Continuation of the Table 1

Alloys M, K M, K A, K A, K Ref.
Ni,, ,Ti, Pt,; 452 479 475 495
Nij, TisoPty 0 460 486 477 499 [67]
Nig, Ti Pty 480 492 495 504
Ni,g . Ti,q Pty 548.3 597.6 626.2 585.5 [56]
Ni,, Ti Pty 565 504 549 609
Ni,, Ti,,Pt,, 548 491 537 588 [58]
Ni,,Ti, Pty 574 539 592 624
Niy Tz, Pty 597 634 646 695 [63]
Ni,, ,Ti,, sCu, 223 273 263 303 [54]
Ni,,Ti,,Cu, 307.1 327.7 355.4 337
Ni,, ,Ti,, Cu, 313.6 333.4 358.8 342.4
Ni,,Ti,,Cu, 311.3 333 360.4 341.1
Ni,, ,Ti, ,Cu, 312.6 333.5 356.5 337.4
Ni,, ,Ti,, Cu, 309.2 332.8 358.1 337.4
Ni,, (Ti;, ,Cus, 316.3 338.4 360.7 341.1
Ni,, 75Tis0 :CU; 324.3 341.8 362.9 346.2
Ni,, Ti,,Cu, 316.7 344.7 367.7 339.6
Ni,, ,Ti,, Cu, 301.7 326.6 350.7 328.3
Ni,, ,Ti,, ,Cu, 299.3 318.4 339.6 320.7 [56]
Ni,, ,Ti,, ,Cu, 284.4 303.8 329.8 313
Ni,, ,Ti,, ,Cu, 270.6 288.8 311.5 294.6
Ni 4 o Ti,0,,CU 257.3 271.5 288.6 278.3
Ni  Ti,s ,CU, 241.5 261.9 285.3 266.1
Ni g ,Ti,5 sCU 234.1 250.9 272.3 259.7
Ni,,  Ti,,Cu, 224.4 240.3 259.2 244
Ni,, ,Ti,,Cu, 317.9 344.6 380.2 354.2
Ni,, Ti,Cu,, 319.7 337 356.9 342.7
Ni, Ti,,Cu,, 280.6 302.8 307.5 323 [69]
Ni,, ,Ti,s Cuy, 293.9 314.4 325.7 339.6
Ni,, Ti,,Cu, 287.4 310.5 325.7 333
Ni, Ti,,Cu,, 295 309 311 330 [70]
Ni,, ,Ti,,Cu,, 179 292 192 300
Ni,,Ti,Nb, 170 280 180 286
Ni,, ,Ti,; ;Nb, 173 233 265 290 [71]
Ni,, 4Ti,, ,Nb, 117 195 220 265
Ni, Ti,,Nb, 98 167 197 242
Ni, Ti,Nb, 88 117 186 221
Ni,q ¢Ti,; oNb, 279 289 311 338
ISSN 1608-1021. Usp. Fiz. Met., 2026, Vol. 27, No. 2 285
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The End of the Table 1

Alloys M, K M, K A, K A, K Ref.
Ni,g g Ti,; ,Nby 178 196 225 262 [72]
Ni, Ti,,Nb, 133 173 208 255
Ni ¢ Tiys ;Nb, 5 183 200 248 262 [66]
Ni,,Ti, Nb, 265 285 310 325
Ni,Ti,,Nb, — 323 348 373 [73]
Nig, T, sCe, — 230 262 300
Nig, 45Ti49.05Ceg 5 207 226.5 235 249
Ni,, ,Ti,g sCe, 291 298.5 321 344 [74]
Ni ,Tiq Ce, 301 321 339 364.5
Ni Ti g ,Ce; 331 338 364 373
Ni,, . Ti,, DY, 341 350 374 387
Niy, ,Ti,5 5DV, 226 207 235 249 [75]
Ni,; ,Ti,, ;Dy;, 313 290 315 347
Ni,, . Ti,, ;La, 337 320 367 374
Niy, ,Ti,5 5L, 207 226 235 249 [76]
Ni, Ti, Y, 272 288 313 316
Ni,,Ti,.Y, 325 273 333 373 [77]
Niy,Ti,o Yo 335 297 351 378
Ni,, ¢Ti, Fe,, 300 288 319 330
Ni,,Ti, Fe, 168 213 265 223 [78]
Ni,q oTisoFe; , 113 173 203 168
Ni, Ti,.Sc, 77 133 113 163
N, T 005€0 01 293 331 333 373
Ni,, Ti,Sc, 353 393 393 398 [77]
Ni,,Ti,;Sc; 264 293 313 340
Ni,, Ti,g 5S¢, 5 77 133 153 183
Ni,,Ti,,Si, 163 263 258 280
Ni,Ti;;Si; 316 348 345 371 [79]
Ni,,Ti,,Si, 320 355 348 387
Ni,, Ti, Ta, 314 331 363 379 [80]
Ni, Ti,Ta; 314 328 350 373
Ni,,Ti,;Ta; 304 317 349 372 [81]

an individual alloy identified by an ‘Alloy’ label, while the dataset con-
tains 146 columns in total, including 16 features corresponding to the
atomic percentages (at.%) of the constituent elements-Ni, Ti, and possible
alloying additions such as Cr, V, Hf, Pd, Zr, Pt, Cu, Nb, Ce, Dy, La, Y, Fe,
Sc, Si, and Ta, with non-present elements recorded as zero and four output
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variables describing the characteristic transformation temperatures (mar-
tensite start transformation temperature, M, martensite finish transfor-
mation temperature, M,;, austenite start transformation temperature, A,
and austenite finish transformation temperature, A;) that capture both
forward martensitic and reverse austenitic transformations. The alloys
cover multiple compositional families with distinct metallurgical trends,
including temperature-depressing systems (NiTi—Cr/V), high-tempera-
ture-enhancing systems (NiTi-Hf/Pd/Zr/Pt), and various modifications
based on Cu, Nb, rare-earth elements, Fe, Sc, Si, and Ta, thereby enabling
comparative analysis across chemically different dopant classes. Some en-
tries contain missing temperature values, and numerical formatting may
use decimal commas, requiring appropriate pre-processing such as type
conversion, normalisation, and missing-data handling prior to modelling.
Overall, the dataset is well suited for supervised regression, sensitivity
analysis, and feature-importance studies aimed at quantifying the influ-
ence of compositional variations on phase transformation behaviour in
NiTi-based SMAs.

2.2, Software Supply

The computational work was carried out using Python 3.14, with all analy-
ses implemented in the Jupyter Notebook environment (an interactive,
browser-based platform built on Python). Jupyter Notebook was selected
to facilitate rapid and transparent development of the data-processing and
modelling workflow, enabling step-by-step execution of code, immediate
visualisation of intermediate results, and straightforward documentation
of procedures alongside the computations [82, 83]. This setup supports ef-
ficient exploratory analysis and reproducible research practices, when
working with the presented dataset.

2.3. Data Pre-Processing

The dataset was divided into input features (X) and target output (y). The
input matrix consisted of the first 17 columns representing the atomic
percentages (at.%) of alloying elements, which describe the chemical com-
position of each NiTi-based shape-memory alloy. The austenite finish tem-
perature (A;) was selected as the regression target, as this parameter plays
a critical role in determining the functional behaviour and activation tem-
perature of the shape-memory effect. From an application perspective, A;
directly defines the temperature, at which the alloy fully recovers its orig-
inal shape, making it the most relevant design parameter for engineering
purposes. Consequently, predicting A, from composition enables efficient
data-driven optimisation and design of new shape-memory alloys.

To evaluate the predictive capability of the developed models, the
dataset was randomly divided into training and testing subsets. Specifically,
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Correlation heatmap
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Fig. 1. Correlation relationship between features

80% of the data were allocated to the training set (X train, y train) for
model fitting, while the remaining 20% constituted the testing set (X _
test, y_test) for independent performance evaluation. This split ratio is
commonly adopted in machine learning studies as it provides a balanced
trade-off between sufficient data for model learning and reliable valida-
tion on unseen samples. Such separation allows assessment of both train-
ing accuracy and generalisation performance, thereby reducing the risk of
overfitting and ensuring that the model predictions remain robust for new
alloy compositions.

Before model training, feature standardisation was performed using
the Standard Scaler method. The scaler parameters (mean and standard
deviation) were computed exclusively on the training set to prevent data
leakage. Subsequently, both training and test sets were transformed using
the same scaling parameters. This procedure ensures realistic model evalu-
ation and avoids artificially inflated performance.

288 ISSN 1608-1021. Prog. Phys. Met., 2026, Vol. 27, No. 2



Investigation of the Composition—Phase-Transformation Temperature Relationship

The correlation matrix (Fig. 1) reveals several meaningful trends be-
tween alloy composition and transformation temperatures. Among the
compositional variables, Ni exhibits a strong negative correlation with all
transformation temperatures (r = —0.61 to —0.69), indicating that increas-
ing Ni content depresses the martensitic and austenitic transformation
temperatures. In contrast, Pd shows a pronounced positive correlation (r =
0.49-0.55), confirming its well-known role as a high-temperature stabilis-
ing element. Moderate positive correlations are observed for Hf, Pt, and
Zr (r = 0.15-0.45), suggesting a secondary contribution to temperature
elevation. Most of the remaining alloying elements demonstrate weak or
near-zero linear correlations (|r| < 0.1), implying limited pair-wise linear
influence. Additionally, a strong inverse correlation between Ni and Pd
(r = —0.86) indicates compositional interdependence and potential multi-
collinearity. Finally, the transformation temperatures themselves are
highly correlated with each other (r > 0.96), reflecting their common ther-
modynamic origin.

However, it should be emphasised that correlation analysis reflects
only linear pair-wise relationships and therefore cannot fully capture the
complex, nonlinear, and interaction-driven effects that govern multicom-
ponent NiTi-based shape-memory alloys. In practice, transformation tem-
peratures are often influenced by synergistic contributions of multiple ele-
ments and higher-order interactions that are not detectable through sim-
ple correlation coefficients. Consequently, eliminating features solely
based on low correlation values may lead to the loss of potentially inform-
ative variables. For this reason, all sixteen compositional parameters were
retained as input features in the subsequent modelling stage to ensure
that both linear and nonlinear dependences are preserved and to maximise
the predictive capability of the machine learning models.

2.4. Model Evaluation Metrics

To evaluate quantitatively the predictive performance of the developed
regression model, two widely used statistical metrics were employed: root
mean square error (RMSE) and the coefficient of determination (R?)
[84, 85].

The RMSE measures the average magnitude of prediction errors and is
defined as [84]

RMSE =3 (y,-4) (1)

where y, represents the experimentally measured value, y, represents the
predicted value obtained from the model, and n is the total number of
samples. RMSE provides an estimate of the standard deviation of predic-
tion errors and is expressed in the same units as the target variable. Lower
RMSE values indicate higher prediction accuracy [84, 85].
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The coefficient of determination R? evaluates how well the model ex-
plains the variance in the target variable and is defined as [84]

R =1-Y" (,-5) /3" (v-5) =

where y, is the mean of the observed values. The R? metric ranges from 0
to 1, where values closer to 1 indicate better predictive performance and
stronger agreement between predicted and experimental values. Both
RMSE and R? were calculated for the training and test datasets to evaluate
model accuracy and generalisation capability [84].

3. Results and Discussions

To establish a baseline reference, ridge regression was first implemented
as a regularised linear regression model [85, 86]. This method provides a
stable and interpretable framework for modelling the relationship between
alloy composition and transformation temperature by introducing a regu-
larisation term that reduces coefficient instability and improves numeri-
cal robustness [84]. However, due to its linear formulation, ridge regres-
sion has limited capability to capture complex nonlinear interactions be-
tween alloying elements (as it is in realistic systems with long-range in-
teratomic interactions, which include contributions in all co-ordination
shells [87-96]) and the A, transformation temperature. To ensure reliable
and reproducible model performance, hyperparameter optimisation was
performed using GridSearchCV combined with 5-fold cross-validation
(shuffle = True, random_state = 42). The ridge regression model applies
L2 regularisation controlled by the regularisation parameter o, which de-
termines the strength of coefficient penalisation and directly affects mod-
el bias—variance balance. The hyperparameter a was systematically opti-
mised over a logarithmically spaced range o 1[0.001, 100], ensuring objec-
tive and comprehensive exploration of model configurations. The optimal
hyperparameter value was selected based on cross-validation error minimi-
sation using mean squared error as the optimisation criterion. The final
model was then used to generate predictions for both training and test
datasets, and performance was evaluated using RMSE and R?, ensuring
robust model selection, reliable prediction accuracy, and full reproducibil-
ity of the regression procedure. As a result, the model demonstrated the
lowest predictive accuracy among the considered approaches shown in.
Specifically, the model achieved an RMSE of 40.8501 K and an R? value of
0.8734 on the training set (Fig. 2, a), while on the test set it achieved an
RMSE of 37.9149 K and an R? value of 0.8970 (Fig. 2, b). Although these
results indicate that the model was able to capture the general trend in the
data, the relatively high prediction error suggests that linear regression is
insufficient for accurately modelling the underlying physical relationships
governing transformation temperature [4, 73].

290 ISSN 1608-1021. Prog. Phys. Met., 2026, Vol. 27, No. 2



Investigation of the Composition—Phase-Transformation Temperature Relationship

Train set Test set

800 800

700 700 F

600
M. 600
&
= 500
kS 500
"§ 400
M 400 |

300

200 300 +

1 1 1 1 1 1 1 1 1 1 1
200 300 400 500 600 700 800 300 400 500 600 700 800
a Experimental T, K b

Fig. 2. Model evaluation results of ridge method

To overcome the limitations of linear modelling, the support vector
regression (SVR) model with a nonlinear kernel was implemented [97].
Unlike linear regression, SVR is capable of modelling nonlinear relation-
ships by transforming the input space into a higher-dimensional feature
space, allowing more flexible approximation of complex dependences [54,
55]. To ensure robust and reproducible predictive performance, hyperpa-
rameter optimisation was conducted using GridSearchCV in combination
with 5-fold cross-validation (shuffle = True, random_state = 42). Before
model training, all input features were standardised using StandardScaler
to achieve zero mean and unit variance, which is essential for the stable
and reliable performance of kernel-based methods such as SVR. Data pre-
processing and regression modelling were integrated within a unified
Pipeline framework to ensure consistent transformation during training,
validation, and testing, while preventing data leakage [4]. The SVR hyper-
parameters were systematically tuned over predefined ranges, including
the regularisation parameter C € {1, 10, 50, 100, 500}, kernel coefficient
vy € {scale, 0.001, 0.01, 0.05, 0.1}, and epsilon parameter ¢ < {0.05, 0.1,
0.2, 0.3}. The optimal hyperparameter combination was selected based on
cross-validation error minimisation, and the final model performance was
assessed using RMSE and R? on both training and test datasets, ensuring
reliable model selection, improved predictive accuracy, and full reproduc-
ibility of the optimisation process. The SVR model demonstrated a signifi-
cant improvement in predictive accuracy compared to ridge regression. On
the training set, the model achieved an RMSE of 28.7488 K and an R?
value of 0.9373 (Fig. 3, a), while on the test set, it achieved an RMSE of
34.2882 K and an R? value of 0.9157 (Fig. 3, b). These results indicate
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Fig. 3. Model evaluation results of SVR (RBF) method

that the nonlinear structure of SVR allows it to capture better the rela-
tionship between alloy composition and transformation temperature, lead-
ing to improved predictive performance and generalisation capability.

To improve further prediction accuracy, Gaussian process regression
(GPR) was implemented [98]. This method provides a highly flexible prob-
abilistic framework that can model complex nonlinear relationships while
explicitly accounting for uncertainty and noise present in experimental
data [62]. Unlike deterministic regression methods, GPR defines a distri-
bution over possible functions, allowing it to adapt effectively to intricate
patterns in the dataset. For this probabilistic framework, model configu-
ration was determined using the same systematic optimization strategy
employed in the previous regression models, namely GridSearchCV com-
bined with 5-fold cross-validation (shuffle = True, random_state = 42),
thereby ensuring methodological consistency, objective model selection,
and full reproducibility across all considered approaches. Unlike ridge re-
gression and SVR, where optimisation primarily involves tuning regulari-
sation-related parameters, the performance of GPR is fundamentally gov-
erned by the choice of covariance kernel, which defines the smoothness,
flexibility, and noise characteristics of the regression function. Candidate
kernels included ConstantxRBF + WhiteKernel and ConstantxMatern +
+ WhiteKernel formulations, allowing the model to represent different
functional behaviours and levels of stochastic variability. The kernel hy-
perparameters were explored over predefined ranges, including length
scale [ €[0.3, 3.0], noise level o € [10%, 107!], and Matern smoothness pa-
rameter v € {0.5, 1.5, 2.5}. The inclusion of WhiteKernel enables explicit
modelling of observational noise, which is particularly important when
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Fig. 4. Model evaluation results of GPR method

working with experimentally measured transformation temperatures. The
optimal kernel structure was selected based on cross-validation error min-
imisation, and the final model was evaluated using RMSE and coefficient
of determination R?, ensuring reliable probabilistic prediction, improved
generalisation performance, and full reproducibility of the modelling pro-
cedure. The GPR model demonstrated superior predictive performance
compared to both ridge regression and SVR. The training set results
showed an RMSE of 26.0444 K and an R? value of 0.9485 (Fig. 4, a), while
the test set results showed an RMSE of 29.2709 K and an R? value of
0.9386 (Fig. 4, b). These results indicate that GPR provides more accurate
and robust predictions by effectively capturing nonlinear dependences and
accommodating experimental variability.

Finally, the k-nearest neighbours (KNN) regression model was imple-
mented as a non-parametric machine learning method that predicts trans-
formation temperature based on similarity between alloy compositions
[98—-101]. Unlike parametric models, KNN does not assume a predefined
functional relationship between input and output variables [100]. Instead,
predictions are made based on local relationships within the data, allowing
the model to capture effectively highly nonlinear and complex dependen-
ces [102-105]. Importantly, to maintain methodological consistency across
all machine-learning models considered in this study, the KNN model was
optimised using the same hyperparameter tuning framework employed in
the previous methods, namely GridSearchCV combined with 5-fold cross-
validation (shuffle = True, random_state = 42). This unified optimisation
strategy ensures objective comparison, consistent validation conditions,
and full reproducibility of the modelling procedure. Since KNN perfor-
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Fig. 5. Model evaluation results of KNN method
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Fig. 6. RMSE results for test and train set

mance depends strongly on local neighbourhood definition rather than
global model coefficients, hyperparameter optimisation focused on parame-
ters governing local similarity structure. Specifically, the number of
neighbours was optimised over the range k € {2, 3, 4, 5, 7, 9, 11, 15, 20},
along with the neighbour weighting scheme (uniform and distance) and
the distance metric (Euclidean and Manhattan), which determine how
neighbouring alloy compositions influence prediction. The optimal hyper-
parameter configuration was selected based on cross-validation error min-
imisation using Mean Squared Error as the optimisation criterion. Final
model performance was evaluated using RMSE and coefficient of determi-
nation R?, confirming the robustness, accuracy, and reproducibility of the
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optimised KNN regression model. The KNN model demonstrated the highest
predictive accuracy among all considered methods. The training set results
showed an RMSE of 3.3654 K and an R? value of 0.9991 (Fig. 5, a), indi-
cating an almost perfect fit to the training data. On the test set, the
model achieved an RMSE of 22.2569 K and an R? value of 0.9645 (Fig. 5,
b), confirming excellent generalisation performance. These results indi-
cate that the local learning approach of KNN is highly effective for model-
ling the relationship between alloy composition and transformation tem-
perature.

The comparative analysis confirms that nonlinear regression models
provide substantially improved predictive performance compared to linear
regression [106, 107]. The highest RMSE values are observed for ridge
regression, as shown in Fig. 6, a, indicating its limited ability to model
the complex relationships in the dataset. In contrast, SVR (RBF), GPR,
and especially KNN achieve significantly lower prediction errors, with
KNN demonstrating the best performance on unseen data, as illustrated in
Fig. 6, b.

The same trend is reflected in the coefficient of determination results.
Ridge exhibits the lowest explanatory capability, whereas nonlinear mo-
dels achieve considerably higher accuracy. The superior fitting ability of
KNN is evident from its near-perfect training performance in Fig. 7, a,
while its strong generalisation capability is confirmed by the highest test
R? score in Fig. 7, b.

Overall, these results demonstrate the necessity of nonlinear model-
ling for accurate prediction, with KNN providing the highest predictive
accuracy and SVR (RBF) and GPR offering stable and reliable perfor-
mance.
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4. Conclusion

This study employed machine-learning techniques to predict the austenite
finish-transformation temperature (4;) of NiTi-based shape-memory alloys
using elemental atomic compositions as input features. A dataset compri-
sing 146 experimentally reported alloy compositions was utilised, with A,
selected as the target variable due to its critical influence on functional
performance. The dataset was divided into training and testing subsets,
and multiple regression models were evaluated.

The results indicate that linear approaches, such as ridge regression,
exhibit limited predictive capability, reflecting the inherently nonlinear
relationship between alloy composition and transformation temperature.
In contrast, nonlinear models significantly enhanced prediction accuracy.
Support vector regression and Gaussian process regression demonstrated
strong performance, with the latter benefiting from its probabilistic
framework. Among all models, k-nearest neighbours’ regression achieved
the highest accuracy and generalisation ability.

Overall, the findings confirm that A, prediction in NiTi-based alloys
requires nonlinear modelling strategies. The high predictive performance
of the applied machine learning methods highlights their effectiveness as
data-driven tools for accelerating alloy design and reducing experimental
workload in the development of advanced shape-memory materials.
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H.A. TI'ypbanos?!, 4.A. Imamanisade’,

JI.A. Tapdawosa’, M.M. Acaw?, A.X. I'yriesa’

! AzepbaiisKaHCbKUI Jep:KaBHUN yHiBepcuTeT HA(QTU Ta IPOMUCIOBOCTI,
up. Asagaur, 20, Baky, Asepbaiig:xan

2 Yuisepcurer Kapabiok, 413 npocm., 10, 78050 Kapabiok, Typeuunna

3 BaKkMHCBHKU iHXeHepHUl yHiBepcurer,
Xipmamau-citi, mpocm. 'acana AmieBa, 120, AZ0101 Barky, Asepbaiimkan

JOCIIOTMEHHSA BSAEMO3B’ASKY MIK CKJIAIOM
I TEMITIEPATYPOIO ®A30BOI'O IIEPETBOPEHHS CIIJIABIB
HA OCHOBI NiTi I3 BURKOPUCTAHHAM MAIIMHHOI'O HABUAHHS

TouHe TPOTrHO3yBaHHSA TeMIlepaTyp ()a30BOTr'0 IIEPETBOPEHHS MAa€ BUPIIIaJIbHe 3HAUEHHS
IJIsl TPOEKTYBAHHA 1 onTuUMisaliii craBiB 38 mam’ATTi0 (opmu Ha ocHOBi NiTi, ocKinbKu
i TeMmepaTypy BU3HAYAIOTH IXHI (PYHKIIOHAJIBbHI XapaKTepUCTUKM Ta poboui miamaso-
. OfHaK 3B’SI30K MijK CKJIAOM CILJIaBy Ta MOBEiHKOIO (PasoBOro IMEPEeTBOPEHHS € J0-
CTATHBO CKJIAAHUM i HEJiHIMHUM, 1110 YTPYAHIOE HagiliHe IPOTHO3YBAHHA 34 JOIIOMOTO0
TPamUIiTHUX HiAXOAiB MOjeoBaHHSA. ToMy B IIbOMY JOCTiMKEHHI /s IPOTrHO3yBaHHSA
KiHIIeBOI TeMIepaTypu IIePeTBOPEHHS ayCTeHITy Ha OCHOBi CKJaAy CILJIaBy 3aCTOCOBA-
HO MEeTOAY MAaIlIMHHOrOo HaBYaHHdA. Habip JaHUX CKJIAZAETHCA 3 eKCIIePUMEHTAJIbHO BU-
Mipauaux cmaaBiB Ha ocHOBi NiTi, 1110 XapaKTepusayOThCA eJIeMeHTAPHUMHU aTOMHUMU
BilcoTKaMM Ta BiANOBiZHMMU TemmepaTrypamMu IiepeTBopeHH:A. Ilepen monesrroBaHHAM
IIPOBEJIEHO IIONepeaHI0 OOPOOKY MaHUX i cTaHZapTM3aIlilo O3HAK AJiA 3a0e3leueHHsA Ha-

IifiHOTO HABUYAHHA U OIIHKM MOJeJi. 3aCTOCOBAHO Ta CHCTEMATHYHO IIOPiBHAHO pisHI
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MeToAu perpecii, 3okpema pebpucToi perpecii, perpecii omopHUX BEeKTOPiB, perpecii Ha
OCHOBIi rayccoBuX IIPOIIECiB i Ha 0CHOBI k-HalbmmKuux cycigiB. Ilokasano, 1o HediHifHL
MeTOAM MAaIIWHHOTO HaBUAHHS 3HAUHO IE€PEeBepIIyIOTh JiHiiHY perpecito y Bu3HauYeHHI
CKJIQMHUX KOMITOBUI[IHHUX 3aJIEKHOCTEH, 1[0 PEryaii0Th TeMIIepaTypu MepeTBOPEeHHS.
30KpeMa, HellapaMeTPUYHi Ta MMOBipHicHI Mogesi mpogeMOHCTPYBaIH JINITy 34aTHICTH
10 MOJe/IIOBAaHHA HeJiHIMHUX 3B’A3KiB Ta eKclIepuMeHTaabHOI MiHauBocTi. PesynbraTu
IOCTiMKeHHs CBiguaTh mpo Te, I[0 MAIllMHHEe HaBUYaHHA 3abesmedyye eeKTHUBHY Ta Ha-
IifiHy OCHOBY [Jisl IIPOTHO3YBAHHSA TeMIEPaTyp HEePEeTBOPEHHS, BUXOAAYN BUKJIIOYHO 3
napamMeTrpiB ckJiany. PospobieHuii migxig mpomonye IiHHUN iHCTPYMEHT IJIs MPUIIIBIUI-
IIeHHA MPOEKTYBAaHHS Ha OCHOBI JaHWX Ta ONTHUMIisalii HOBITHiIX ciaBiB 3 mam’STTIO
dopmMu, 0OJHOYACHO CKOPOUYIOUU eKCIIePUMEHTAJbHI 3yCHJIJISA Ta Yac PO3POOJIEeHHS.

Karouosi caoBa: crtaBu 3 mam’aTTio GopMu, (hasoBe MEepeTBOPEHHSA, MOJEJb IIPOTHO3Y-
BaHHA, MaIllMHHE HaBuYaHHsA, Python.
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