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Abstract

Artificial intelligence (Al)-assisted alloy design, integrated computational materials
engineering (ICME), and materials genome engineering (MGE) increasingly require
CALculation of PHAse Diagrams (CALPHAD) calculations to be executed at scale and
stored as reusable, traceable data. However, conventional CALPHAD workflows are
often desktop-centered and tool-specific, which limits reproducibility, high-throughput
reuse, and direct integration with machine-learning pipelines. Here we present Phase
Lab, a cloud-native CALPHAD-to-data platform designed for alloy designers,
CALPHAD npractitioners, and AI/ICME/MGE researchers who require scalable
computation together with standardized data products. Rather than introducing new

physical models, Phase Lab standardizes the full calculation workflow, including



browser-based configuration, application programming interface (API)-driven task
orchestration, server-side computation, metadata capture, provenance tracking, and
structured export. The platform supports thermodynamic, kinetic, thermophysical,
solidification, and mechanical-property calculations, while storing database versions,
model selections, input conditions, solver settings, and execution records. Point-to-
point benchmark calculations showed agreement with Thermo-Calc for representative
ternary systems, and batch tests achieved a 100% completion rate for 20,000 ternary
tasks with an average runtime of 0.006933 s per task. For 9-component and 12-
component systems, completion rates of 99.32% and 98.14% were obtained,
respectively, with average runtimes of 1.122 and 2.19 s per task. Validation against
literature and experimental data across Fe-, Ni-, Al-, and Cu-based systems further
demonstrated the applicability of the platform. For Ni-based superalloys, the room-
temperature yield-strength and ultimate-tensile-strength models achieved R? values of
0.858 and 0.824, respectively. These results indicate that Phase Lab can serve as a
practical data-generation platform for dataset assembly, surrogate modeling, active

learning, and ICME/MGE-oriented alloy screening.
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INTRODUCTION

Thermodynamic and kinetic modeling based on CALculation of PHAse Diagrams
(CALPHAD) provides a physically grounded foundation for alloy design, process
optimization, and microstructure control. It has become a routine component of
integrated computational materials engineering (ICME)[ 1-8] in both industrial practice
and academic research. More broadly, CALPHAD-based methods and related
computational tools have been widely used in materials modeling studies for phase
equilibria, solidification, diffusion, precipitation, thermophysical-property prediction,
and composition/process screening across diverse alloy systems[2,9—14]. At the same
time, emerging materials genome engineering (MGE) and artificial intelligence (Al)-
driven strategies increasingly depend on large, consistent, and well-described datasets
that can be aggregated, queried, and reused across alloy systems and projects[1,15—18].
A persistent bottleneck is that conventional CALPHAD packages such as Thermo-
Calc[19], PANDAT][20], and JMatPro[21] are still often executed as isolated, desktop-

centered tasks: computations are not easily scaled to high-throughput screening, and



the resulting outputs are frequently stored as ad hoc logs or figures with incomplete
provenance, limiting reproducibility and direct reuse in AI/ICME/MGE pipelines. At a
more fundamental level, CALPHAD results are still commonly generated in a tool-
specific and case-by-case manner, making them difficult to reproduce, compare,
aggregate, and directly reuse as structured data in ICME and Al-assisted alloy design
workflows. To address these limitations, we developed Phase Lab as a cloud-native
CALPHAD-to-data platform. The aim is not to replace established thermodynamic or
kinetic formalisms, but to standardize how CALPHAD calculations are configured,
executed, recorded, and exported. Phase Lab combines browser-based interaction,
application programming interface (API)-driven task orchestration, server-side high-
performance computing (HPC) computation, metadata capture, provenance tracking,
and structured data export within a single workflow. As summarized in Figure 1, the
platform shifts CALPHAD practice from fragmented, tool-specific calculations toward
reusable data products that can be directly connected to Al, machine learning (ML),

ICME, MGE, and optimization workflows.

Phase Lab workflow from CALPHAD computation to reusable data products
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Figure 1. Phase Lab workflow from CALPHAD computation to reusable data products.
Phase Lab converts conventional CALPHAD calculations into structured data products
through browser-based configuration, API-driven orchestration, server-side

CALPHAD/HPC execution, metadata management, provenance tracking, and



database/model versioning. The resulting comma-separated values (CSV), JavaScript
Object Notation (JSON), API/schema, and metadata-linked database records can be
reused in A/ML, ICME, MGE, and optimization workflows.

METHODS

Physical models

Phase Lab is built on established CALPHAD methodology and provides a
thermodynamically consistent framework for multicomponent alloy calculations. Its
main contribution is not the introduction of new physical models, but the integration of
thermodynamic, kinetic, thermophysical, solidification, and mechanical-property
calculations within a reproducible computational workflow. Thermodynamic modules
determine phase stability, phase fractions, phase compositions, and thermodynamic
driving forces. Kinetic modules describe time-dependent composition and
microstructural evolution under prescribed thermal or processing histories. Property
modules use the resulting thermodynamic and microstructural descriptors to estimate
thermophysical and mechanical properties. This shared-state design helps maintain
consistency across composition—process—microstructure—property calculations. To
support technologically relevant alloys (Ni-, Fe-, Al-, Cu-, Ti-, and Mg-based systems),
the platform integrates validated model families widely adopted in the CALPHAD

community.

In Phase Lab, thermodynamic parameters are specified for each phase according to the
corresponding phase model and are obtained from the underlying thermodynamic
database. Depending on the structural characteristics and compositional degrees of
freedom of the phase, the corresponding description may range from stoichiometric
models to multicomponent sublattice formulations. In practical CALPHAD
assessments, many phase descriptions are represented within variants of the Compound
Energy Formalism (CEF)[22], which provides a general framework for describing gas
phases, substitutional solutions, intermetallic compounds, ordered phases, and liquids
exhibiting short-range order. The general equation for describing the Gibbs energy

function per mole formula unit of a phase Gj; is

Gy=""G, +%G +"G +EG, (1)
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where %/ G,, denotes the ‘surface’ of reference for the phase relative to other phases
g a
and internal ordering; e W 18 the configurational term which assumes ideal mixing
a
of the constituents in each sublattice, ” hy GM 1s used to describe contributions to the

Gibbs energy from particular physical phenomena like magnetic transitions, and E GL

is needed to describe deviations in the Gibbs energy relative to the first three terms.
Additional magnetic and ordering contributions are incorporated where required by the

adopted phase model[23-26].

Based on Fick’s law, diffusion kinetics simulations predict time-dependent composition
profiles within a diffusion couple[19,27]. The composition- and temperature-dependent
diffusion coefficients are calculated using the atomic mobility parameters and
thermodynamic factors. Precipitation kinetics is modeled using the Kampmann-Wagner
Numerical (KWN) method, describing nucleation, growth, and coarsening behaviors
over time and/or temperature variations[28]. Non-equilibrium solidification paths are
modeled using the classical Scheil-Gulliver model and improved partial equilibrium
approximations that consider rapid diffusion behavior of interstitial atoms[29,30].
Based on the resulting solidification paths, several hot cracking susceptibility criteria
were evaluated within a unified framework. These criteria are derived from the
temperature—solid fraction (7-fs) relationship during solidification and include the
solidification interval (S7), the Clyne-Davies cracking susceptibility coefficient (CSC),
the critical temperature interval (C77), and Kou’s solidification cracking index (SCI),
all of which are evaluated in a consistent framework[2,12,31]. They are described in

detail as follows:
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where T7 is the liquidus temperature and T g, denotes the temperature corresponding

to a given solid fraction fs. The terminal solidification temperature in the S/ definition

was approximated by Tz—9¢5 to avoid overestimation of the freezing range in the

high-fs regime of Scheil calculations. Under an approximately constant cooling rate,
the time ratio in the CSC criterion can be equivalently expressed in terms of the
corresponding temperature intervals. In this work, SCI was evaluated either as an
average slope over a specified terminal solid-fraction interval or as a local slope near a
selected solid fraction, depending on the specific comparison and reporting format. In

general, larger values of S/, CSC, and SCI indicate higher hot cracking susceptibility.

Beyond computational phase equilibrium and kinetic simulations, Phase Lab provides
thermophysical and mechanical property modules. Thermophysical properties, such as
molar  volume[32,33],  density, viscosity[34,35], and thermal/electrical
conductivity[36-38], are computed using CALPHAD-consistent formulations. In these
models, the relevant properties are expressed as temperature- and composition-
dependent functions of phase constitution and phase composition, with model
parameters taken from the underlying property databases. The conductivity models are
currently intended for metallic alloy systems and corresponding phases covered by the
implemented parameter sets; their applicability therefore depends on the availability
and assessed quality of the relevant thermodynamic/property descriptions for the target
alloy system. Accordingly, the predicted thermal and electrical conductivities represent
intrinsic phase-level behavior under the assumed composition-temperature conditions,
and do not explicitly account for microstructural features such as porosity, texture, or

defect scattering introduced by specific processing routes.

Mechanical properties are evaluated using physically based strengthening models[39—

42]. The yield strength is expressed as

o,=0gt Ao+ Aoyptao,,,  (6)

where o, is the base strength, and 4o, doyp, 40,, denote the contributions from

ppt

solid-solution strengthening, grain-boundary strengthening, and precipitation

strengthening, respectively. In the current implementation, precipitation strengthening



is described through microstructural descriptors such as precipitate fraction and
characteristic size, rather than explicit treatment of full precipitate morphology
evolution. The present mechanical-property module is primarily intended for strength
estimation under prescribed microstructural states; it does not explicitly resolve detailed
dislocation evolution during deformation, and predictions of ultimate tensile strength
are therefore based on calibrated structure-property relationships within the supported

alloy classes.

At the present stage, Phase Lab is a CALPHAD-centered thermodynamic, kinetic, and
property data platform rather than a full multiscale simulation engine. The current
validation focuses mainly on metallic alloy systems, because the implemented
thermodynamic, mobility, and property descriptions are primarily assessed for metallic
phases. In principle, the CALPHAD-to-data workflow can be extended to non-metallic
systems such as oxides, ceramics, and salts, provided that suitable databases and
property models are available and validated. Direct execution of density functional
theory (DFT), molecular dynamics (MD), phase-field, or finite-element simulations is
not included, but API/schema-defined data objects allow CALPHAD-derived quantities
to be exchanged with external multiscale workflows. The platform currently uses
validated internal and version-controlled databases; user-defined database import is
under development and will require compatibility checking and provenance registration

before routine use.

Phase equilibrium algorithm
Phase Lab computes multicomponent equilibrium by minimizing the total Gibbs free
energy under mass-balance constraints following the approach of Sundman([25] The

total Gibbs energy (G) is written as:

G=2, NGy (TRY) (1)

where N* is the mole fraction of phase a, and Gj; is the molar Gibbs energy of that
phase as a function of temperature 7, pressure P, and its constitution Y. The solver
adopts a Lagrange multiplier formulation in which chemical potentials enforce mass

balance. The procedure includes initialization by grid-based phase scanning[43,44],



iterative linearization to update phase amounts and compositions, and a dynamic
stability check that activates dormant phases when their driving forces become positive,
promoting convergence toward the global equilibrium solution. To generate phase
diagrams and property maps efficiently, Phase Lab implements a Zero-Phase-Fraction
(ZPF) tracking algorithm[45] and uses automated global search/backtracking to resolve

complex topologies.

Computational workflow and information transmission

The computational workflow of Phase Lab is organized as a CALPHAD-to-data
pipeline, as shown in Figure 1. The pipeline standardizes the calculation lifecycle from
user input to structured data export, including task submission, solver execution, result
parsing, metadata attachment, provenance recording, persistent storage, and
downstream reuse. The platform separates user interaction, application services, and
numerical computation into three layers. The browser-based frontend supports module
selection, parameter configuration, task submission, result visualization, and data
export. The application layer provides user authentication, API services, input
validation, solver-input generation, task orchestration, and centralized scheduling. The
computational layer contains the server-sidle CALPHAD/HPC kernel, implemented
mainly in C++ (over 70,000 lines of code), which performs Gibbs-energy minimization,
diffusion and precipitation calculations, solidification simulations, and property

evaluations using thermodynamic, kinetic, and property databases.

A typical calculation starts from a user-defined request containing the alloy system,
composition, target module, thermodynamic conditions, and optional processing history.
The request is submitted through the frontend or API and translated by the application
layer into solver-ready input files (e.g., PhaseLab.in). The task is then assigned to a
server-side compute node through the scheduler. After execution, numerical outputs and
log files (e.g., PhaseLab.log), are parsed and linked with the corresponding input
conditions, database version, model selection, solver settings, timestamp, and execution
record. The parsed results are returned to the frontend for visualization and export,

while raw files, structured outputs, and provenance records are stored persistently.

Each calculation is therefore represented not only as a numerical result, but also as a

structured data object. Depending on the module, the exported data may include phase



equilibria, phase fractions, phase compositions, transformation temperatures, diffusion
profiles, precipitation descriptors, solidification curves, hot-cracking indices,
thermophysical properties, or mechanical-property estimates. These outputs can be
exported as CSV tables, JSON files, API/schema-defined records, or database objects
linked to metadata and provenance. This representation allows CALPHAD results to be
aggregated across alloy systems and reused in AI/ML, ICME, MGE, and optimization
workflows without manual reconstruction of the calculation context.

A representative point-calculation output can be stored as a structured JSON-like data
object, in which the input conditions, thermodynamic quantities, stable phases, phase

fractions, and phase compositions are linked within the same record:

"module”: "Phase_diagram",
"task": "Point",
"alloy system": "Al-Mg-Zn",
"composition": {
"unit": "mass_fraction",
"Al": 0.77,
"Mg": ©.10,
"Zn": 0.13
¥
"conditions": {
"temperature_K": 300,
"pressure_Pa": 101325,
"total moles": 1
¥
"thermodynamic_outputs”: {
"gibbs_energy_J per_mol": -10446.34,
"enthalpy_J _per mol": -1174.60,
"entropy_J _per _mol K": 30.9058,
"heat_capacity J per mol K": 25.0878
¥
"system_composition": [
{
"component": "Al",

"mole_fraction": ©.8238322,



"mass_fraction": 0.7700000,
"chemical_potential": -8499.20,
"activity": 0.0331280

}s

"component”: "Mg",
"mole_fraction": 0.1187754,
"mass_fraction": 0.1000000,
"chemical_potential”: -15643.61,
"activity": 0.0018892

}s

"component": "Zn",

"mole fraction": ©.0573924,
"mass_fraction": 0.1300000,
"chemical_potential”: -27640.41,
"activity": 0.0000154

}
I,

"phase_summary": {
"total phases_considered": 34,
"number_of_stable phases": 2,
"stable_phases": ["FCC_A1", "T_PHASE"]

}s
"stable phase outputs": [

{
"phase": "FCC_A1",
"mole_fraction": 0.7040631,
"mass_fraction": 0.6578289,
"phase _composition": {
"unit": "mole fraction",
"Al": ©.9963126,
"Mg": 0.0036748,
"Zn": 0.0000126

}s

"phase": "T_PHASE",



"mole_fraction": ©.2959369,
"mass_fraction": ©0.3421711,
"phase_composition": {
"unit": "mole_fraction",
"Al": 0.4134844,
"Mg": ©0.3926111,
"Zn": 0.1939045

}
15

"additional_outputs":

For TTT/CCT calculations, transformation-boundary points are stored as discrete
temperature-time pairs at specified transformed fractions. Here, 0.1% and 99.9%
transformation are used as representative start and finish criteria, respectively. Each
record contains the diagram type, transformation product, criterion, temperature, and
time. For CCT calculations, cooling paths are stored separately using cooling rate,
temperature, and time. The exported records are direct solver outputs converted into
standardized CSV or JSON/API formats; unless otherwise stated, no additional
smoothing or empirical correction is applied. Representative long-format export fields

generated by Phase Lab for TTT/CCT calculations are summarized in Table 1.



Table 1. Representative long-format TTT/CCT export fields generated by Phase Lab

Diagram type  Product Criterion percent (%) Temperature (K)  Time (s) Cooling rate (K/s)  Data type

TTT Ferrite 0.1 801.15 0.038 N/A Boundary point
TTT Pearlite 0.1 801.15 0.017 N/A Boundary point
TTT Bainite 99.9 411.15 244675.394 N/A Boundary point
CCT Ferrite 0.1 1065.15 822751.000 N/A Boundary point
CCT Bainite 0.1 800.15 3472751.000 N/A Boundary point
CCT Cooling path N/A 1147.43 0.000 0.1 Cooling_path
CCT Cooling path N/A 1142.43 0.500 10.0 Cooling_path

Note: N/A indicates that the field is not applicable. Cooling path records are stored separately from transformation-boundary records.



This standardized data layer supports three common downstream uses. First, it enables
AI/ML workflows such as dataset assembly, surrogate modeling, and active-learning
export. Second, it supports ICME workflows for multi-objective screening and
optimization under consistent provenance. Third, it allows MGE-oriented aggregation
of computational property data across alloy systems. In this way, Phase Lab connects

physics-based CALPHAD calculations with data-driven alloy design.

RESULTS AND DISCUSSION

This section assesses the platform with respect to calculation accuracy, computational
efficiency and stability, and agreement with literature and experimental data across
different modules. The evaluation includes comparison with Thermo-Calc for
representative ternary systems, stability tests for multicomponent batch calculations,
and validation of phase equilibria, diffusion and atomic mobility, thermophysical
properties, precipitation and phase transformation kinetics, mechanical performance,
and solidification-related hot cracking susceptibility. Collectively, these results

demonstrate the capability of the platform to generate reusable, provenance-rich

CALPHAD data products for A/ICME/MGE workflows.

Benchmark validation of thermodynamic calculations

First, representative ternary systems were selected for direct comparison with Thermo-
Calc in order to assess the accuracy and computational efficiency of the thermodynamic
calculations. Owing to the functional and task-scale limitations of the Thermo-Calc
2025B (Free Educational Package version), the comparison was restricted to executable
ternary calculations within its license scope. For each selected composition, molar
Gibbs energy, liquidus temperature, and solidus temperature were calculated and
compared under the same alloy system, composition, and calculation settings aligned
as closely as practicable, including the thermodynamic database wherever applicable.
In parallel, the average runtime per task and task completion rate were recorded for

both codes in order to evaluate computational efficiency and execution stability.

Representative comparisons of molar Gibbs energy, liquidus temperature, and solidus
temperature are listed in Table 2. For the ten ternary benchmark cases, the values
calculated by Phase Lab were the same as those obtained from Thermo-Calc for all

three reported quantities. Specifically, the molar Gibbs energy values ranged from



—22296.34 to —10446.34 J-mol™ in both codes, the liquidus temperatures ranged from
853.1618 to 1604.5926 K, and the solidus temperatures ranged from 740.9668 to
937.7879 K. No numerical discrepancy was observed for the reported values in these

benchmark examples.

The corresponding computational performance statistics are summarized in Table 3. In
the ternary batch test, both Thermo-Calc and Phase Lab produced 20,000 valid outputs
from 20,000 submitted tasks, corresponding to a completion rate of 100% for both
codes. The average runtime per task was 0.011268 s for Thermo-Calc and 0.006933 s
for Phase Lab under the present benchmark setting. These results indicate that Phase
Lab reproduces the thermodynamic outputs of Thermo-Calc for the tested ternary
systems while showing a shorter average runtime in this benchmark. Based on the
ternary comparison, the assessment was further extended to multicomponent systems
in order to evaluate computational efficiency and execution stability in higher-
dimensional composition spaces. In this part, composition sets with different numbers
of components were tested through batch execution under a unified calculation
workflow. For the 9-component system, Phase Lab produced 9,932 valid outputs from
10,000 submitted tasks, corresponding to a completion rate of 99.32%, with an average
runtime of 1.122 s per task. For the 12-component system, Phase Lab produced 9,814
valid outputs from 10,000 submitted tasks, corresponding to a completion rate of
98.14%, with an average runtime of 2.19 s per task. Equivalent multicomponent batch
testing was not performed with Thermo-Calc because this was not supported by the
Free Educational Package version used in this study. Overall, the results show that the
platform maintains stable execution behavior under multicomponent batch-calculation
conditions, while the average runtime increases with compositional dimensionality as

expected.



Table 2. Comparison of molar Gibbs energy at 300 K and calculated liquidus/solidus temperatures between Phase Lab and Thermo-Calc

for representative ternary systems

Molar Gibbs energy at 300 K (J-mol?) Liquidus temperature (K) Solidus temperature (K)
Composition (wt.%)

Thermo-Calc Phase Lab Thermo-Calc Phase Lab Thermo-Calc Phase Lab
80Al-10Cu-10Mg -12217.67 -12217.67 853.1618 853.1618 752.6879 752.6879
85A1-8Sc-7Ti -22296.34 -22296.34 1481.1097 1481.1097 937.7879 937.7879
78A1-12Zn-10Zr -15130.86 -15130.86 1489.9027 1489.9027 875.0246 875.0246
82A1-9Mg-9Sc -17825.30 -17825.30 1307.4834 1307.4834 757.1124 757.1124
75A1-15Cu-10Zr -18590.74 -18590.74 1303.8679 1303.8679 818.1481 818.1481
88Al-6Ti-6Zn -13701.81 -13701.81 1381.1532 1381.1532 911.7849 911.7849
79A1-11Mg-10Zr -15160.33 -15160.33 1604.5926 1604.5926 740.9668 740.9668
83Al1-7Cu-10Ti -18449.08 -18449.08 1479.1911 1479.1911 821.6868 821.6868
86A1-8Sc-6Zn -16663.20 -16663.20 1235.4275 1235.4275 903.5287 903.5287
77A1-13Zn-10Mg -10446.34 -10446.34 858.2690 858.2690 741.5542 741.5542

Note: Only representative ternary compositions are listed here. All calculations were performed under matched system definitions and aligned

calculation settings wherever practicable. Compositions are given in wt.%, and temperatures are reported in K.



Table 3. Summary of computational performance and execution stability for Phase Lab and Thermo-Calc in ternary and multicomponent

calculations
System Code Number of tasks Valid outputs Completion rate (%) Average runtime per task (s)
Thermo-Calc 20000 20000 100.00 0.011268
Ternary
Phase Lab 20000 20000 100.00 0.006933
9-component  Phase Lab 10000 9932 99.32 1.122
12-component  Phase Lab 10000 9814 98.14 2.19

Note: Completion rate is defined as the ratio of tasks yielding valid outputs to the total number of submitted tasks.



Multicomponent phase equilibria

Thermodynamic accuracy was assessed by comparing calculated multicomponent
phase diagrams with experimental data from the literature. Figures 2A and 2B present
the calculated isothermal sections of the Al-Co-Cr and Al-Co-Ni ternary systems at
1273 K, respectively. The predicted phase boundaries agree well with experimental
measurements[46,47], reproducing the topology of multiphase regions and the stability
ranges of ordered intermetallic phases. To evaluate performance in higher-order
systems, Figure 2C presents the calculated isothermal section at the Al-rich corner of
the Al-Cu-Mg-Zn quaternary system. Despite increased compositional complexity, the
predicted phase regions remain consistent with experimentally determined
boundaries[48], indicating good performance of the thermodynamic descriptions and
equilibrium solver. In addition, Figure 2D shows a calculated vertical section of the Fe-
C-Cr-Mn quaternary system, which is relevant to steel heat-treatment design. The
predicted transformation temperatures and phase stability ranges closely match
experimental observations[49], indicating that the equilibrium solver can handle
multidimensional composition spaces in  the tested cases. Beyond validating
thermodynamic accuracy, these multicomponent equilibrium maps—including phase
boundaries, transition temperatures, and phase fraction evolution—can be directly
exported as structured datasets, providing consistent thermodynamic constraints for Al-
assisted surrogate modeling, composition screening, and ICME phase-stability analysis

across alloy systems.



BCC_A2 BCC_B2

[ 2Phase 0.9 — BeC B2 2-Phase 0.9 — FCC_AI
ALSCO2 D11 [ 2-Phase(Tie-Line) AL3NI2
— ALXCO — ALNB
0.8 —— GAMMA D810 —— ALCONLT2
—— ALAMN MU —— ALCONLTI
0.7 —— AL3FE4 0.7 ——  ALSCO2 D811
é\ uQui J ALico
& o & 04
§ — FCC_Al § —— AL3NIDOI
& — 0.ALI3C04 & — ALI3FES
& 05 —— SIGMA_DSB & — FCCLi2
< LIQUID

—— 0_ALI3C04

Al 0 0.1 02 03 04 05 06 07 08 09 1 Co Co 0 01 02 03 04 05 06 07 08 09 I Ni

Mole_fraction(Co) Mole_fraction(Ni)
0.08 1700
/ * Al AWALCH * FCC § BCCHFCC
/ + ART @ AHS+ARCu # BCCHFCCHSIGMA @ FCC+M23C6
0.074FCcC Al / X ARS+T ® AlS 1675 X BOEM23C6
+C16_LAVES| //
0.06 . / 1650
/_ Cl6 LAVES+FCC A1 |
= ¢ +S_PHASE -
S oo0s ‘e *a e o e *x &L 1625 o * o
g 4 2
= =
=] =
2 004 & 1600 FCC_Al
e.‘.'.l . / FCC_A1+S_PHASE 2
g 00| L 4 | FCC_A1+S_PHASE +T_PHASE £ 1575 - * w4l
< * Ei.'
=
0.02 oo Wik 1550
X
0.01 X _w* % *4
¥ 200 FCC_AI+M23C6 D84 |
0.00 i
000 001 002 003 004 005 006 007 008 0000  0.025 0050 0075 0100 0.25 0.50 0.175 0.200
Mass_fraction(Mg) Mass_fraction(Mn)

Figure 2. Calculated multicomponent phase diagrams compared with experimental
data: (A) isothermal section of the AI-Co-Cr ternary system at 1273 K[46]; (B)
isothermal section of the Al-Co-Ni ternary system at 1273 K[47]; (C) isothermal section
of the Al-Cu-Mg-Zn quaternary system at the Al-rich corner[48]; (D) vertical section
of the Fe-C-Cr-Mn quaternary system[49].

Diffusion and phase transformations

Diffusion is the fundamental kinetic mechanism governing microstructural evolution
and homogenization in multicomponent alloys[27]. Phase Lab validates its kinetic
module through a hierarchical approach, starting from atomic mobility and extending
to complex precipitation and phase transformation phenomena. This module is
benchmarked using diffusion coefficient benchmarks and composition-profile
predictions from diffusion-couple simulations. Figure 3A compares the calculated
interdiffusion coefficients for the FCC phase in the binary Ni-Ti system with
experimental measurements[50], showing good agreement. Moving to complex
systems, Figure 3B demonstrates the platform's capability to simulate composition

profiles in the multicomponent Ni-Al-Co-Cr-Ta-Ti-W superalloy. The predicted



diffusion paths align closely with high-throughput measurements[51], supporting the
applicability of the mobility database for high-order systems.

Building upon accurate diffusion data, Phase Lab simulates diffusion-controlled phase
transformations by combining CALPHAD driving forces with kinetic models
(nucleation, growth, and coarsening). Figure 3C and Figure 3D present the calculated
temporal evolution of number density and mean radius for y’ precipitation in a Ni-
5.2A1-14.2Cr (at.%) alloy aged at 600 °C. These results show reasonable agreement
with measurements[41], demonstrating that the implemented framework effectively

captures the multi-stage precipitation kinetics in multicomponent alloys.

For steel heat treatment design, Time-Temperature-Transformation (TTT) and
Continuous-Cooling-Transformation (CCT) diagrams are critical yet labor-intensive to
determine experimentally[52]. Phase Lab enables efficient computation of these
diagrams. Figure 3E and Figure 3F compare the calculated TTT diagrams with
experimental data for 5140 steel (Fe-0.42C-0.68Mn-0.16Si-0.93Cr, wt.%)[53] and
En36 carburized steel (Fe-0.7C-0.35Mn-0.16Si-3.24Ni-0.96Cr-0.06Mo, wt.%)[54].
The agreement in transformation-start and transformation-finish boundaries supports
the applicability of the implemented kinetic models to the tested ferrous alloys. The
resulting diffusion coefficients, composition profiles, precipitation descriptors, and
TTT/CCT boundary points constitute machine-readable kinetic datasets that are directly
reusable in ICME process-microstructure models and Al-driven analyses of

transformation kinetics.
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Figure 3. Validation of kinetic simulations regarding diffusion and phase
transformations: (A) interdiffusion coefficients for the FCC phase in the binary Ni-
Ti[50]; (B) composition profiles in the multicomponent Ni-Al-Co-Cr-Ta-Ti-W
superalloy[51]; (C) temporal evolution of number density and (D) mean radius of y’
precipitates in Ni-5.2A1-14.2Cr (at.%) alloy aged at 600 °C[41]; (E) TTT diagrams for
5140 steel (Fe-0.42C-0.68Mn-0.16Si-0.93Cr, wt.%)[53]; (F) TTT diagram for En36
carburized steel (Fe-0.7C-0.35Mn-0.16Si-3.24Ni-0.96Cr-0.06Mo, wt.%)[54].

Thermophysical properties

Accurate prediction of thermophysical properties is essential for process modeling



because they govern phenomena such as thermal expansion and melt flow during
solidification—as well as for assessing the functional performance of alloys[14,55]. To
address these needs, Phase Lab employs CALPHAD-consistent formulations to
evaluate molar volume, viscosity, and transport properties as functions of temperature
and composition. Regarding volumetric and rheological behaviors, Figure 4A compares
the calculated linear thermal expansion coefficient of pure FCC Ni against
reference[32], showing that the main temperature dependence is reproduced. Figure 4B
compares calculated liquid densities in the Ni-Co-Al ternary system with
experiments[56], showing quantitative agreement across the measured temperature
range. For melt rheology, Figure 4C and Figure 4D present calculated liquid viscosities
for the Ni-Ta binary and Al-Nb-Ti ternary systems, respectively, again exhibiting good
agreement with experimental data[57,58]. In terms of transport phenomena, Figure 4E
and Figure 4F show the calculated thermal conductivities for the HCP phase in the Al-
Mg binary system and the FCC phase in the Al-Mg-Zn ternary system, respectively.
The results show quantitative agreement with experimental data within the tested
composition and temperature ranges[36,37]. For electrical transport, Figure 4G and
Figure 4H present electrical conductivity predictions for the FCC phase in the Cu-Mn
binary and Cu-Mn-Sn ternary systems, showing good agreement with reported
measurements[38,59]. Collectively, these benchmarks indicate reasonable performance
of the implemented physical models, suggesting that Phase Lab can support integrated
process simulations, alloy screening, and property optimization. Because these
thermophysical properties are evaluated as continuous functions of temperature and
composition using CALPHAD-consistent formulations, the resulting property curves
and tables can be systematically aggregated into reusable datasets for ICME process

simulation and MGE-oriented property mapping.
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Figure 4. Validation of thermophysical properties: (A)

linear thermal expansion

coefficient of pure FCC Ni[32]; (B) liquid-phase densities in the ternary Ni-Co-Al[56];

(C) viscosity of the binary Ni-Ta[57]; (D) viscosity of the ternary AI-Nb-Ti[58]; (E)

thermal conductivity of HCP phase in the binary Al-Mg[36]; (F) thermal conductivity



of FCC phase in the ternary Al-Mg-Zn[37]; (G) electrical conductivity of FCC phase in
the binary Cu-Mn[59]; (H) electrical conductivity of FCC phase in the ternary Cu-Mn-
Sn[38].

Solidification performance and hot cracking susceptibility

Solidification behavior critically affects manufacturability and defect formation in
casting and additive manufacturing[9,60]. Figure 5 evaluates the solidification module
by comparing calculated solidification paths with experimental data. For the steel case
(Figure 5A), the partial equilibrium approximation is used to account for the fast
diffusion of interstitial carbon, showing good agreement with measurements reported
by Koshikawa[61]. For the Ni-based superalloy case (Figure 5B), the Scheil-Gulliver
model captures the segregation behavior of substitutional alloying elements and is
consistent with experimental data from Zheng[62]. These case studies illustrate that
Phase Lab flexibly selects appropriate approximations to treat different diffusion

regimes and alloy classes.
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Figure 5. Comparison of calculated non-equilibrium solidification paths with

experimental data: (A) steel alloy[61]; (B) Ni-based superalloy[62].

For Ni-based superalloys, solidification behavior is closely related to weldability and
hot cracking susceptibility because thermal stress and wide freezing ranges often
promote crack formation during welding and additive manufacturing[2,12,60,63]. In
this context, Phase Lab has also been applied in a recent study on the GH3539
superalloy to analyze the effects of minor alloying additions on solidification-assisted

cracking[64]. The calculations showed that Zr significantly widens the solidification



temperature range (STR), consistent with its crack-promoting role, whereas C and Si
also modify the STR and solidification response but with more complex effects
associated with both increased cracking tendency and eutectic-assisted crack filling.
These application studies demonstrate that the solidification module can support not
only standard path prediction, but also composition-sensitive interpretation of
weldability and crack formation in engineering alloys. For broader solidification-
related hot-cracking assessment, Phase Lab integrates multiple commonly used
cracking indices (SI, CSC, CTI, and SCI) within a single workflow. With a consistent
non-equilibrium solidification setting, users can obtain all indices and comparative
rankings in a single run, with results directly exportable for alloy down-selection. This
integrated implementation avoids duplicated and potentially inconsistent recalculation
of terminal solidification characteristics (e.g., freezing range and end-of-solidification
metrics) and segregation paths across disparate tools, thereby improving computational
efficiency and reproducibility for screening ‘purposes. As summarized in Table 4,
susceptibility criteria were calculated for a set of commercial superalloys. The results
indicate that CSC and SCI show stronger correspondence with experimentally
reported printability/weldability for the alloy set considered, whereas S/ and C77
provide weaker discrimination. Alloys with high CSC/SCI values—such as IN738LC,
IN939, CM247LC, and Mar-M247—are widely reported to exhibit poor weldability
and elevated cracking risk[2,65—67], while alloys with lower indices—such as IN718
and the ABD-series alloys—exhibit improved processability[2,13,31,68—71]. The
calculations also quantify the role of minor alloying additions: trace Hf and Zr additions
(e.g., in CM247LC and IN939) increase cracking susceptibility by expanding the
terminal freezing range, consistent with experimental observations. The integrated,
single-run evaluation of multiple solidification cracking indices enables the generation
of consistent ranking datasets without duplicated or inconsistent recalculation, which is
particularly advantageous for high-throughput alloy down-selection in Al-assisted and

ICME-based design workflows.



Table 4. Calculated hot cracking susceptibility criteria (SI, CSC, CTI, and SCI) for typical Ni-based superalloys compared with literature

data included for comparison

scI
scI
Ni Al B C Co Cr Fe Hf Mo Nb Ta Ti W  Zr SI CSC  CTI  (£5=0.90-0.99
(15=0.99)
)
0.01 128 40
Mar-M247  Bal 5.5 0.15 10 84 - 15 07 - 30 1.0 10 - 0.05 2.92 4572 21626
5 245[31] 40[31]
128 5161
CM247LC  Bal 5.6 001 007 9 8 - 14 05 - 320907 10 001 32 40 28890
238[2] 15980[2]
CM247LC 81 2001
Bal 5.6 001 007 9 8 - - 05 - 3207 10 001 1.85 40 7733
Hf free 151[2] 5036[2]
0.00 1.3 172 4194
IN939 Bal 1.76 016 188 221 - 001 - 0.97 38 196 0.11 1.85 30 21291
9 7 193[2] 7170[2]
0.00 13 155 2692
IN939 Zr free Bal  1.76 016 188 221 - 001 - 0.97 38 196 - 129 30 7111
9 7 178[2] 4352[2]
0.00 242 865
IN718 Bal 06 0.05 - 19 19 - 3 5 - 09 - - 024 20 2696
5 243[2] 921[2]
135 3537
IN738LC Bal 3.4 001 009 85 16 - 7. 08 17 34 26 006 252 30 20628
148[2] 6681[2]
ABD- 0.00 1.8 0.4 86 2318
Bal 1.9 001 899 83 - 0.6 222 474 - 2 10 11711
850AM 3 9 4 142[2] 5545[2]
ABD900- 0.00 19.9 169 2.0 1.4 187 2821
Bal 2.11 0.05 -q - 1.78 239 3.08 116 42 1063
AM 5 3 6 9 2 198[2] 3577[2]
Note: Alloy compositions are given in wt.%. “Bal” denotes balance. “-” indicates that the element was not intentionally added or that the

corresponding value was not reported, as applicable. SCI was evaluated over the solid fraction interval fs=0.90-0.99 and at fs=0.99, as listed in



the last two columns; fs denotes solid fraction. Higher CSC and SCI values generally indicate greater hot cracking susceptibility and poorer

printability during additive manufacturing.



Mechanical properties

To evaluate the predictive capability for mechanical performance, Phase Lab was
benchmarked against experimental strength and creep data for a wide range of Ni-based
superalloys. The strength module combines CALPHAD-derived state variables with
physics-based strengthening contributions from solid solution, grain boundaries (Hall-
Petch), and precipitation hardening. Experimental datasets for UNS-series alloys were
compiled from standard industry references, including Special Metals technical
datasheets and ASM handbooks[72,73]. Figure 6A and Figure 6B compare the
calculated room-temperature yield strength (YS) and ultimate tensile strength (UTS)
with experimental values, showing strong linear correlation. To assess thermal
responses, Figure 6C illustrates the temperature-dependent strength evolution of
Nimonic 901, where the model reproduces the main experimental trends over the
measured range. Extending this validation, Figure 6D compares calculated and
experimental high-temperature yield strengths across multiple commercial alloys,

demonstrating good agreement.

Beyond static strength, Phase Lab integrates thermodynamic and kinetic data to support
creep assessment. Figure 6E presents the calculated log(stress)-log(rupture life)
relationships for Nimonic 105 at various temperatures, capturing the general time-
dependent trend. Figure 6F validates the 1000-hour rupture strength for a broad range
of commercial Ni-based alloys. Quantitative error statistics for these datasets are
summarized in Table 5, where N is the number of data points, R? is the coefficient of
determination, MAE is the mean absolute error, MAPE is the mean absolute percentage
error, and MaxAE is the maximum absolute error. Overall, the strength predictions
show reasonable agreement with experiments. The 1000-hour creep rupture strength
predictions capture the general trend across alloys but exhibit larger scatter, and should
therefore be regarded as screening-level estimates rather than high-precision lifetime

predictions.

Taken together, the cross-domain comparisons indicate that the integrated CALPHAD-
based models provide reasonable agreement with reference data in the tested cases and
highlight the value of a consistent CALPHAD-to-data workflow. By exporting results
as standardized, provenance-rich data products, Phase Lab enables reproducible

aggregation across alloy systems and provides directly reusable inputs for surrogate



modeling, screening, and data-driven ICME/MGE workflows that are difficult to

realize with ad hoc, tool-specific practices.



Table 5. Summary of prediction errors for mechanical properties (Ni-based superalloys)

R? (coefficient of MAE (mean MAPE (mean absolute MaxAE (maximum
Property N (data points) o
determination) absolute error) percentage error) absolute error)
Room-temperature yield
27 0.858 78.8 MPa 14.2% 256.8 MPa
strength
Room-temperature
28 0.824 81.5 MPa 8.9% 258.1 MPa
ultimate tensile strength
High-temperature  yield
77 0.968 47.5 MPa 15.9% 138.4 MPa
strength
1000-hour creep rupture
76 0.878 41.3 MPa 26.8% 317.2 MPa

strength
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Figure 6. Validation of strength and creep performance predictions for Ni-based
superalloys with experimental data[72,73]: (A) yield strength and (B) ultimate tensile
strength at room temperature; (C) temperature-dependent strength evolution curve for
Nimonic 901; (D) high-temperature yield strength for various commercial alloys; (E)
log(stress) vs. log(rupture life) plots for Nimonic 105 at varying temperatures; (F)

1000-hour rupture strength for various alloys.

CONCLUSIONS
This work presents Phase Lab as a cloud-native CALPHAD-to-data platform for alloy
designers, CALPHAD practitioners, and AI/ICME/MGE researchers who require



scalable computation together with standardized data products. The main contribution
of the platform is not the development of new thermodynamic or kinetic models, but
the standardization of CALPHAD calculations into reproducible, metadata-linked, and
machine-readable data products. By integrating server-side computation, task
orchestration, provenance tracking, database/model versioning, and structured export,
Phase Lab provides a practical route for connecting physics-based calculations with

AI/ML, ICME, and MGE workflows.

The benchmark and validation results demonstrate that Phase Lab can reproduce
representative CALPHAD calculations and maintain stable execution in high-
throughput settings. In point-to-point ternary benchmarks, Phase Lab matched Thermo-
Calc results for molar Gibbs energy, liquidus temperature, and solidus temperature
under aligned calculation settings. In batch tests, Phase Lab achieved a 100%
completion rate for 20,000 ternary calculations with an average runtime of 0.006933 s
per task. For 9-component and 12-component calculations, Phase Lab achieved
completion rates of 99.32% and 98.14%, respectively, with average runtimes of 1.122
and 2.19 s per task. Across the validation cases, the platform showed agreement with
literature or experimental data for phase equilibria, diffusion and precipitation kinetics,
transformation diagrams, thermophysical properties, solidification behavior, hot-
cracking indicators, and mechanical properties. For Ni-based superalloys, the room-
temperature yield-strength and ultimate-tensile-strength predictions gave R? values of

0.858 and 0.824, respectively.

The present platform is most reliable within the alloy systems, databases, and model
assumptions covered by the implemented thermodynamic, kinetic, mobility, and
property descriptions. Its current validation is mainly focused on metallic systems, and
extensions to non-metallic materials require suitable databases and further assessment.
Some property predictions, especially creep rupture strength, conductivity, and
mechanical properties involving detailed precipitate morphology or dislocation
evolution, should currently be regarded as screening-level or model-dependent

estimates rather than universal high-precision predictions.

Future work will focus on expanding database coverage, improving user-defined

database support, adding uncertainty information to exported data products, and



strengthening extensibility for customized property models. Further integration with
density functional theory, molecular dynamics, phase-field, and finite-element
workflows would also allow Phase Lab to serve as a data-oriented bridge between

CALPHAD calculations and broader multiscale alloy design.

DECLARATIONS
Acknowledgments
The authors thank Prof. Xiaogang Lu, Prof. Yong Du, Prof. Libin Liu, Prof. Jianyun
Shen, Prof. Weisen Zheng, Prof. Weiwei Xu, Prof. Xiangxi Ye and Prof. Xiaoyu Chong
for helpful discussions and support regarding algorithm optimization, thermodynamic

database assessment and refinement, and model development.

Authors’ contributions

Conceived and designed the study; provided supervision and project administration;
and wrote and revised the manuscript: Lihui Yan, Xingjun Liu, Kui Gong, Yin Wang.
Developed the methodology and computational framework: Lihui Yan, Yikai Chen,
Qiaojun Wu, Rui Dong, Weijie Zhang.

Performed software development and code implementation: Yikai Chen, Lihui Yan.
Optimized databases and curated thermodynamic and mobility data: Qiaojun Wu, Rui
Dong, Weijie Zhang.

Collected, organized, and analyzed the validation datasets: Lihui Yan, Rui Dong.

All authors read and approved the final manuscript.

Availability of data and materials

A representative export example (results and metadata) is available from the
corresponding  authors upon request. Phase Lab is accessible at
https://cloud.hzwtech.com/phase-lab. Please note that access may require account

registration and is subject to licensing and user permissions.

Financial support and sponsorship

None.

Conflicts of interest

Xingjun Liu is the Executive Editor-in-Chief of the journal Journal of Materials



Informatics, but was not involved in any steps of editorial processing, notably including
reviewer selection, manuscript handling, and decision making. And Lihui Yan, Qiaojun
Wu, Yikai Chen, Rui Dong, Weijie Zhang, Kui Gong, Yin Wang are affiliated with
Hongzhiwei Technology (Shanghai) CO.LTD.

Ethical approval and consent to participate

Not applicable.

Consent for publication

Not applicable.

Copyright
© The Author(s) 2026.

REFERENCES

1. Li, X.; Zheng, M.; Pan, H.; Mao, C.; Ding, W. An Integrated Design of Novel RAFM Steels
with Targeted Microstructures and Tensile Properties Using Machine Learning and CALPHAD. J.
Mater. Inform. 2024, 4, doi:10.20517/jmi.2024.44.

2. Tang, Y.; Panwisawas, C.; Ghoussoub, J.N.; Gong, Y.; Clark, J.W.G.; André A.N. Németh;
McCartney, D.G.; Reed, R.C. Alloys-by-Design: Application to New Superalloys for Additive
Manufacturing. Acta Mater. 2021, 202, 417-436, doi:10.1016/j.actamat.2020.09.023.

3. Alabort, E.; Barba, D.; Shagiev, M.R.; Murzinova, M.A.; Galeyev, R.M.; Valiakhmetov, O.R.;
Aletdinov, A.F.; Reed, R.C. Alloys-by-Design: Application to Titanium Alloys for Optimal
Superplasticity. Acta Mater. 2019, 178, 275-287, doi:10.1016/j.actamat.2019.07.026.

4.  Yang, Q.; Wang, Z.; Xiao, X.; Xie, J. CALPHAD-Assisted Composition and Processing
Design of High-Strength and High-Conductivity Copper Alloy. Mater. Sci. Eng. A 2023, 8§81,
145432, doi:10.1016/j.msea.2023.145432.

5. Shen, C. The Synergy of Machine Learning and CALPHAD: Revitalizing Traditional
Approaches. Comput. Mater. Sci. 2025, 258, 113970, doi:10.1016/j.commatsci.2025.113970.

6.  Li, X.; Chen, X. Data-Driven Discovery of New Eutectic High-Entropy Alloys via Calculation
of Phase Diagrams and Machine Learning Integration. Adv. Eng. Mater. 2025, 27, 2500879,
doi:10.1002/adem.202500879.

7. He, L.; Wang, C.; Zhang, M.; Li, J.; Chen, T.; Zhou, X. Design of BCC/FCC Dual-Solid
Solution Refractory High-Entropy Alloys through CALPHAD, Machine Learning and
Experimental Methods. Npj Comput. Mater. 2025, 11, 105, doi:10.1038/541524-025-01597-3.

8. Sheikh, S.; Vela, B.; Honarmandi, P.; Morcos, P.; Shoukr, D.; Kotb, A.M.; Karaman, I.;



Elwany, A.; Arroyave, R. High-Throughput Alloy and Process Design for Metal Additive
Manufacturing. Npj Comput. Mater. 2023, 11, doi:10.1038/s41524-025-01670-x.

9.  Wall, A.; Benoit, M.J. A Review of Existing Solidification Crack Tests and Analysis of Their
Transferability to Additive Manufacturing. J. Mater. Process. Technol. 2023, 320, 118090,
doi:10.1016/j.jmatprotec.2023.118090.

10. Balluffi, R.-W.; Mehl, R.F. Grain Boundary Diffusion Mechanisms in Metals. Metall. Trans.
A 1982, 13,2069-2095, doi:10.1007/BF02648378.

11.  Sheikh, S.; Vela, B.; Attari, V.; Huang, X.; Morcos, P.; Hanagan, J.; Acemi, C.; Karaman, [;
Elwany, A.; Arroyave’, R. Exploring Chemistry and Additive Manufacturing Design Spaces: A
Perspective on Computationally-Guided Design of Printable Alloys. Mater' Res. Lett. 2024, 12,
235-263, doi:10.1080/21663831.2024.2316204.

12. MU Y.; ZHANG X.; CHEN Z. Modeling of Crack Susceptibility of Ni-Based Superalloy for
Additive Manufacturing via Thermodynamic Calculation and Machine Learning. Acta Metall. Sin.
2023, 59, 1075-1086, doi:10.11900/0412.1961.2023.00050.

13. Peachey, D.; He, Y.; Zhang, P.; Clark, J.; Hussain, Z.; Wagstaff, T.; Nemeth, A.; Crudden, D.
ABD-1000AM: A Highly Processible Superalloy for Additive Manufacturing, Computationally
Designed for 1000°C Applications.; Indian Wells, California, USA, October 15 2024; pp. 861-872.
14. Wang, J.; Kwon, H.; Oh, S.-H.; Kim, H:S.; Lee, B.-J. Interpretable and Physics-Informed
Modeling of Solidification in Alloy Systems: A Generalized Framework for Multi-Component
Prediction. Acta Mater. 2025, 286, 120716, doi:10.1016/j.actamat.2025.120716.

15. Ming Lou; Kai Xu; Leilei Chen; Chengyuan Hong; Yuan Yuan; Yujie Du; Yong Du; Keke
Chang Development of Robust Surfaces for Harsh Service Environments from the Perspective of
Phase Formation and Transformation. J. Mater. Inform. 2021, 1, doi:10.20517/jmi.2021.02.

16. Szymanski, N.J.; Rendy, B.; Fei, Y.; Kumar, R.E.; He, T.; Milsted, D.; McDermott, M.J.;
Gallant, M.; Cubuk, E.D.; Merchant, A.; et al. An Autonomous Laboratory for the Accelerated
Synthesis of Inorganic Materials. Nature 2023, 624, 86-91, doi:10.1038/s41586-023-06734-w.

17. Merchant, A.; Batzner, S.; Schoenholz, S.S.; Aykol, M.; Cheon, G.; Cubuk, E.D. Scaling Deep
Learning for Materials Discovery. Nature 2023, 624, 80-85, doi:10.1038/s41586-023-06735-9.

18. Zhu, S.; Sartiirk, D.; Arrdéyave, R. Accelerating CALPHAD-Based Phase Diagram
Predictions in Complex Alloys Using Universal Machine Learning Potentials: Opportunities and
Challenges. Acta Mater. 2025, 286, 120747, doi:10.1016/j.actamat.2025.120747.

19. Andersson, J.-O.; Helander, T.; Hoglund, L.; Shi, P.; Sundman, B. Thermo-Calc & DICTRA,
Computational Tools for Materials Science. Calphad 2002, 26, 273-312, doi:10.1016/S0364-
5916(02)00037-8.

20. Chen, S.-L.; Daniel, S.; Zhang, F.; Chang, Y.A.; Yan, X.-Y.; Xie, F.-Y.; Schmid-Fetzer, R.;
Oates, W.A. The PANDAT Software Package and Its Applications. Calphad 2002, 26, 175-188,
doi:10.1016/S0364-5916(02)00034-2.

21. Saunders, N.; Guo, U.K.Z.; Li, X.; Miodownik, A.P.; Schillé, J.-Ph. Using JMatPro to Model



Materials Properties and Behavior. JOM 2003, 55, 60—65, doi:10.1007/s11837-003-0013-2.

22. Lukas, H.; Fries, S.G.; Sundman, B. Computational Thermodynamics: The Calphad Method,
Cambridge University Press: Cambridge, 2007; ISBN 978-0-521-86811-2.

23. Hillert, M.; Jarl, M. A Model for Alloying in Ferromagnetic Metals. Calphad 1978, 2, 227—
238, doi:10.1016/0364-5916(78)90011-1.

24. Sundman, B.; Chen, Q.; Du, Y. A Review of Calphad Modeling of Ordered Phases. J. Phase
Equilibria Diffus. 2018, 39, 678—693, do0i:10.1007/s11669-018-0671-y.

25. Sundman, B.; Lu, X.-G.; Ohtani, H. The Implementation of an Algorithm to Calculate
Thermodynamic Equilibria for Multi-Component Systems with Non-Ideal Phases in a Free
Software. Comput. Mater. Sci. 2015, 101, 127-137, doi:10.1016/j.commatsci.2015.01.029.

26. Schmid, R.; Chang, Y.A. A Thermodynamic Study on an Associated Solution Model for
Liquid Alloys. Calphad 19885, 9, 363-382, doi:10.1016/0364-5916(85)90004-5.

27. Campbell, C.E.; Boettinger, W.J.; Kattner, U.R. Development of a Diffusion Mobility
Database for Ni-Base Superalloys. Acta Mater. 2002, 50, 775-792, doi:10.1016/S1359-
6454(01)00383-4.

28.  Ury, N.; Neuberger, R.; Sargent, N.; Xiong, W.; Arroyave, R.; Otis, R. Kawin: An Open
Source Kampmann—Wagner Numerical (KWN) Phase Precipitation and Coarsening Model. Acta
Mater. 2023, 255, 118988, doi:10.1016/j.actamat.2023.118988.

29. Gulliver, G.H. The Quantitative Effect of Rapid Cooling upon the Constitution of Binary
Alloys. J Inst Met 1913, 120-157.

30. Chen, Q.; Sundman, B. Computation of Partial Equilibrium Solidification with Complete
Interstitial and Negligible Substitutional Solute Back Diffusion. Mater. Trans. 2002, 43, 551-559,
doi:10.2320/matertrans.43.551.

31.  Wahlmann, B.; Leidel, D.; Markl, M.; Kérner, C. Numerical Alloy Development for Additive
Manufacturing towards Reduced Cracking Susceptibility. Crystals 2021, 11, 902,
doi:10.3390/cryst11080902.

32.  Lu, X.-G.; Selleby, M.; Sundman, B. Assessments of Molar Volume and Thermal Expansion
for Selected Bcc, Fce and Hcp Metallic Elements. Calphad 2005, 29, 68-89,
doi:10.1016/j.calphad.2005.05.001.

33.  Zhu, N.-Q.; Liu, W.; Wang, Z.-C.; Lu, X.-G. Modeling of Molar Volume for the Ni—Al y/T”’
Binary Phases within the Framework of CALPHAD Method. Calphad 2020, 71, 101792,
doi:10.1016/j.calphad.2020.101792.

34. Sichen, Du; Bygd’en, J.; Seetharaman, S. A Model for Estimation of Viscosities of Complex
Metallic and lonic Melts. Metall. Mater. Trans. B 1994, 25, 519-525, doi:10.1007/bf02650073.
35.  Schick, M.; Brillo, J.; Egry, 1.; Hallstedt, B. Viscosity of AlI-Cu Liquid Alloys: Measurement
and Thermodynamic Description. J. Mater. Sci. 2012, 47, 8145-8152, do0i:10.1007/s10853-012-
6710-x.

36. Ho, C.Y.; Ackerman, M.W.; Wu, K.Y.; Oh, S.G.; Havill, T.N. Thermal Conductivity Often



Selected Binary Alloy Systems. J. Phys. Chem. Ref. Data 1978, 7, 959-1178, d0i:10.1063/1.555583.
37. Du,B.; Tan, J.; Wu, Q.; Wen, S.; Liu, Y.; Du, Y. Assessment of Thermal Conductivity for FCC
Al-X (X=Zn, Mg) and Al-Zn-Mg Alloys: Experiments and Modeling. Calphad 2024, 87, 102763,
doi:10.1016/j.calphad.2024.102763.

38. Bochvar, N.R.; Vigdorovich, V.N.; Leonova, N.P; Lysova, E.V. ELECTRICAL
RESISTIVITY OF ALLOYS IN THE SYSTEMS Cu-Mn-Ge, Cu-Mn-Sn, AND Cu-Ge-Sn. Met.
Sci. Heat Treat. 1984, 26, 175-178, doi:10.1007/BF00707173.

39.  Gypen, L.A.; Deruyttere, A. Multi-Component Solid Solution Hardening. J. Mater. Sci. 1977,
12,1034-1038, doi:10.1007/BF00540988.

40. Gladman, T. Precipitation Hardening in Metals. Mater. Sci. Technol. 1999, 15, 30-36,
doi:10.1179/026708399773002782.

41. W. Cao; Zhang, F.; Chen, S.-L.; Zhang, C.; Zhu, J.; Semiatin, S.L.; Tiley, J.S. Precipitation
Modeling of Multi-Component Nickel-Based Alloys. J. Phase Equilibria Diffus. 2016, 37,491-502,
doi:10.1007/s11669-016-0481-z.

42. Hall, E.O. The Deformation and Ageing of Mild Steel: III Discussion of Results. Proc. Phys.
Soc. Sect. B 1951, 64, 747-753, doi:10.1088/0370-1301/64/9/303.

43. Chen, S.-L.; Chou, K.-C.; Chang, Y.A. On a New Strategy for Phase Diagram Calculation 1.
Basic Principles. Calphad 1993, 17, 237-250, doi:10.1016/0364-5916(93)90003-T.

44.  Chen, S.-L.; Chou, K.-C.; Chang, Y.A. On a New Strategy for Phase Diagram Calculation 2.
Binary Systems. Calphad 1993, 17, 287-302, doi:10.1016/0364-5916(93)90007-X.

45. Sundman, B.; Dupin, N.; Hallstedt, B. Algorithms Useful for Calculating Multi-Component
Equilibria, Phase Diagrams and Other Kinds of Diagrams. Calphad 2021, 75, 102330,
doi:10.1016/j.calphad.2021.102330.

46. Liu, X.L.; Lindwall, G.; Gheno, T.; Liu, Z.-K. Thermodynamic Modeling of Al-Co—Cr, Al-
Co—-Ni, Co—Cr-Ni Ternary Systems towards a Description for AI-Co—Cr—Ni. Calphad 2016, 52,
125-142, doi:10.1016/j.calphad.2015.12.007.

47. Wang, Y.; Cacciamani, G. Experimental Investigation and Thermodynamic Assessment of the
Al-Co-Ni System. Calphad 2018, 61, 198-210, doi:10.1016/j.calphad.2018.03.008.

48. Chen, H.-L.; Chen; Q.; Engstrom, A. Development and Applications of the TCAL Aluminum
Alloy Database. Calphad 2018, 62, 154—171, doi:10.1016/j.calphad.2018.05.010.

49. Lee, B.-J. A Thermodynamic Evaluation of the Fe-Cr-Mn-C System. Metall. Trans. A 1993,
24,1017-1025, doi:10.1007/BF02657232.

50. Liu, M.; Zhang, L.; Chen, W.; Xin, J.; Du, Y.; Xu, H. Diffusivities and Atomic Mobilities in
fcc Al Ni-X (X=Ge, Ti and V) Alloys. Calphad 2013, 41, 108-118,
doi:10.1016/j.calphad.2013.02.005.

51. Liu, F.; Wang, Z.; Wang, Z.; Zhong, J.; Wu, X.; Qin, Z.; Li, Z.; Tan, L.; Zhao, L.; Zhu, L.; et
al. High-Throughput Determination of Interdiffusivity Matrices in Ni-Al-Ti-Cr-Co-Mo-Ta-W

Multicomponent Superalloys and Their Application in Optimization of Creep Resistance. Mater.



Today Commun. 2020, 24, 101018, doi:10.1016/j.mtcomm.2020.101018.

52. Saunders, N.; Guo, Z.; Li, X.; A P Miodownik The Calculation of TTT and CCT Diagrams
for General Steels; Sente Software Ltd., 2024;

53. Boyer; Howard E. Atlas of Isothermal Transformation and Cooling Transformation Diagrams;
American Society for Metals, 1977,

54. British iron and steel research association Metallurgy (general) division. Atlas of Isothermal
Transformation Diagrams of B.S. En Steels; 2nd ed.; Iron and Steel Institute: London, 1956;

55. Fang, X,; Li, Y.; Zheng, Q.; Guo, J.; Yang, Y.; Ding, W.; Ma, C.; He, K.; Su, N.; Jiang, J.; et
al. Theoretical Prediction of Structural, Mechanical, and Thermophysical Properties of the
Precipitates in 2xxx Series Aluminum Alloy. Metals 2022, 12,2178, d0i:10.3390/met12122178.
56. Feng, X.; Liang, F. Measurement and Analysis of Molten Ni-Co-Al Alloy Density. J. Mater.
Sci. Technol. 2003, 19, 388-390.

57. Sato, Y. Representation of the Viscosity of Molten Alloy as a Function of the Composition
and Temperature. Jpn. J. Appl. Phys. 2011, 50, doi:10.1143/JJAP.50.11RDO1.

58.  Zhou, K.; Wang, H.P.; Chang, J.; Wei, B. Surface Tension Measurement of Metastable Liquid
Ti—Al-Nb Alloys. Appl. Phys. A 2011, 105, 211-214, doi:10.1007/s00339-011-6491-0.

59. Otter, F.A.; Jr. Thermoelectric Power and Electrical Resistivity of Dilute Alloys of Mn, Pd,
and Pt in Cu, Ag, and Au. J. Appl. Phys. 1956, 27, 197-200, doi:10.1063/1.1722342.

60. Yang, L.; Yang, J.; Han, F.; Zhang, Z.; Li, Q.; Dong, Z.; Wang, L.; Ofori-Opoku, N.; Provatas,
N. Hot Cracking Susceptibility Prediction from Quantitative Multi-Phase Field Simulations with
Grain Boundary Effects. Acta Mater. 2023, 250, 118821, doi:10.1016/j.actamat.2023.118821.

61. Koshikawa, T.; Gandin, C.-A.; Bellet, M.; Yamamura, H.; Bobadilla, M. Computation of
Phase Transformation Paths in Steels by a Combination of the Partial- and Para-Equilibrium
Thermodynamic Approximations. 1S1J Int. 2014, 54, 1274-1282,
doi:10.2355/isijinternational.54.1274.

62. Zheng, L.; Gu, C.Q.; Zheng, Y.R. Investigation of the Solidification Behavior of a New Ru-
Containing Cast Ni-Base Superalloy with High W Content. Scr. Mater. 2004, 50, 435-439,
doi:10.1016/j.scriptamat.2003.11.009.

63. Chen, Y.; Lu, F; Zhang, K.; Nie, P; Elmi Hosseini, S.R.; Feng, K.; Li, Z. Dendritic
Microstructure and Hot Cracking of Laser Additive Manufactured Inconel 718 under Improved
Base Cooling. J. Alloys Compd. 2016, 670, 312-321, doi:10.1016/j.jallcom.2016.01.250.

64. Tian,J.; Song, A.; Chen, S.; Liu, C.; Ye, X.-X. Weldability of GH3539 Superalloy: Unraveling
the Dueling Roles of Zr, C, and Si in Solidification Crack Formation and Healing. J. Mater. Res.
Technol. 2025, 39, 4561-4575, doi:10.1016/j.jmrt.2025.10.130.

65. Cloots, M.; Uggowitzer, P.J.; Wegener, K. Investigations on the Microstructure and Crack
Formation of IN738LC Samples Processed by Selective Laser Melting Using Gaussian and
Doughnut Profiles. Mater. Des. 2016, 89, 770—784, doi:10.1016/j.matdes.2015.10.027.

66. Zhang, X.; Chen, H.; Xu, L.; Xu, J.; Ren, X.; Chen, X. Cracking Mechanism and



Susceptibility of Laser Melting Deposited Inconel 738 Superalloy. Mater. Des. 2019, 183, 108105,
doi:10.1016/j.matdes.2019.108105.

67. Hariharan, A.; Lu, L.; Risse, J.; Kostka, A.; Gault, B.; Jagle, E.A.; Raabe, D. Misorientation-
Dependent Solute Enrichment at Interfaces and Its Contribution to Defect Formation Mechanisms
during Laser Additive Manufacturing of Superalloys | Phys. Rev. Materials. Phys. Rev. Mater. 2019,
3, 123602, doi:10.1103/PhysRevMaterials.3.123602.

68. Ogawa, Y.; Noguchi, K.; Takakuwa, O. Criteria for Hydrogen-Assisted Crack Initiation in Ni-
Based Superalloy 718. Acta Mater. 2022, 229, 117789, doi:10.1016/j.actamat.2022.117789.

69. Qi, H.; Azer, M.; Ritter, A. Studies of Standard Heat Treatment Effects on Microstructure and
Mechanical Properties of Laser Net Shape Manufactured INCONEL 718 | Metallurgical and
Materials Transactions A. Metall. Mater. Trans. A 2009, 40, 2410-2422, doi:10.1007/s11661-009-
9949-3.

70.  Chen, Y.; Zhang, K.; Huang, J.; Hosseini, S.R.E.; Li, Z..Characterization of Heat Affected
Zone Liquation Cracking in Laser Additive Manufacturing of Inconel 718. Mater Des 2016, 90,
586—-594, doi:10.1016/j.matdes.2015.10.155.

71. Johnson, L.; Mahmoudi, M.; Zhang, B.; Seede, R.; Huang, X.; Maier, J.T.; Maier, H.J;
Karaman, I.; Elwany, A.; Arréyave, R. Assessing Printability Maps in Additive Manufacturing of
Metal Alloys. Acta Mater. 2019, 176, 199-210, doi:10.1016/j.actamat.2019.07.005.

72. Special Metals Available online: https://www.specialmetals.com/ (accessed on 15 September
2025).

73. Davis, J.R. Metals Handbook Desk Edition; 2nd Edition.; ASM International, 1998;





