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Metallurgical slags simultaneously govern chemical partitioning, heat and mass 

transfer, refractory interactions, and the separation of valuable metals from oxide 

phases. Although the CALPHAD (CALculation of PHAse Diagrams) method predicts 

phase stability and chemical driving forces, its conventional application does not 

resolve short-range liquid structure or transport kinetics. Conversely, density functional 

theory (DFT), ab initio molecular dynamics (AIMD), and classical molecular dynamics 

(MD) can interrogate bonding and liquid networks but cannot independently establish 

industrial multicomponent equilibria. This critical narrative review examines how these 

approaches connect across length and time scales, emphasizing thermodynamic 

descriptions of complex oxide melts, slag structural descriptors, structure–property 

relationships, experimental validation, and uncertainty-aware process prediction. A 

section-specific bibliographic framework spans predominantly 2020–2026 literature, 

supplemented by methodological foundations. The synthesis distinguishes 

experimentally constrained prediction from plausible but unvalidated scale coupling. It 

identifies database coverage, redox-dependent speciation, force-field transferability, 

kinetic departures from equilibrium, and uncertain plant boundary conditions as 

principal barriers. A staged workflow is proposed in which experimental observations 

constrain atomistic and thermodynamic models, prediction intervals are tested against 

unseen conditions, and calibrated outputs inform reactor-scale decisions. Multiscale 

slag engineering is therefore better viewed as a traceable sequence of validated 

information transfers than as the simple juxtaposition of modeling techniques. 

Keywords: CALPHAD, Metallurgical Slags, Molecular Dynamics, First-Principles 

Calculations, Phase Equilibria, Multiscale Modeling. 

Highlights 

 Thermodynamic and atomistic approaches address complementary slag 

behavior. 

 Network topology connects melt composition to transport response. 

 Cross-scale predictions require experimental constraints and uncertainty 

bounds. 

 Industrial deployment must account for kinetics and variable feed chemistry. 
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Introduction 

Metallurgical slags are chemically active oxide liquids, not 

passive waste streams. Their liquidus temperature, oxidation 

state, dissolution capacity, viscosity, and phase relations 

influence metal recovery, impurity removal, slag foaming, 

furnace integrity, and product quality. A single bulk-basicity 

index cannot uniquely represent the effects of cation 

coordination, polymerization, volatile species, or locally 

different oxygen potentials. Figure 1 outlines the distinct 

information required for a predictive design workflow, while 

Table 1 compares the scope of its constituent methods. 

This critical narrative review asks when DFT calculations, 

AIMD simulations, and CALPHAD assessments can yield  

 

 

mutually reinforcing constraints for industrial slag prediction. 

The bibliographic corpus was selected for topical coverage 

and emphasizes studies from 2020–2026 alongside 

methodological foundations. Because full systematic search 

and exclusion logs are unavailable, no Preferred Reporting 

Items for Systematic Reviews and Meta-Analyses 

(PRISMA)-style systematic-review claim is made. 

The central distinction is between a thermodynamically 

admissible state and a state actually achieved within a finite 

residence time. Equilibrium minimization defines a reference 

outcome; liquid connectivity and transport influence how 

rapidly it might be approached, and reactor conditions 

determine whether the reference is operationally relevant. 

This distinction informs the structure of the review and the 

comparison of evidence discussed in Figures 2–4. 

 
Figure 1. Complementary information domains and potential scale-to-scale handoffs. 

Note. Conceptual diagram prepared for this review; 

verification of figure provenance and author approval is 

required before submission. Arrows represent information 

transfer, not a validated end-to-end workflow. ML = machine 

learning. 

The arrows in Figure 1 should not be interpreted as an 

automatic coupling algorithm: different uncertainty structures 

and calibration datasets must be reconciled at every interface. 

Table 1. Complementary modeling domains for complex oxide slags 

Method Validated contribution Main limitation 

DFT / AIMD Bonding, local energetics, redox and 

short-time dynamics 

Functionals, simulation cell size, and 

temperature sampling 

Classical / ML molecular dynamics Network descriptors and transport trends Potential validity and accessible time 

scales 

CALPHAD Activities, equilibrium phases, and stable 

compositions 

Database coverage and equilibrium 

assumption 

CFD / kinetic models Spatial gradients and transient response Closure relations and boundary-

condition uncertainty 

Note. Qualitative synthesis; applicability depends on 

temperature, composition, oxygen potential, and experimental 

coverage. 

Table 1 establishes why no single method resolves both 

atomic coordination and plant-scale separation efficiency.  

 

The validity domain of each method matters more than its 

nominal complexity. 

This narrative review distinguishes application-specific 

experimental evidence, atomistic interpretations, 

thermodynamic assessments, and conceptual proposals. The 
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evidence classes are not automatically interchangeable, and 

the scope of any extrapolation should be explicitly identified. 

Thermodynamic Foundations of 

Metallurgical Slags 

The governing criterion for equilibrium is minimization of 

total Gibbs energy subject to elemental balances and 

specified temperature, pressure, and exchange potentials. 

Activities translate composition into chemical potential, μᵢ = 

μᵢ° + RT ln aᵢ, and nonideality enters through activity 

coefficients and composition-dependent interaction terms. 

Oxide melts require explicit attention to the reference states 

used for oxide constituents and to the partition between ionic 

species and structurally meaningful entities. 

Oxygen potential links gas chemistry, Fe²⁺/Fe³⁺ speciation, 

and the stability of spinel and other solid phases. Calculated 

metal partitioning may change substantially with imposed 

pO₂ or pSO₂ even when bulk oxide composition is 

unchanged. Basicity and network polymerization influence 

properties but must not be used as interchangeable substitutes 

for chemical potential or rigorous Gibbs-energy functions. 

A rigorous interpretation separates equilibrium constraints 

from reaction pathways, interfacial resistances, and gas–slag 

transport. Observed departures from calculated partitioning 

may reflect insufficient equilibration, measurement 

uncertainty, or a genuinely inadequate thermodynamic model; 

each requires different corrective experiments. 

Thermodynamic Models for Oxide Slags 

Ideal, regular, and subregular solution models provide 

increasingly flexible expressions for excess Gibbs energy but 

may be poorly suited to melts with strong short-range 

ordering and changing coordination environments. Associate 

and ionic descriptions introduce a more explicit 

representation of interactions, whereas the Modified 

Quasichemical Model emphasizes pairwise ordering and 

composition-dependent short-range interactions. 

Compound Energy Formalism represents sublattice 

occupancy and defect chemistry in phases where 

crystallographic or ionic constraints are justified. Model 

choice must follow the types and ranges of available 

observations, not simply mathematical flexibility: an 

attractive fit to a ternary section may conceal unreliable 

multicomponent extrapolation. 

Two thermodynamic databases can predict different phase 

boundaries because of different assessments, phase 

descriptions, standard states, or parameter-optimization 

strategies. A cross-database comparison should disclose 

versions, selected solution phases, suppressed phases, and 

constraints; mere agreement between software packages is 

not independent validation. 

CALPHAD Assessment of Slag Systems 

An assessment is a constrained inversion problem: phase 

equilibria, activities, calorimetric measurements, and liquidus 

observations are reconciled through parameterized Gibbs-

energy descriptions. Binary parameter quality is necessary 

but not sufficient for robust ternary and higher-order 

prediction. Extrapolation reliability depends on the presence 

of higher-order interactions, consistency across assessed 

subsystems, and exclusion of incompatible datasets. 

Assessment practice should disclose measurement origins and 

estimated uncertainty, optimization targets, weighting 

strategy, parameter correlations, and blind validation against 

data not used for calibration. Figure 2 depicts the distinction 

between fitting and genuine prediction. 

FactSage, Thermo-Calc, and pycalphad provide different 

software interfaces and model/database ecosystems; results 

are not directly comparable without specifying database 

releases and phase selections. Assessment reports should 

expose numerical solver behavior near miscibility gaps or 

competing oxide solids rather than presenting a single 

equilibrium output as a unique experimental fact. 

Figure 2 separates source-data assimilation from out-of-

sample prediction; an assessment can pass through the first 

three stages without meeting the fourth. 

 
Figure 2. Thermodynamic assessment cycle and the independent validation requirement. 
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Note. Conceptual diagram prepared for this review; 

verification of figure provenance and author approval is 

required before submission. Arrows represent information 

transfer, not a validated end-to-end workflow. Gibbs-energy 

assessment refers to model calibration based on experimental 

observations. 

The essential test is whether fitted Gibbs-energy descriptions 

transfer to measurements excluded from the parameter-

optimization step. 

These assessments and tools address different parts of phase-

equilibrium inversion, ranging from liquidus constraints to 

database development and testing. Evaluate their applicability 

at matched composition and oxygen potential. 

A useful distinction in the literature on phase and CALPHAD 

is between the quantity directly constrained by a method and 

the process variable ultimately sought. The cited works span 

related compositions or techniques, yet their contributions 

should not be treated as a common validated prediction 

without matched temperature, composition, and reference 

states (Otis et al., 2017). 

For calibration, comparisons must retain the system 

boundaries and the observables involved. Literature in this 

group provides potentially complementary methodological or 

material-specific context; evidence of transfer to more 

complex industrial slags requires a separate test rather than a 

title-level analogy (Shishin et al., 2013). 

CALPHAD for Industrial Slag 

Chemistry 

Iron-rich silicate, calcium aluminosilicate, and chromium- or 

titanium-bearing slags demonstrate why industrial prediction 

requires chemical boundaries that extend beyond major oxide 

percentages. Copper smelting combines matte, metal, oxide 

liquid, spinel, and controlled sulfur–oxygen atmospheres; 

steelmaking adds phosphorus distribution and fluctuating 

FeO activity; ferroalloy slags introduce multivalent 

chromium and complex spinel precipitation. 

Slag composition is frequently reported on an oxide basis 

even though process-relevant components can change 

valence, transfer between phases, or volatilize. For 

comparative interpretation, equilibrium calculations should 

identify all gas, metal, matte, solid, and slag phases and the 

imposed elemental inventories; otherwise, apparently similar 

basicity values can describe fundamentally different systems. 

Operational merit cannot be inferred from an equilibrium 

phase diagram alone. A liquidus decrease may improve 

fluidity but alter refractory compatibility; increased impurity 

capacity may require an oxygen potential that changes metal 

losses. Such conflicts should be evaluated as constrained 

multi-objective design problems, not single-number optima. 

Industrial cases should be compared based on feed 

composition, controlled oxygen and sulfur potentials, 

competing solid phases, and residence time. Such differences 

limit direct transfer of operating conclusions among furnaces. 

A useful distinction in the literature on metal partitioning is 

between the quantity directly constrained by a method and the 

process variable ultimately sought. The cited works span 

related compositions or techniques, yet their contributions 

should not be treated as a common validated prediction 

without matched temperature, composition, and reference 

states (Chen et al., 2019). 

For phase and phosph, comparisons must retain the system 

boundaries and the observables involved. Literature in this 

group provides potentially complementary methodological or 

material-specific context; evidence of transfer to more 

complex industrial slags requires a separate test rather than a 

title-level analogy (Gao et al., 2020). 

An important unresolved question for phase and oxygen is 

how well the reported modeling or experimental domain 

overlaps with industrial operating conditions. These sources 

inform that question, but generalization requires explicit 

phase selection, independent measurement, and uncertainty 

assessment (Hidayat et al., 2018). 

Within sulf, the literature is best interpreted in terms of a 

chain of constraints, not interchangeable model outputs. 

Assess each contribution against its native experimental or 

computational conditions before using it to justify process-

scale inference (Liu et al., 2021). 

A useful distinction in the literature on phase and oxygen is 

between the quantity directly constrained by a method and the 

process variable ultimately sought. The cited works span 

related compositions or techniques, yet their contributions 

should not be treated as a common validated prediction 

without matched temperature, composition, and reference 

states (Nikolic et al., 2010). 

For phase and oxygen, comparisons must retain the system 

boundaries and the observables involved. Literature in this 

group provides potentially complementary methodological or 

material-specific context; evidence of transfer to more 

complex industrial slags requires a separate test rather than a 

title-level analogy (Peng et al., 2020). 

An important unresolved question for industrial applications 

is how well the reported modeling or experimental domain 

overlaps with conditions of industrial operation. These 

sources inform that question, but generalization requires 

explicit phase selection, independent measurement, and 

uncertainty assessment (Pereira, 2026c). 

Within refract and industrial contexts, the literature is best 

interpreted as a chain of constraints, not interchangeable 

model outputs. Assess each contribution against its native 

experimental or computational conditions before using it to 

justify process-scale inference (Sineva et al., 2022). 
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A useful distinction in the literature on phase and refract is 

between the quantity directly constrained by a method and the 

process variable ultimately sought. The cited works span 

related compositions or techniques. However, their 

contributions should not be treated as a common validated 

prediction without matched temperature, composition, and 

reference states (Sun et al., 2020b). 

For phase and phosph, comparisons must retain the system 

boundaries and the observables involved. Literature in this 

group provides potentially complementary methodological or 

material-specific context; evidence of transfer to more 

complex industrial slags requires a separate test rather than a 

title-level analogy (Sun et al., 2022a). 

An important unresolved question for phosph and sulf is how 

well the reported modeling or experimental domain overlaps 

with conditions of industrial operation. These sources inform 

that question, but generalization requires explicit phase 

selection, independent measurement, and uncertainty 

assessment (Talapaneni et al., 2018). 

Within phase, the literature is best interpreted in terms of a 

chain of constraints, not interchangeable model outputs. 

Assess each contribution against its native experimental or 

computational conditions before using it to justify process-

scale inference (Tian et al., 2022). 

A useful distinction in the literature on phase is between the 

quantity directly constrained by a method and the process 

variable ultimately sought. The cited works span related 

compositions or techniques, yet their contributions should not 

be treated as a common validated prediction without matched 

temperature, composition, and reference states (Wang et al., 

2025). 

For phase and phosph, comparisons must retain the system 

boundaries and the observables involved. Literature in this 

group provides potentially complementary methodological or 

material-specific context; evidence of transfer to more 

complex industrial slags requires a separate test rather than a 

title-level analogy (Xie et al., 2024). 

An important unresolved question for phase is how well the 

reported modeling or experimental domain overlaps with 

industrial operating conditions. These sources inform that 

question, but generalization requires explicit phase selection, 

independent measurement, and uncertainty assessment (Xie et 

al., 2021). 

Molecular Dynamics of Molten Slags 

Classical MD integrates atomic motions using a prescribed 

interatomic potential, enabling exploration of liquid structure 

in larger systems and over longer timescales than typical ab 

initio simulations. Born–Mayer–Huggins and Buckingham 

forms capture selected repulsive and dispersive interactions, 

but transferability across valence changes and chemically 

dissimilar oxide networks remains nontrivial. 

Radial distribution functions, coordination numbers, bridging 

and non-bridging oxygens, and Qⁿ distributions (where n is 

the number of bridging oxygens per network-forming 

tetrahedron) quantify local and intermediate-range structure. 

These observables depend on counting conventions, cutoff 

radii, temperature, composition, and the potential model. 

Structural agreement alone does not establish transport 

accuracy, particularly where viscosity depends on rare 

cooperative rearrangements. 

Learned potentials may bridge some atomistic scale gaps, 

provided training data represent high-temperature liquids, 

mixed valence, and unusual coordination states. Extrapolation 

diagnostics and independent liquid-state validation are 

essential to prevent a low test error on crystalline training 

configurations from masquerading as slag performance. 

Molecular simulations of oxide liquids explore network 

connectivity and local ionic environments across distinct 

compositional families. Differences in force fields and 

structural descriptors prevent automatic quantitative 

comparison. 

A useful distinction in the literature on molecules and 

structure is between the quantity directly constrained by a 

method and the process variable ultimately sought. The cited 

works span related compositions or techniques, yet their 

contributions should not be treated as a common validated 

prediction without matched temperature, composition, and 

reference states (Car, 2016). 

For molecular comparisons, comparisons must retain the 

system boundaries and the observables involved. Literature in 

this group provides potentially complementary 

methodological or material-specific context; evidence of 

transfer to more complex industrial slags requires a separate 

test rather than a title-level analogy (Diao et al., 2017). 

An important unresolved question for phosph and molecular 

is how well the reported modeling or experimental domain 

overlaps with industrial operating conditions. These sources 

inform that question, but generalization requires explicit 

phase selection, independent measurement, and uncertainty 

assessment (Fan et al., 2015). 

Within molecular and structural studies, the literature is best 

interpreted in terms of a chain of constraints, not 

interchangeable model outputs. Assess each contribution 

against its native experimental or computational conditions 

before using it to justify process-scale inference (Feng et al., 

2021). 

A useful distinction in the literature on phosph and sulf is 

between the quantity directly constrained by a method and the 

process variable ultimately sought. The cited works span 

related compositions or techniques, yet their contributions 

should not be treated as a common validated prediction 

without matched temperature, composition, and reference 

states (He et al., 2022). 
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For molecular and structural comparisons, comparisons must 

retain the system boundaries and the observables involved. 

Literature in this group provides potentially complementary 

methodological or material-specific context; evidence of 

transfer to more complex industrial slags requires a separate 

test rather than a title-level analogy (Jiang et al., 2018b). 

An important unresolved question for molecular structure is 

how well the reported modeling or experimental domain 

overlaps with industrial operating conditions. These sources 

inform that question, but generalization requires explicit 

phase selection, independent measurement, and uncertainty 

assessment (Jiang et al., 2020). 

Within diffuse and Raman, the literature is best interpreted in 

terms of a chain of constraints, not interchangeable model 

outputs. Assess each contribution against its native 

experimental or computational conditions before using it to 

justify process-scale inference (Liu et al., 2024). 

A useful distinction in the literature on molecule and structure 

is between the quantity directly constrained by a method and 

the process variable ultimately sought. The cited works span 

related compositions or techniques, yet their contributions 

should not be treated as a common validated prediction 

without matched temperature, composition, and reference 

states (Ma et al., 2021a). 

For oxygen and molecule comparisons, comparisons must 

retain the system boundaries and the observables involved. 

Literature in this group provides potentially complementary 

methodological or material-specific context; evidence of 

transfer to more complex industrial slags requires a separate 

test rather than a title-level analogy (Sun et al., 2024c). 

An important unresolved question for molecul and potent is 

how well the reported modeling or experimental domain 

overlaps with conditions of industrial operation. These 

sources inform that question, but generalization requires 

explicit phase selection, independent measurement, and 

uncertainty assessment (Xu et al., 2026). 

Within molecular structure, the literature is best interpreted in 

terms of a chain of constraints, not interchangeable model 

outputs. Assess each contribution against its native 

experimental or computational conditions before using it to 

justify process-scale inference (Yao et al., 2017). 

A useful distinction in the literature on molecul and potent is 

between the quantity directly constrained by a method and the 

process variable ultimately sought. The cited works span 

related compositions or techniques, yet their contributions 

should not be treated as a common validated prediction 

without matched temperature, composition, and reference 

states (Zhang et al., 2014). 

For molecular and structural comparisons, comparisons must 

retain the system boundaries and the observables involved. 

Literature in this group provides potentially complementary 

methodological or material-specific context; evidence of 

transfer to more complex industrial slags requires a separate 

test rather than a title-level analogy (Zhou et al., 2023). 

First-Principles and Ab Initio Methods 

DFT can evaluate candidate local bonding configurations, 

energetics, charge distribution, and relative stability. At the 

same time, AIMD samples thermally fluctuating 

configurations with on-the-fly electronic calculations. Such 

methods are particularly useful for testing local coordination 

hypotheses and generating reference forces for transferable 

interatomic potentials. 

However, finite cells, limited trajectories, electronic 

exchange–correlation approximations, strong correlation 

effects, and competing magnetic or oxidation states constrain 

the certainty of predictions. An inferred ionic charge is not 

automatically an experimentally measurable oxidation 

fraction, and a calculated formation energy is not directly a 

complete composition-dependent liquid Gibbs energy. 

The most credible route from first principles to CALPHAD is 

to treat calculated energy differences as additional 

constrained observations with explicit uncertainties, then 

compare improved assessments with withheld experimental 

phase relations. Direct parameter transfer without statistical 

or thermodynamic consistency checks risks overinterpreting 

atomistic calculations. 

Electronic-structure and ab initio approaches provide 

energetic and structural constraints, but neither alone 

establishes equilibrium phase fractions in real industrial 

mixtures. 

A useful distinction in the literature on phase is between the 

quantity directly constrained by a method and the process 

variable ultimately sought. The cited works span related 

compositions or techniques, yet their contributions should not 

be treated as a common validated prediction without matched 

temperature, composition, and reference states (Jones, 2015). 

For molecular comparisons, they must retain the system 

boundaries and the observables involved. Literature in this 

group provides potentially complementary methodological or 

material-specific context; evidence of transfer to more 

complex industrial slags requires a separate test rather than a 

title-level analogy (Sun et al., 2015). 

Connecting Atomic Structure With 

Macroscopic Properties 

Viscosity, diffusivity, conductivity, density, interfacial 

tension, and chemical capacities are linked to oxide-network 

connectivity but respond differently to species mobility, 

composition, temperature, and charge compensation. 

Depolymerization often accompanies reduced viscosity in 

silicate-rich regions, yet this trend is not universal when 

amphoteric oxides, crystals, or redox-driven associations 

compete. 
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Compare structural metrics such as Qⁿ and non-bridging 

oxygen fraction against measured property curves at matched 

temperature and composition. Correlation is not equivalence: 

two liquids may display similar average network connectivity 

but differ in cation dynamics or crystallization kinetics. 

Figure 3 formalizes the conditional chain from network 

topology to an industrial response. 

For process design, treat transport properties as temperature- 

and composition-dependent functions with uncertainty. 

Sulfide and phosphate capacities additionally require 

consistent gas activities and standard states; solubility and 

phase partitioning are thermodynamic observables, whereas 

their achievement depends on kinetics. 

Figure 3 illustrates why network descriptions must be 

combined with macroscopic characterization rather than 

equated with performance. 

 
Figure 3. Conditional structure–property–process connections in oxide slags. 

Note. Conceptual diagram prepared for this review; 

verification of figure provenance and author approval is 

required before submission. Arrows represent information 

transfer, not a validated end-to-end workflow. Qⁿ denotes 

tetrahedral units with n bridging oxygens; BO = bridging 

oxygen; NBO = non-bridging oxygen. 

Every arrow depends on composition, temperature, and phase 

state, especially near precipitation boundaries. 

The structure–property literature tests whether changes in 

composition and network connectivity explain viscosity, 

transport, and interfacial response. Structural interpretation 

must be qualified by temperature and crystallinity. 

A useful distinction in the literature on phosph and molecul is 

between the quantity directly constrained by a method and the 

process variable ultimately sought. The cited works span 

related compositions or techniques, yet their contributions 

should not be treated as a common validated prediction 

without matched temperature, composition, and reference 

states (Fan et al., 2021a). 

For viscos and sulf, comparisons must retain the system 

boundaries and the observables involved. Literature in this 

group provides potentially complementary methodological or 

material-specific context; evidence of transfer to more 

complex industrial slags requires a separate test rather than a 

title-level analogy (Ju et al., 2019). 

An important unresolved question for viscos and molecul is 

how well the reported modeling or experimental domain 

overlaps with industrial operating conditions. These sources 

inform that question, but generalization requires explicit 

phase selection, independent measurement, and uncertainty 

assessment (Kovtun et al., 2020). 

Within viscos and sulf, the literature is best interpreted in 

terms of a chain of constraints, not interchangeable model 

outputs. Assess each contribution against its native 

experimental or computational conditions before using it to 

justify process-scale inference (Park et al., 2012). 

A useful distinction in the literature on viscos and phosph is 

between the quantity directly constrained by a method and the 

process variable ultimately sought. The cited works span 

related compositions or techniques. Yet, their contributions 

should not be treated as a common validated prediction 

without matched temperature, composition, and reference 

states (Sun et al., 2024b). 

For viscos and molecul, comparisons must retain the system 

boundaries and the observables involved. Literature in this 

group provides potentially complementary methodological or 

material-specific context; evidence of transfer to more 

complex industrial slags requires a separate test rather than a 

title-level analogy (Wu et al., 2016). 

An important unresolved question for viscos and phosph is 

how well the reported modeling or experimental domain 

overlaps with conditions of industrial operation. These 

sources inform that question, but generalization requires 

explicit phase selection, independent measurement, and 

uncertainty assessment (Zhao et al., 2026a). 

Within viscos and sulf, the literature is best interpreted in 

terms of a chain of constraints, not interchangeable model 

outputs. Assess each contribution against its native 



IKR Publishers  

 

© IKR Journal of Multidisciplinary Studies (IKRJMS). Published by IKR Publishers  Page 8 

 

experimental or computational conditions before using it to 

justify process-scale inference (Zuo et al., 2021). 

Multiscale Coupling: DFT, MD, 

CALPHAD, and Process Models 

Coupling must be operationally defined. A one-way 

workflow might use DFT-derived reference forces to fit a 

potential, MD to estimate structural or transport trends, 

CALPHAD to predict phase populations, and reactor 

calculations to integrate transport and residence-time effects. 

A bidirectional workflow could use experimentally measured 

phase chemistry to revise electronic or molecular 

assumptions. 

These layers do not share a universal state description: DFT 

samples configurations at fixed atom counts, MD resolves 

trajectories, and CALPHAD minimizes macroscopic free 

energy. Therefore, mapping an AIMD energy distribution 

directly to a liquidus temperature or using a single MD 

viscosity value as a general kinetic closure is unjustified 

without carefully defined temperature, composition, statistical 

ensembles, and reference states. 

An evidence hierarchy can distinguish (i) separate model 

applications, (ii) cross-method qualitative consistency, (iii) 

quantitatively calibrated transfer, and (iv) prediction validated 

on unseen process conditions. Many attractive integration 

diagrams demonstrate the first two stages rather than the 

fourth, and should be labeled accordingly. 

An integrated model requires compatible state definitions, 

explicit uncertainty propagation, and measurable quantities at 

each handoff, not merely the sequential execution of software 

packages. 

A useful distinction in the literature on potent and learn is 

between the quantity directly constrained by a method and the 

process variable ultimately sought. The cited works span 

related compositions or techniques, yet their contributions 

should not be treated as a common validated prediction 

without matched temperature, composition, and reference 

states (Mishin, 2021). 

For potent, comparisons must retain the system boundaries 

and the observables involved. Literature in this group 

provides potentially complementary methodological or 

material-specific context; evidence of transfer to more 

complex industrial slags requires a separate test rather than a 

title-level analogy (Thompson et al., 2015). 

Validation Against Experimental 

Techniques 

Equilibration–quenching followed by electron-probe 

microanalysis constrains phase composition and distribution, 

while differential thermal analysis and calorimetry support 

transition temperatures and enthalpies. Raman spectroscopy, 

Fourier-transform infrared spectroscopy (FTIR), X-ray 

absorption near-edge structure (XANES), extended X-ray 

absorption fine structure (EXAFS), neutron scattering, and 

synchrotron methods provide complementary but model-

dependent structural or speciation information. High-

temperature in situ approaches reduce quenching-related 

ambiguities but introduce specialized atmosphere and signal-

interpretation challenges. 

Experimental datasets should report temperature calibration, 

oxygen and sulfur potentials, residence and equilibration 

criteria, quench histories, sampling locations, replicate 

variability, and, where relevant, mass closure. Without these 

conditions, comparisons of liquidus, viscosity, or oxidation 

state can conflate model error with uncontrolled 

thermochemical boundaries. 

Validation should be method-specific. Spectroscopic 

agreement can support coordination assignments yet not 

independently prove viscosity; accurate equilibrium phase 

fractions do not prove kinetics; and a successful viscosity 

correlation cannot independently identify the correct short-

range ordering mechanism. Cross-observable agreement is 

stronger than agreement against a single fitted endpoint. 

Independent experimental constraints are needed at both the 

structural and thermodynamic levels. Comparisons should 

distinguish measurements from interpretation and fitted 

versus withheld observations. 

A useful distinction in the literature on viscosity and 

temperature is between the quantity a method directly 

constrains and the process variable ultimately sought. The 

cited works span related compositions or techniques, yet their 

contributions should not be treated as a common validated 

prediction without matched temperature, composition, and 

reference states (Ding et al., 2020). 

For phase and viscosity, comparisons must retain the system 

boundaries and the observables involved. Literature in this 

group provides potentially complementary methodological or 

material-specific context; evidence of transfer to more 

complex industrial slags requires a separate test rather than a 

title-level analogy (Sineva et al., 2020b). 

An important unresolved question for spectroscopic 

assignment is how well the reported modeling or 

experimental domain overlaps with industrial operating 

conditions. These sources inform that question, but 

generalization requires explicit phase selection, independent 

measurement, and uncertainty assessment (Sineva et al., 

2023). 

Within Raman and molecular studies, the literature is best 

interpreted as a chain of constraints, not interchangeable 

model outputs. Assess each contribution against its native 

experimental or computational conditions before using it to 

justify process-scale inference (Zhou et al., 2022). 
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Uncertainty, Model Transferability, and 

Major Limitations 

Uncertainty arises from experimental measurements, model 

structure, parameter identifiability, software and database 

versions, phase suppression decisions, and industrial 

boundary conditions. Even precise numerical minimization 

can produce misleading certainty when metastable phases, 

gas release, incomplete mixing, or unrepresented trace 

components dominate practical outcomes. 

MD uncertainty includes force-field transfer, finite size, 

sampling duration, and incomplete exploration of slow 

relaxation modes. DFT uncertainty includes electronic 

approximations, structure selection, temperature corrections, 

and limited composition ensembles. CALPHAD uncertainty 

includes correlated parameters and sparse high-order datasets. 

These terms should not be collapsed into an undocumented 

single percentage. 

A robust transfer test deliberately holds out compositions, 

temperatures, oxygen potentials, and process scales not used 

in model calibration. Uncertainty propagation through a 

process flowsheet should distinguish epistemic uncertainty, 

reducible by evidence, from aleatory variability in feeds and 

operations. 

The reliability of cross-scale inference rests on uncertainty 

characterization and transfer tests that include compositions 

and conditions absent from parameter fitting. 

A useful distinction in the literature on phase and uncertainty 

is between the quantity directly constrained by a method and 

the process variable ultimately sought. The cited works span 

related compositions or techniques, yet their contributions 

should not be treated as a common validated prediction 

without matched temperature, composition, and reference 

states (Paulson et al., 2018). 

For uncertain comparisons, they must retain the system 

boundaries and the observables involved. Literature in this 

group provides potentially complementary methodological or 

material-specific context; evidence of transfer to more 

complex industrial slags requires a separate test rather than a 

title-level analogy (Paulson et al., 2019). 

Emerging Directions and Research 

Priorities 

Machine-learned interatomic potentials, Bayesian 

assessments, automated thermodynamic optimization, and 

physics-informed surrogates can accelerate exploration of 

difficult multicomponent spaces. Their scientific value 

depends on calibrated uncertainty, informative data selection, 

and physically credible extrapolation, not merely faster 

execution or higher dimensionality. 

Active learning offers a practical means to target poorly 

sampled liquid configurations, oxide valence states, or phase 

boundaries. Bayesian CALPHAD can represent parameter 

covariance and distribute predictive intervals over phase 

fields; CFD–CALPHAD and kinetic coupling can translate 

bounded equilibrium information into transient transport 

models. 

Priority should be given to interoperable datasets with 

recorded oxygen potential, spectroscopy-assisted speciation, 

in situ high-temperature observations, public benchmark 

compositions, withheld validation sets, and pilot-scale 

reconciliation of heat and elemental balances. Figure 4 

illustrates a validation-first deployment pathway. 

Figure 4 introduces a staged approach to transferable, 

auditable predictions. 

 
Figure 4. Validation-first pathway for uncertainty-aware process applications. 

Note. Conceptual diagram prepared for this review; 

verification of figure provenance and author approval is 

required before submission. Arrows represent information 

transfer, not a validated end-to-end workflow. UQ = 

uncertainty quantification; pO₂ = oxygen partial pressure. 

Process deployment should be conditional on the domain 

represented by calibration and independent validation, with 

renewed evaluation when feed chemistry changes. 

New surrogate and learning methods can improve 

computational throughput, although their generalization to 
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liquid slags remains conditional on training-domain coverage 

and independent validation. 

A useful distinction in the literature on potent and learn is 

between the quantity directly constrained by a method and the 

process variable ultimately sought. The cited works span 

related compositions or techniques, yet their contributions 

should not be treated as a common validated prediction 

without matched temperature, composition, and reference 

states (Behler, 2016). 

Conclusions and Research Priorities 

CALPHAD, molecular dynamics, and first-principles 

methods supply complementary rather than interchangeable 

descriptions of metallurgical slags. Thermodynamic modeling 

is strongest in identifying stable phase assemblages and 

chemical driving forces within assessed domains; atomistic 

methods are strongest in investigating bonding, liquid 

topology, and microscopic dynamics. Neither alone 

guarantees industrial prediction under transient, 

heterogeneous operating conditions. The key research 

opportunity is to convert qualitative multiscale compatibility 

into tested, traceable quantitative handoffs. Priorities are 

thermodynamically consistent multicomponent databases, 

experimentally constrained liquid speciation, transferable 

interatomic models, uncertainty-aware validation, and explicit 

kinetic and reactor-scale closure. This review proposes the 

credibility of out-of-sample predictions, rather than the 

number of connected software tools, as the benchmark for 

predictive slag engineering. 
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