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Abstract

Sodium-ion batteries are a cost-effective and sustainable alternative to lithium-ion systems
for large-scale energy storage. Hard carbon (HC) anodes, composed of disordered graphitic
and amorphous domains, offer high capacity but exhibit complex, poorly understood ion
transport behavior. In particular, the relationship between local microstructure and sodium
mobility remains unresolved, hindering rational performance optimization. Here, we intro-
duce a data-driven framework that combines machine-learned interatomic potentials with
molecular dynamics simulations to systematically investigate sodium diffusion across a broad
range of carbon densities and sodium loadings. By computing per-ion structural descriptors,
we identify the microscopic factors that govern ion transport. Unsupervised learning uncovers
distinct diffusion modes, including hopping, clustering, and void trapping, while supervised
analysis highlights tortuosity and Na–Na coordination as primary determinants of mobility.
Correlation mapping further connects these transport regimes to processing variables such as
bulk density and sodium content. This physics-informed approach establishes quantitative
structure–transport relationships that capture the heterogeneity of disordered carbon. Our
findings deliver mechanistic insights into sodium-ion dynamics and provide actionable design
principles for engineering high-performance HC anodes in next-generation battery systems.
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Main

Sodium-ion batteries (SIBs) are emerging as cost-effective and scalable alternatives for sustainable energy1

storage. Their appeal is driven by the abundance of sodium and the availability of low-cost materials,2

making SIBs particularly suitable for stationary applications where affordability and long cycle life3

outweigh the need for high energy density [1]. Among potential anode materials, hard carbons stand4

out for their high capacity, robust chemical stability, and tunable microstructure, which enables further5

performance optimization [2].6

Despite their promise, designing high-performance hard carbon anodes remains challenging due to an7

incomplete understanding of sodium storage mechanisms and the lack of predictive structure–property re-8

lationships. Hard carbons exhibit considerable structural complexity, featuring both short-range ordered9

(graphitic) regions and disordered or porous domains. Several mechanistic models have been proposed,10

starting with the classical “insertion–filling” model, which attributes the high-voltage sloping region to11

sodium intercalation into graphitic-like interlayers and the low-voltage plateau to pore filling within dis-12

ordered domains [3–5]. Subsequent frameworks, such as “adsorption–insertion” and “adsorption–filling,”13

have considered additional factors like graphitic stacking faults, edge sites, and distinctions between14

closed and open nanopores [1, 4, 6]. These models aim to explain sodium storage across the diverse15

microstructural domains of hard carbon, including graphitic layers, pores, and amorphous boundaries,16

rather than in uniformly amorphous systems.17

Recent studies underscore that the effectiveness of sodium storage mechanisms in hard carbon is18

closely tied to its underlying microstructure. Hard carbon is inherently heterogeneous, displaying hier-19

archical motifs such as nanocrystalline graphitic domains, stacking faults, amorphous boundary regions,20

and both open and closed pores. These features collectively influence the balance between sloping and21

plateau capacities, affect ion transport kinetics, and ultimately shape electrochemical performance. For22

instance, graphitic interlayers serve as intercalation sites responsible for the sloping region of the voltage23

profile, while closed pores facilitate quasi-metallic sodium adsorption, contributing to the low-voltage24

plateau [3, 4, 7]. The size, distribution, and connectivity of these domains are highly sensitive to syn-25

thesis parameters, including pyrolysis temperature, precursor chemistry, and densification processes [1,26

2, 8].27

Importantly, these microstructural domains can be deliberately tuned: increasing graphitic content28

can enhance rate capability, while controlled pore formation can boost reversible capacity. However,29

while the roles of ordered domains are relatively well understood, the contributions of disordered and30

interfacial regions remain unclear, despite mounting evidence that they are critical for Na-ion mobility,31

clustering, and safety in practical electrodes.32

The more disordered and amorphous domains, particularly those at the interfaces between crystalline-33

like regions, nanoscale surfaces, and pore walls, are structurally elusive but electrochemically significant,34

especially in high-capacity and high-rate applications. Their spatial and temporal heterogeneity compli-35

cates direct characterization, yet they can play a dominant role in sodium-ion mobility and clustering36

behavior. Recent operando and spectroscopic studies have highlighted the importance of these features.37

For example, Xiao et al. demonstrated that closed pores with diameters around 1.6 nm offer an opti-38

mal balance between minimizing diffusion barriers and achieving favorable sodiation potentials, thereby39

reducing the risk of sodium metal plating at high currents [7]. Iglesias et al. used operando X-ray tech-40

niques to show that such microstructural environments promote quasi-metallic sodium clustering within41

confined domains, reinforcing the link between pore curvature and electrochemical behavior [9]. In situ42

NMR and SAXS analyses further corroborate these findings, confirming the progressive filling of closed43

nanopores and associating higher curvature with reduced sodiation potentials [2].44

From a mechanistic perspective, Sun et al. and others have shown that defects and heteroatom45

doping can modulate adsorption energetics in the sloping region, although these effects are difficult to46

quantify due to the complex and amorphous nature of local environments [1, 4]. Computational studies47

have sought to address this challenge. Density functional theory (DFT) has yielded valuable insights into48

sodium binding at edge sites, vacancies, and carbon fragments, but remains limited to small-scale, ide-49

alized systems [10]. Reddy et al. combined in situ Raman spectroscopy with first-principles calculations50

to propose a multi-stage sodium insertion pathway involving interlayer intercalation, surface adsorption,51

and pore filling [11]. However, simulating realistic disorder and dynamic ion transport at scale continues52

to be a significant challenge. Reactive force fields such as ReaxFF allow for larger-scale simulations, yet53

their accuracy in capturing many-body interactions and ion clustering is limited [12]. Recent safety-54

focused studies further highlight the importance of understanding ion behavior in disordered domains.55

For example, Nio et al. reported that sodium clustering within closed nanopores can create electronically56
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metallic domains, lower thermal stability below 100 °C, and mimic the effects of metal plating [13].57

Collectively, these observations implicate structural features such as tortuosity, pore morphology, and58

coordination environment as key determinants of both kinetics and safety. Despite recent advances, much59

of the current understanding still relies on ensemble-averaged observables and indirect ex situ analyses,60

which obscure local heterogeneity. A central knowledge gap remains: how do local atomic-scale features61

and structural disorder influence sodium mobility and phase behavior across the diverse environments62

present in real hard carbon materials?63

To address this gap, we develop a machine learning-based interatomic potential trained on high-64

fidelity DFT data. Unlike traditional force fields, machine learning potentials can generalize across65

a wide range of local environments and capture complex many-body interactions, providing both the66

accuracy of quantum methods and the scalability needed for realistic simulations. This approach en-67

ables accurate and efficient large-scale molecular dynamics simulations that capture structural disorder,68

heterogeneity, and the dynamic evolution of sodium within highly disordered carbon matrices. By over-69

coming the fidelity–scale trade-off inherent in earlier methods, our framework provides simultaneous70

access to atomistic detail and long-timescale transport behavior, directly addressing the need to resolve71

local heterogeneity in sodium-ion dynamics.72

Our integrated framework advances the field in three key ways. First, we extract trajectory-resolved73

structural descriptors, including ion coordination, accessible volume, and tortuosity. Second, we apply74

unsupervised learning techniques, such as agglomerative clustering, to identify distinct sodium-ion trans-75

port behaviors within the evolving carbon network. Third, we conduct correlation and feature importance76

analyses to determine the dominant structural features governing ionic diffusion. This physics-informed,77

data-driven approach reveals how sodium ions respond to their local environments, insights that are78

inaccessible to traditional, average-based analyses.79

Ultimately, our work provides a predictive and interpretable understanding of sodium transport in80

hard carbon anodes. It establishes a robust processing–structure–property framework that links synthetic81

variables (such as densification and annealing) to microscopic structure and macroscopic performance.82

These insights offer practical guidance for designing next-generation carbon architectures that combine83

high-rate capability with thermal safety.84

Results85

Physically-Guided Workflow for Diffusion Mode Classification86

We begin by outlining our integrated computational framework (Fig. 1), designed to uncover sodium87

storage and transport mechanisms in hard carbon electrodes with diverse nanodomains and heteroge-88

neous microstructures. Although this approach is broadly applicable to various carbon architectures, we89

focus here on highly disordered carbon to highlight the methodology’s strengths. Disordered carbon’s90

structural and compositional complexity makes it an ideal system for probing subtle structure–transport91

relationships. Our framework combines large-scale molecular dynamics (MD) simulations powered by92

machine-learning interatomic potentials, physically informed structural descriptors, and data-driven fea-93

ture extraction to classify and interpret a wide range of diffusion behaviors.94

At the core of the framework are MD simulations (Fig. 1, Panel 1) using the Allegro machine-learned95

interatomic potential (MLIP) [14–16], which is trained on DFT data for crystalline graphene, amorphous96

carbon, and sodium-intercalated structures (see SI Section 1.1 for details). This enables simulations that97

are both accurate and scalable. We systematically vary carbon density (1.5–3.0 g/cc) and sodium loading98

(25%, 50%, and 100%) to explore how global structure and ion concentration affect transport kinetics99

(see SI Section 1.2 for details). While experimental bulk densities for hard carbon typically range from100

1.5 to 1.9 g/cc [5, 8, 17], our simulations extend up to 3.0 g/cc to capture both experimentally relevant101

and idealized motifs. This broader range allows us to sample local environments, such as densely packed102

or compressed regions, that may arise during synthesis. By including these higher-density configurations,103

we capture a more diverse spectrum of microstructures and systematically assess how design parameters104

like carbon density and sodium loading influence microstructural evolution and ion transport. Notably,105

the significant atomic-level heterogeneity present in disordered carbon, even at fixed density and capacity,106

renders traditional average-based analyses inadequate.107
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Figure 1: End-to-end framework for sodium-ion diffusion analysis in disordered carbon us-
ing MLMD and human-guided, physics-informed machine learning. The workflow integrates
machine learning molecular dynamics (MLMD) with both unsupervised and supervised learning to deci-
pher ion transport mechanisms. (1) Large-scale MLMD simulations are performed using machine-learned
interatomic potentials (MLIPs), enabling exploration of sodium trajectories across long time and length
scales. (2) Human-guided, physics-based local descriptors are computed for each Na-ion, including Na–Na
coordination, Na–C coordination, tortuosity, and accessible volume. (3) Correlation maps link diffusion
coefficients with structural descriptors, revealing structure–mobility trends. (4) Unsupervised learning
is used to classify ions into diffusion modes based on local environments. (5) Human-guided interpre-
tation is used to assign physical meaning to each cluster (e.g., surface diffusion, interlayer migration).
(6) Supervised learning and SHAP analysis identify which features govern diffusion class assignment.
This combined approach enables interpretable classification and prediction of ion transport in complex
amorphous materials.

To resolve atomic-scale heterogeneity, we perform per-ion, per-frame structural analysis (Fig. 1,108

Panel 2). For each sodium ion, we extract four physically motivated descriptors that characterize its local109

environment: (i) Na–Na coordination, quantifying ionic crowding and clustering; (ii) Na–C coordination,110

reflecting binding to the carbon framework; (iii) tortuosity, measuring the complexity of local diffusion111

pathways; and (iv) accessible volume, representing the physical space available for ion motion (see112

SI Section 1.4 for details). These descriptors are selected for their strong theoretical and empirical113

connections to ion mobility in amorphous and confined systems. Importantly, they provide interpretable114

proxies for microstructure without requiring manual labeling or domain segmentation.115

To link local structure with transport, we compute ion-specific diffusion coefficients and correlate116

them with these descriptors (Fig. 1, Panel 3), generating a continuous mapping between microstructure117

and transport behavior. This analysis begins to reveal dominant trends, but the relationships between118

descriptors and diffusion are highly complex, descriptor spaces are broad, nonlinear, and interdependent,119

making it difficult to define simple mechanistic rules (see SI Section 1.5). Pairwise correlations alone120

cannot capture the diversity of ion trajectories in disordered systems.121

To address this, we employ machine learning techniques capable of uncovering patterns in high-122

dimensional, entangled feature spaces. Specifically, we apply unsupervised learning to identify and label123

emergent diffusion modes based on per-ion structural and dynamical descriptors (Fig. 1, Panel 4). Ag-124
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glomerative clustering groups ions into distinct populations with shared structural–dynamical signatures,125

capturing the coexistence of behaviors such as concerted diffusion, cavity hopping, and trapping within126

the same system (see SI Section 1.6). These clusters are both data-driven and physically meaningful,127

aligning with established knowledge of ion motion in confined and disordered environments.128

We then classify each ion’s diffusion behavior (Fig. 1, Panel 5) by assigning it to mechanistic modes,129

including surface-driven diffusion, interlayer hopping, clustering-dominated transport, and immobilized130

states. Human interpretation is crucial at this stage, that is, by inspecting representative trajectories131

and structural motifs, we align data-derived clusters with physically meaningful diffusion mechanisms.132

This human-in-the-loop step ensures that the results are grounded in real transport physics and avoids133

purely statistical overfitting.134

Finally, to determine which structural features most strongly govern diffusion mode, we train a super-135

vised XGBoost classifier using the extracted descriptors (Fig. 1, Panel 6). Feature attribution via SHAP136

(SHapley Additive exPlanations) quantifies the influence of Na–Na clustering, tortuosity, and Na–C bond-137

ing across diffusion modes, directly linking structural motifs to functional behavior. We further compute138

Pearson correlations between global design variables (such as carbon density and sodium loading) and139

the fraction of ions in each transport mode, establishing a high-level processing–structure–property map.140

This multistep workflow systematically addresses the complexity of sodium diffusion in hard carbon:141

atomistic simulations capture raw dynamics; local descriptors resolve heterogeneity; correlation mapping142

explains continuous trends; clustering extracts mechanistic states; classification grounds these states in143

physical language; and supervised learning quantifies structure–function relationships. By integrating144

these elements, our platform delivers a coherent and extensible approach to decoding ion transport145

physics and guiding the rational design of next-generation hard carbon anodes.146

Structure–Transport Relationships Across Density and Loading Regimes147

With this pipeline in place, we next examine how structural descriptors evolve as a function of carbon148

density and sodium loading. Figure 2 provides a comprehensive analysis of these effects. Panels (a–c)149

present ensemble-averaged coordination numbers (C–C, C–Na, Na–Na), which reveal global structural150

trends in response to changes in carbon density and sodium content. Panels (d) and (e) display three-151

dimensional isosurfaces of sodium density, visualizing the degree of ion confinement and connectivity152

within the carbon matrix. Panel (f) shows two-dimensional histograms that correlate sodium diffusivity153

with local structural descriptors. Together, these results illustrate how carbon structure and sodium154

content jointly modulate atomic-scale diffusion by shaping coordination environments, ion distribution,155

and overall diffusivity. While carbon density determines the compactness of the matrix, significant local156

heterogeneity often persists, especially in disordered systems, and this heterogeneity strongly influences157

diffusion behavior.158

Figure 2a shows that carbon–carbon (C–C) coordination increases modestly with bulk carbon density,159

as expected, but remains largely insensitive to sodium loading. This finding suggests that the intrinsic160

topology of the carbon network is robust to compositional changes. In contrast, carbon–sodium (C–Na)161

coordination, shown in Figure 2b, rises with both increasing density and sodium content, reflecting162

enhanced host–guest interactions as densification brings sodium ions closer to the carbon framework.163

Sodium–sodium (Na–Na) coordination, presented in Figure 2c, exhibits the strongest dependence on164

both density and loading, increasing substantially at higher values. This trend highlights the onset of165

ionic crowding, which can promote local clustering or cooperative interactions that restrict mobility166

through electrostatic repulsion or steric hindrance.167

To further elucidate how these coordination patterns affect transport, we visualize three-dimensional168

sodium density isosurfaces in panels (d) and (e). At a carbon density of 1.7 g/cm3 and 100% sodium169

loading, extended and partially interconnected sodium domains emerge within the carbon, enabling170

moderately percolated transport pathways. In contrast, at 2.5 g/cm3 and 25% loading, sodium clusters171

are sparse and spatially confined, indicating more localized and isolated diffusion. These qualitative172

trends are quantitatively supported by Figure 2f, which presents a heatmap correlating sodium diffusivity173

with key local descriptors. High mobility is associated with low tortuosity and large accessible volume,174

characteristic of open and navigable pore structures. Conversely, increased Na–Na coordination correlates175

negatively with diffusion, consistent with immobilization arising from ionic crowding or clustering.176
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Figure 2: Structure–transport relationships in Na–C systems across carbon densities and
Na-capacities. (a–c) Ensemble-averaged coordination numbers for (a) carbon–carbon (C–C), (b)
carbon–sodium (C–Na), and (c) sodium–sodium (Na–Na) interactions across densities (1.5–3.0 g/cc)
for 25%, 50%, and 100% sodium loading. (d, e) Three-dimensional sodium density isosurfaces (yel-
low/orange) within gray carbon networks for selected systems. (f) Correlation map relating accessible
volume and tortuosity to sodium diffusivity (logD), demonstrating key structural controls on transport
behavior. The vertical dashed lines indicate the typical experimental range of bulk densities observed in
hard carbon materials.

Several key conclusions emerge from this analysis. First, the structure of the carbon matrix varies177

significantly with density, underscoring the influence of processing conditions. Densification alters both178

local coordination environments and the overall pore topology, as evidenced by changes in pore size179

distribution and network connectivity (see SI Section 1.3). Second, sodium–carbon and sodium–sodium180

interactions both intensify with increasing density and sodium content, leading to greater binding and181

clustering effects. Most importantly, ion transport is governed by the local structural environment:182

diffusion is favored in regions characterized by low tortuosity, moderate coordination, and high accessible183

volume. Collectively, these findings indicate that optimal sodium mobility is achieved at intermediate184

densities and loadings, where the balance between confinement and percolation maximizes transport.185

Unsupervised Discovery of Sodium-Ion Diffusion Modes186

Building on our understanding of fundamental structure–transport relationships, we next perform a187

mode-resolved analysis of ion dynamics. Specifically, we classify sodium-ion trajectories into physically188

interpretable diffusion modes (Fig. 3) by applying unsupervised machine learning to the same set of189

structural descriptors (see SI Section 1.4 for details). This approach establishes a direct link between190

local structural environments and transport mechanisms, providing deeper insight into how atomic-scale191

features dictate diffusion behavior.192

Figure 3 reveals eight distinct diffusion modes, identified through agglomerative clustering of ion-193

specific descriptors and diffusivity values. These modes encompass a range of mechanisms, including194

localized single-ion hopping, defect-assisted motion, void trapping, and more collective behaviors such as195

concerted migration and cluster diffusion. Each mode is characterized by a unique combination of struc-196

tural environment and ion migration pathway, highlighting the diversity of sodium-ion motion within197
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disordered carbon matrices. The effectiveness of our descriptor set, Na–Na coordination, Na–C coordi-198

nation, tortuosity, and accessible volume, is further demonstrated in Fig. 3b. Here, Linear Discriminant199

Analysis (LDA) shows clear separation between diffusion modes in the reduced descriptor space, confirm-200

ing that these physically meaningful features can robustly distinguish different transport mechanisms.201

Notably, the assignment of physically meaningful labels to each cluster required human interpretation,202

underscoring the importance of domain expertise in translating algorithmic results into actionable design203

principles.204

Figure 3c illustrates how the prevalence of each diffusion mode varies with system conditions, as205

visualized in a Sankey diagram. In low-density and low-capacity systems (e.g., 1.5 g/cm3 and 25%206

Na), diffusion is dominated by caged or defect-assisted modes, reflecting limited percolation and strong207

surface interactions. Intermediate regimes (e.g., 1.7–1.9 g/cm3) favor more mobile transport modes,208

such as cavity hopping and concerted diffusion, likely due to improved pore connectivity and balanced209

coordination environments. At the highest densities and sodium loadings (e.g., 3.0 g/cm3 at 100% Na),210

cluster formation and void trapping become prevalent, driven by increased crowding and confinement211

effects.212

Figure 3: Machine learning classification of sodium-ion diffusion modes across structural
regimes. (a) Schematic illustrations of eight distinct Na-ion diffusional mechanisms identified via unsu-
pervised learning, including single-ion and cluster-based transport modes: Caged Interstitial Diffusion,
Defect-Assisted Single-Ion Diffusion, Channel Diffusion, Interlayer Diffusion, Cluster Diffusion in Pores,
Single-Ion Void Diffusion, Cavity Hopping, and Concerted Diffusion. (b) Linear Discriminant Analysis
(LDA) projection of the diffusion modes reveals well-separated clusters, indicating that local descrip-
tors (e.g., coordination, accessible volume, tortuosity) encode sufficient discriminatory information. (c)
Sankey diagram showing the prevalence of each diffusion mode across combinations of density (1.5–3.0
g/cc) and sodium loading (25%–100%), demonstrating how structural and compositional factors regulate
dominant ion transport mechanisms.

This mode-resolved classification highlights several key insights. First, sodium-ion transport is in-213
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trinsically linked to local structural environments, with each diffusion mode arising from specific con-214

figurations of the carbon framework and sodium distribution. Second, unsupervised clustering using215

physically meaningful descriptors offers a robust, data-driven approach for identifying and labeling dif-216

fusion behaviors without the need for prior supervision. Third, the combined effects of carbon density217

and sodium capacity systematically influence diffusion regimes: low values promote isolated or surface-218

bound motion, intermediate conditions enable cooperative dynamics, and high values result in collective219

or arrested states. Importantly, this classification approach extends beyond disordered carbon, provid-220

ing a generalizable framework for investigating ion transport in other compositionally and structurally221

complex materials.222

Mapping Diffusion Mode Prevalence Across Structural Regimes223

After identifying and interpreting the distinct sodium-ion diffusion modes in our systems, we next quan-224

tify how their prevalence and transport contributions change across the design space. Through statistical225

analysis, we correlate the populations and average diffusivities of each diffusion mode with carbon den-226

sity and sodium loading, as illustrated in Fig. 4. This approach offers a comprehensive overview of how227

various structural configurations promote or inhibit specific ion transport mechanisms.228

Figure 4: Sodium diffusion mode decomposition across densities and Na-capacities. (a–c)
Pie charts showing the population distribution of diffusion modes for representative systems at 50%
Na-capacity and densities of 1.5, 2.5, and 3.0 g/cc. (d) Radial bar plot displaying the quantitative
breakdown of Na-ion diffusion mechanisms across all density and capacity combinations. Each bar
segment represents the fraction of Na-ions exhibiting a specific diffusion mode, color-coded according to
the legend. The magnitude reflects the average diffusion coefficient (log scale), revealing the interplay
between structure, composition, and transport behavior.

At low carbon densities (e.g., 1.5 g/cc), sodium-ion diffusion is dominated by single-ion hopping and229

interlayer transport modes. These systems offer high accessible volume and low tortuosity, enabling230

relatively unhindered motion with minimal trapping. As carbon density increases to intermediate levels231
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(1.7–1.9 g/cc), we observe a transition toward more cooperative diffusion. Concerted and cluster-based232

motion become increasingly prevalent, supported by moderately confined yet interconnected channels233

that facilitate correlated ionic movement.234

In contrast, high-density systems (2.5–3.0 g/cc) display a marked shift in diffusion behavior. Here,235

void diffusion, cavity hopping, and trapped states become more common, reflecting environments with236

reduced free volume, greater confinement, and increased ionic crowding. Sodium loading further modu-237

lates these trends. At fixed density, higher Na-loading amplifies both concerted and cluster diffusion due238

to stronger inter-ion interactions, but also raises the likelihood of trapping as Na–Na crowding intensifies.239

This trade-off is visually summarized in the radial bar plot in Fig. 4d, which depicts the distribution240

of diffusion modes across all 18 density–capacity combinations. Lower-density, low-Na systems are en-241

riched in green and blue segments, corresponding to caged interstitial, defect assisted ion and single-ion242

void diffusion, while high-density, high-capacity conditions show increased orange, magenta, and yellow243

segments, representing concerted, cavity hopping, and clustered diffusion in pores, respectively.244

These findings reinforce several key insights. First, sodium transport behavior is directly determined245

by local structural environments, whether ions diffuse independently, as clusters, or remain immobilized246

depends on coordination and available free volume. Second, transport modes systematically evolve with247

both density and capacity: low-density systems favor fast, independent motion; intermediate regimes en-248

able cooperative dynamics; and high-density or high-capacity states suppress mobility through crowding249

and confinement. Finally, there is an inherent trade-off between maximizing storage and maintaining250

high mobility. While increasing Na-content enhances the diversity of diffusion mechanisms, it also intro-251

duces bottlenecks through void filling and inter-ionic blocking. These results underscore the importance252

of carefully tuning both structure and composition to optimize the balance between storage capacity and253

ionic conductivity.254

Correlation Mapping of Diffusion Modes and Structural Regimes255

Building on this mode-resolved landscape, we quantitatively link diffusion behavior to underlying struc-256

tural design parameters. To systematically assess the influence of carbon density and sodium loading257

on specific diffusion modes, we computed Pearson correlation coefficients between the fractional popu-258

lation of each mode and the microscopic control parameters (Fig. 5). This analysis reveals how distinct259

transport mechanisms are either favored or suppressed under varying structural constraints.260

Distinct diffusion modes exhibit clear correlations with density and sodium loading, highlighting261

regime-specific preferences. Defect-assisted and void diffusion modes show strong positive correlations262

with high carbon density and sodium loading (e.g., 3.0 g/cc, 100%), suggesting that ionic crowding and263

structural disorder promote localized, immobilized behavior. In contrast, caged and channel diffusion264

are negatively correlated with increasing density and sodium content, indicating that these more mobile265

transport modes are suppressed under conditions of crowding or confinement. Concerted diffusion and266

cavity hopping display limited or inconsistent correlations, reflecting their emergence only within narrow267

or intermediate structural regimes. Cluster diffusion in pores and interlayer diffusion show neutral268

trends, implying their activation depends more on local geometry than on global density or capacity.269

These contrasting trends underscore the structural selectivity of different transport mechanisms.270

A more detailed breakdown by sodium loading further illustrates how diffusion behavior evolves across271

concentration regimes. At low Na-loading (25%), single-ion void diffusion and defect-assisted diffusion are272

positively correlated with low-to-moderate carbon densities, where open networks and undercoordinated273

environments facilitate individual ion transport. Cluster diffusion appears only at the highest density,274

signaling early crowding effects even at low sodium content. Caged and channel diffusion are largely275

absent or negatively correlated, consistent with the lack of confinement in these open systems. At276

intermediate loadings (50%), defect-assisted diffusion is further enhanced under higher carbon densities,277

while cluster and void diffusion show weak positive correlations with density, marking the onset of278

collective dynamics. Cavity hopping exhibits a mild negative correlation near intermediate densities,279

suggesting competition between cooperative and independent ion motion, while caged diffusion remains280

generally suppressed. At full loading (100%), ion transport is strongly dictated by crowding. Both281

defect-assisted and cluster diffusion show strong positive correlations with sodium loading and carbon282

density, consistent with increased Na–Na coordination and reduced free volume. Caged and hopping283

mechanisms are largely suppressed, while interlayer and concerted diffusion display neutral or weak284

correlations, indicating their activation is more stochastic or geometry-dependent under dense loading285

conditions.286
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Figure 5: Correlation between sodium diffusion modes and structural parameters across
Na-capacities. (a) Pearson correlation coefficients (r) between the fractional population of each iden-
tified diffusion mode and carbon density are shown for systems at 25%, 50%, and 100% Na-capacity.
Positive correlations (red) indicate that a transport mode is favored in denser structures, while negative
correlations (blue) suggest suppression under those conditions. (b) Schematic quadrant plot summariz-
ing the dominant positive (blue) and negative (red) correlations of each diffusion mode with respect to
carbon density and sodium capacity. Together, these panels reveal how distinct transport mechanisms
are structurally encoded and selectively activated across density–capacity regime highlighting the influ-
ence of crowding, confinement, and network topology on sodium mobility.

These trends reveal several key insights. First, diffusion modes are highly regime-specific: low Na-287

loading and low carbon density favor isolated and defect-mediated transport, while high Na-loading288

and dense carbon structures promote crowding-induced clustering and trapping. Second, sodium con-289

centration serves as an effective control parameter, that is, low loadings enable high mobility within290

open frameworks, whereas high loadings result in structural saturation and reduced diffusivity. Third,291

intermediate regimes act as transition points, where multiple transport mechanisms coexist and com-292

pete. Finally, this mode-resolved correlation map identifies structural “design levers” for optimizing ion293

transport. By strategically tuning carbon density and sodium loading, it is possible to enhance desir-294

able diffusion modes and minimize trapping, supporting the informed design of carbon-based electrode295

materials with improved ionic conductivity.296
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Conclusion and Discussion297

This work presents a human-guided, physics-informed machine learning framework for dissecting sodium-298

ion transport in disordered carbon materials, revealing how both structure and ion concentration govern299

atomic-scale mobility. By integrating large-scale molecular dynamics simulations with physically mean-300

ingful, per-ion descriptors and interpretable learning techniques, we bridge the gap between microscopic301

dynamics and macroscopically tunable processing conditions. This approach delivers a comprehensive,302

physically grounded understanding of sodium-ion transport within disordered carbon frameworks.303

Our analysis shows that increasing carbon density subtly densifies the carbon matrix, resulting in304

higher C–C coordination, while both Na–C and Na–Na interactions intensify with increasing carbon den-305

sity and sodium loading. These trends indicate the onset of crowding and confinement effects that shape306

ion diffusion. However, global averages alone cannot capture the spatial and dynamical heterogeneity307

inherent in highly disordered systems. To address this, we introduced trajectory-resolved descriptors,308

such as Na-Na and Na-C coordination, tortuosity, and accessible volume, calculated per ion and per309

frame. This enabled us to differentiate local structural environments and resolve their impact on ion310

diffusion. By combining machine-learned interatomic potentials, unsupervised clustering, and supervised311

correlation analysis, we uncover a spectrum of diffusion modes, ranging from single-ion hopping and in-312

terlayer migration to concerted motion, cluster-based transport, and void trapping. The prevalence of313

these modes varies systematically across structural regimes: low-density systems support mobile, un-314

confined diffusion; intermediate conditions enable cooperative dynamics; and high carbon and sodium315

loadings favor trapped or immobilized transport due to pore constriction and crowding. Correlation316

analysis further links these modes to system-level variables, revealing that mobile diffusion dominates317

at low carbon density and sodium loading, concerted modes peak at intermediate regimes, and void- or318

defect-driven modes prevail under extreme crowding.319

Overall, our findings establish that sodium-ion transport in disordered carbon structures is neither320

homogeneous nor random, but is strongly dictated by both local structural motifs and global design321

parameters. Sodium mobility arises from a complex interplay of local geometric constraints, crowding322

effects, and network connectivity, rather than being determined solely by global material densities. The323

interpretable, data-driven framework introduced here, rooted in physical descriptors and guided by hu-324

man insight, provides a transferable platform for studying ion dynamics in complex disordered systems.325

Its generality enables future applications to ion and defect transport in porous or amorphous hosts,326

supporting the rational design of next-generation energy materials.327

Methods328

Disordered carbon structures were generated using a melt–quench molecular dynamics (MD) protocol329

implemented in LAMMPS [18, 19], with the Allegro formalism for machine learning interatomic potentials330

(ML-IAPs) [14–16]. Initial atomic configurations were constructed at target carbon densities ranging331

from 1.5 to 3.0 g/cm3 using the PACKMOL package [20]. Each system was equilibrated at 300 K, then332

heated to 14,000 K for 5 ns to remove structural memory. After a 1 ns hold at this temperature, the333

system was linearly quenched to 1000 K and further equilibrated for 10 ns in the NVT ensemble using334

a Nosé–Hoover thermostat [21, 22].335

Sodium ions were inserted into the equilibrated carbon matrices at 25%, 50%, and 100% loadings336

to represent different sodiation levels. All simulations were performed in a cubic box with a length of337

20 Å. The ML-IAP was trained on a dataset of density functional theory (DFT) reference calculations,338

spanning crystalline, amorphous, and defective Na–C configurations across a range of temperatures and339

sodium concentrations. Model validation against ab initio molecular dynamics (AIMD) simulations at340

800 K and 1200 K showed strong agreement in radial distribution functions (RDFs) and vibrational341

density of states, confirming the potential’s accuracy for both structural and dynamical properties.342

Trajectory-resolved structural analysis was conducted to characterize the local environment of each343

sodium ion. Extracted descriptors included Na–Na and Na–C coordination numbers, accessible volume344

(AV), and tortuosity. These per-ion features, along with individual diffusion coefficients (computed via345

the Einstein relation), served as inputs for unsupervised machine learning. Agglomerative hierarchi-346

cal clustering was used to classify sodium ions into distinct transport modes, enabling a data-driven347

interpretation of ionic motion without prior labeling. To identify key structural factors governing diffu-348

sion, a supervised XGBoost [23] classifier was trained on the same feature set. Feature importance was349

assessed using SHAP (SHapley Additive exPlanations) values [24], which quantify the marginal contri-350

bution of each descriptor to the model’s output across all transport modes. Pearson correlation analysis351
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between system-level parameters (density and sodium loading) and SHAP-derived feature contributions352

yielded a quantitative structure–function map of sodium ion dynamics. Additional algorithmic details,353

hyperparameters, and validation analyses are provided in the Supplementary Information.354
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