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Abstract17

The central dogma of materials informatics is the “Scaling Hypothesis”: the as-18

sumption that chemical space is a continuous manifold, and that, with sufficient19

data, deep learning models can approximate any structure-property relationship.20

While this strategy has achieved near-DFT accuracy for thermodynamic properties21

like formation energy, prediction accuracy for bandgaps suffers from a fundamental,22

non-converging error floor (∼0.4 eV). By analyzing a comprehensive dataset of bi-23

nary semiconductors and state-of-the-art Graph Neural Networks (including coGN24

and foundational embeddings), this work isolates the root cause: unlike the smooth,25

transferable landscape of total energy, the electronic bandgap manifold is topolog-26

ically disjoint. Consequently, increasing dataset size fails to improve predictions,27

instead resulting in negative learning, where increasing the structural diversity of the28

training set (e.g., adding rocksalt data to zincblende models) degrades prediction ac-29

curacy for unseen chemistries. This can be traced back to the discrete quantization30

of atomic orbitals and the resulting band crossings, which create non-differentiable31

cusps in the property surface. This work establishes a boundary condition for the32

“Big Data” paradigm: simple regression on atomic coordinates cannot resolve the33

intrinsic discontinuities of eigenvalue phenomena. Instead, a more detailed integra-34

tion of quantum mechanics is required, such as direct entrainment of Hamiltonians35

as descriptors.36

a)Corresponding author: o.voznyy@utoronto.ca
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1. Introduction37

The industrialization of materials science is currently driven by a belief in universal38

scaling laws. To maximize the success of machine learning (ML), the field has coalesced39

around the construction of massive, heterogeneous datasets (such as the Materials Project,40

Open Quantum Materials Database (OQMD), the Open Catalyst Project (OC20), etc.)1–641

under the assumption that a sufficiently complex neural network can learn the universal42

functional mapping from crystal structure to physical property.43

Despite a decade of architectural innovation and exponential data growth, the root mean44

squared error (RMSE) for bandgap prediction remains stubbornly high (∼0.4–0.5 eV) with45

outliers reaching towards 7 eV.1,7,8 Given that visible light spans ∼1 eV (e.g., blue at ∼2.746

eV, red at ∼1.7 eV), this error renders prediction accuracy inadequate.9,1047

The prevailing view attributes this stagnation to data scarcity or insufficient model com-48

plexity. Ideally, with sufficient data, ML models should be capable of extracting the deeper49

physical principles governing bandgap formation from surface-level statistical patterns. How-50

ever, for this to occur, there must exist an underlying systematic trend that ML can leverage.51

For bandgaps, this is further complicated by cascading dependencies on bonding and52

overlaps that modify orbital splittings and order.11,1253

To probe the root cause of the observed error floor in ML bandgap predictions, this study54

systematically investigates whether there exist any exploitable trends in the periodic table55

relating bandgaps and atomic descriptors. To pre-empt complexities associated with orbital56

crossing, bandgap definitions were standardized to the gamma-point gap to reduce variance.57

To decouple the impact of structural variation, full combinatorial sets of binary materials58

were generated and isolated as complete datasets.59

By analyzing the topology of chemical space, it is revealed that adding data from differ-60

ent structural domains frequently creates negative transfer, effectively poisoning the model’s61

local accuracy. By systematically eliminating additional confounding factors, this work iso-62

lates periodic trends and identifies their limitations in predicting bandgaps. Ultimately,63

this study reveals that the discontinuity inherent in quantum mechanics, rather than data64

quantity or model architecture, is what fundamentally restricts ML’s ability to generalize65

bandgap predictions across unseen materials. This suggests that the periodic table rep-66

resentation itself is too coarse-grained to capture the abrupt transitions of the quantum67
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state.68

To encompass the irreducibly quantum nature of bandgaps, the Hamiltonian itself is the69

best bet to fully describe the complexities of nature of bandgaps.70

2. Results71

2.1. Disjoint manifolds and local discontinuities72

Literature bandgap models report RMSE values around 0.4 eV.1 When focusing on non-73

metallic systems only, the RMSE of MatBench’s best-performing model, the Connectivity74

Optimized Nested Line Graph Networks for Crystal Structures (coGN), rises slightly to75

around 0.5 eV.1,1376

By quantifying the roughness of the local landscape, it is possible to associate the difficulty77

of the learned manifold by using the average of a point’s nearest neighbours as a näıve78

predictor of its target value (Fig. 1). For bandgaps, a significant fraction of materials79

deviate sharply from their immediate neighbours in the latent space.80

In contrast, formation energies exhibit higher local continuity, clustering tightly along81

the diagonal. This topological disparity persists even when using non-learned, training-free82

FIG. 1. Latent space locality analysis. a, The average value of the 5 nearest neighbours in the

coGN latent space is plotted against the actual target. Bandgaps display a high frequency of off-

diagonal outliers (spikes near zero), indicating a non-smooth manifold. b, In contrast, formation

energies exhibit strong local continuity, clustering tightly along the diagonal.
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descriptors like Magpie (Fig. S15).14,1583

This local discontinuity indicates that bandgaps are governed by complex, multi-parametric84

interactions that defy simple interpolation with current features and model architectures.85

A classical example are the III-V semiconductors, where bandgap changes from direct to86

indirect (e.g. upon gradual alloying of GaAs and GaP) resulting in a sharp cusp in bandgap87

value.16,17 These factors potentially complicate the effective mapping between structure88

and bandgap and thus, aimed to be eliminated from the dataset. This highlights the89

unavoidability of dealing with changing orbital order.90

2.2. Structural diversity fails to improve generalization91

To eliminate the cusps introduced by indirect bandgaps and k-space anisotropy, the elec-92

tronic gap taken at the gamma point, the gamma gap, is used in its place. This focuses the93

learning task on the fundamental energy splitting at the zone center.94

To show that the issues experienced in gamma gaps are similar to bandgaps, models were95

trained on a subset of ∼26000 materials using gamma gaps available from the Materials96

Project.497

Said models (coGN here and CGCNN in the supplement) exhibited a validation RMSE of98

about 0.7 eV, slightly higher than on fundamental gaps themselves, consistent with gamma99

gaps being on average noticeably larger (Fig. 2a). Two consistently challenging cases, MgO100

and NaF zincblendes (known to break common trends in binary materials), were used as a101

leave-one-out test set, increasing the RMSE to ∼1.0 eV (Fig. 2b).102

To assess whether this difficulty reflects data imbalance rather than intrinsic out-of-103

distribution behavior, coGN was additionally trained on a zincblende-only dataset com-104

prising 74 training structures and 8 validation structures (expanded compared to the 38105

available from Materials Project). The MgO and NaF zincblendes were retained as a fixed106

test set, and all train/validation/test splits were held identical across experiments to ensure107

direct comparability. Averaged over 10 random initializations, the zincblende-only models108

achieved an RMSE of ∼0.7 eV on the two test compounds.109

To test whether completing missing zincblende entries in the gamma gap dataset improves110

predictive performance, the expanded zincblende dataset was added to the initial gamma111

gap dataset, while keeping the zincblende train/validation/test splits fixed. Despite the112
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FIG. 2. Assessment of transferability between crystal structures. a, Validation per-

formance of CoGN trained on Materials Project gamma gaps hovers around 0.7 eV RMSE.8 b,

Predictions on two hardest zincblendes (MgO and NaF) trained only on Materials Project gamma

gaps (red) and with 90% of zincblendes introduced to the training set (yellow) are outperformed

by training solely on zincblendes (blue). c, A comparison of rocksalt and zincblende gamma gaps

coloured by anion and shaped by cation shows a general correlation with an R2 of 0.6. d, The

residuals of linear models based on composition show no trend between the structures with a re-

sulting Pearson’s correlation of 0.31.
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FIG. 3. Latent space visualizations. a, UMAP visualization of the coGN latent space em-

beddings. The three binary structure types, rocksalt (red), zincblende (blue), and CsCl (yellow),

occupy disjoint, non-overlapping manifolds, explaining the lack of transferability.18 b, UMAP of

the total coGN bandgap space reveals a scattered, uneven prediction manifold.

additional structures, the test RMSE remains ∼1.1 eV, similar to the initial gamma gap113

dataset. Moreover, the test loss exhibited large variance across random seeds for both the114

gamma and zincblende added sets, consistent with unstable or near-random predictions115

typically observed in extrapolation.116

To help explain the lack of improvement, the gamma gaps of each zincblende were com-117

pared to those of the rocksalt of the same elements. The resulting plot showed a general118

clustering along the diagonal, suggesting some correlation between the gamma gaps of the119

two crystal structures (Fig. 2c). However, the deviations from the trend are substantial,120

with an RMSE of 0.8 eV.121

After subtracting a linearly regressed trend based on composition, the residuals show no122

statistically significant Spearman correlation, with a p-value of 0.31 (Fig. 2d). This confirms123

that, while intrinsic element properties affect the band gap, interactions between elements124

in one structure do not make the same contribution in another structure.125

The topological origin of this failure is revealed by visualizing the model’s latent space126

using Uniform Manifold Approximation and Projection (UMAP) (Fig. 3a).18 The embed-127

dings show that rocksalt, zincblende, and CsCl structures occupy distinctly disjoint regions128

in the latent space. There is no continuous path connecting these manifolds, indicating that129
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the model treats these structures as chemically dissimilar domains.130

Consequently, “Big Data” approaches that aggregate distinct crystal structures effectively131

force the model to interpolate across a void. As seen in the UMAP of the bandgap latent132

space (Fig. 3b), this results in a fragmented surface where large gaps are surrounded by133

smaller ones, generating local outliers (activity cliffs) that defy smooth approximation.19134

2.3. No trends within groups135

Without inter-structural transferability, what remains is for noticeable trends to ex-136

ist within a single structure (zincblendes, in this case). To evaluate this, the generated137

zincblende structures were taken and categorized by valence electron count: 1-7 (halides),138

2-6 (chalcogenides), and 3-5 (pnictogenides). The 1-7 and 2-6 trends are analyzed here as139

the most similar, with 3-5 compounds detailed in the supplement (Fig. ??).140

When plotted against atomic identity, the gamma gap surfaces segmented by oxidation141

state exhibited no overarching pattern between oxidation states (Fig. 4). For example,142

among third-row cations in zincblendes, Na gaps decreased approximately linearly with143

increasing anion atomic number (i.e., NaF, NaCl, NaBr, NaI), whereas Mg gaps deviated144

significantly, with MgO falling significantly below the trend (see red lines). Similar non-145

monotonicities persist across other element-projected curves as well as in rocksalt structures,146

consistent with specific electronic localization effects reported in literature.20147

Statistical analysis further confirmed this lack of intrinsic relationships. Pearson’s correla-148

tion between the residuals of the two oxidation states was weak (p = 0.17), while Spearman’s149

rank correlation was near zero (ρ = 0.038, p = 0.88), indicating no monotonic relationships.150

Additionally, a Kolmogorov-Smirnov p-value of 9.5×10−6 (D = 0.75) confirms that the prop-151

erty distributions of these groups are statistically disjoint.152

In sum, even within individual groups, overall trends were absent. Attempts to project153

a single atom’s trend onto another failed to yield consistent mappings. Notably, Na and154

Mg have Kolmogorov-Smirnov p-values below 0.05 compared to their respective groups (see155

Table S2 for other atoms).156

In contrast, ML-based predictions for total and formation energies were significantly157

more accurate, suggesting an underlying, learnable trend.7,8 Comparing these properties to158

atomic descriptors showed that, unlike bandgaps, total and formation energies exhibited159
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FIG. 4. Topological fragmentation within crystal families. Gamma gap surfaces for 1-

7 (left) and 2-6 (right) binary compounds in zincblende (top) and rocksalt (bottom) structures.

Pairing the compounds by atom row (proxied by atomic number) displays notable deviations in

slope by both axes. The oxides and fluorides are outlined in bold, row three cations are outlined

in red.

well-defined relationships (Fig. S16).160

For these extensive properties, the surfaces for different groups in these cases are similar161

enough for transference. The total energies are projectable to a shared plane despite group-162
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wise differences (Fig. S16a). Meanwhile, the formation energy surfaces primarily differ in163

pitch, with similar patterns across rows (Fig. S16b, c).164

2.4. The discreteness of the periodic table undermines machine learning165

predictions166

With no discernible trends among atomic combinations, the remaining hypothesis is that167

the periodic table itself, the fundamental input space for all materials ML, lacks sufficient168

continuity to support interpolation for quantum observables.169

Among periodic properties, ionization energy is directly relevant to bandgaps, as it prox-170

ies the energy of the highest occupied atomic orbital. Plotting these values reveals well-171

known discontinuities (Fig. 5a), particularly between Groups 2 and 13, where the valence172

shell transitions from s to p character, and Groups 15 and 16, due to spin-pairing energy173

penalties.21–23174

Trends along periods were also irregular. Second-row elements exhibited significantly175

higher ionization energies than their respective group counterparts, except for alkali metals.176

In groups 13 and 14, an inflection was observed at the fifth-row elements (In and Sn), which177

was absent in other groups. These inconsistencies together fragment the periodic table into178

isolated domains too small to support robust ML predictions (Fig. S11).179

2.5. Atomic discontinuities do not interpolate smoothly180

To investigate the learnability of the space between these discrete atoms, a simulation181

of an “alchemical” interpolation between two disjoint species was conducted (Fig. 5b, c).182

Continuous variation of electron count under a rigid-band approximation from ZnSe to GaSe183

reveals the stark contrast between total energy versus bandgaps. Whereas total energy184

follows a smooth, differentiable curve, the electronic gap collapses upon first addition of185

partial electrons.186

Due to the quantized nature of electronic orbitals, the additional fractional electrons force187

sudden changes in HOMO identity. The Fermi level does not smoothly traverse the bands.188

Instead, it jumps past the conduction band minimum sharply. Consequently, the periodic189

table cannot be treated as a continuous vector space for electronic gaps; it is a collection of190
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FIG. 5. The intrinsic topological discreteness of the periodic table. a, The first ionization

energies of the main-group periodic table. The trends are fragmented amongst the individual groups

leaving little interpolative ability from one group to another. b, c, Ab initio simulation of the

alchemical interpolation between two such discrete states (ZnSe to GaSe). b, While thermodynamic

properties like total energy follow a smooth, learnable manifold, c, the gamma gap (shaded) exhibits

a sharp discontinuity as the Fermi energy (dashed) traverses over the former conduction band at

first addition.
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discrete, disjoint manifolds.191

3. Discussion192

Fundamentally, the high predictive loss in ML-based bandgap models arises from the193

lack of transferable trends across multiple different axes. Structural complexity introduces194

variations that outweigh the benefits of increased dataset size, resulting in negative learning.195

This indicates that each crystal structure represents a distinct chemical environment with196

minimal extrapolation potential, provided that the underlying quantum mechanical rules of197

orbital interactions have not been learned.198

While a weak correlation exists, as seen in Figure 2c, the observed quasi-linear rela-199

tionships are insufficient for generalization. This failure is most prominent when the linear200

dependence on composition is removed (Fig. 2d) and in the projections of the embedded201

structures (Fig. 3a). This fragmentation prevents knowledge learned from the geometry of202

rocksalt structures to smoothly interpolating to zincblendes, as no continuous path connects203

them in the latent space.204

The issues presented are also independent of model architecture (Fig. S6). CoGN, which205

handles angular information better, has not helped to resolve it when compared to older206

models (Fig. S4). The fact that state-of-the-art architectures hit the same wall confirms the207

limitation lies in the data topology, not the model complexity.208

These observations contradict the common assumption that increasing the dataset size209

automatically improves model performance for bandgaps.24 Instead, incorporating additional210

structures introduce noise rather than transferable signal (Fig. 2, S6b). However, when the211

underlying data manifolds are effectively disjoint, the model is forced to average over in-212

compatible structure–property relationships, leading to a regression-to-the-mean behaviour213

that obscures the sharp features characteristic of the target class. In other words, the ML214

model did not even try to learn the physics of orbital interactions.215

This limitation persists even within a single crystal structure class. The consistent diffi-216

culty in predicting MgO and NaF zincblendes can be understood by examining their local217

chemical neighborhoods in the projected feature space (Fig. 4). Both compounds exhibit218

anomalously low band gaps relative to nearby zincblende trends, making them intrinsically219

hard to interpolate. By contrast, their rocksalt counterparts follow smoother, more uniform220
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trends. As a result, MgO and NaF behave as effective outliers even within the zincblende221

manifold, contributing disproportionately to model error.222

Visualizing the roughness of the embedded manifold, it is clear that bandgaps lack the223

consistency needed for prediction from nearest neighbours. This is in contrast with easier224

properties where the distance is much less severe (Fig. 1).225

Bandgaps result from complex quantum mechanical interactions involving orbital overlap,226

hybridization, and electronic structure. While atomic orbital energies are straightforward to227

extract from ab initio calculations, the interactions governing bandgap formation introduce228

significant non-linearity and structure dependence.229

The ultimate constraint, however, is the finite and discrete domain of the periodic table230

itself. While modern databases contain massive numbers of crystal structures, the effective231

dimensionality of the problem is restricted to the ∼80 stable elements that comprise them.232

The inability of ML to comprehend the quantum nature of orbitals (of half-filled shells and ℓ)233

despite knowledge of the number of valence electrons and groups functionally subdivides the234

periodic table into even smaller domains. Such domains heavily limit the available training,235

especially considering the non-transference between crystal structures.236

3.1. From property interpolation to Hamiltonian learning237

Overcoming the predictive ceiling in ML-based bandgap models requires a fundamen-238

tal shift in methodology. The alchemical transmutation analysis reveals that the failure of239

current models is not due to data scarcity, but target selection (Fig. 5). While bandgaps240

exhibit non-differentiable trends that prevent interpolation, the underlying orbital eigenval-241

ues evolve more smoothly. In effect, the semi-conducting state is a feature evolving from the242

Hamiltonian, not a smooth function of atomic coordinates.243

Consequently, future efforts must pivot from direct property prediction towards learning244

the underlying quantum mathematics. This likely requires repurposing the graph represen-245

tations from molecular structures for the Hamiltonian matrix elements instead. A model246

capable of predicting the continuous Hamiltonian matrix elements or electron density may247

better preserve the smooth physics of orbital interactions, allowing the discrete bandgap to248

be recovered subsequently.25,26249

Until ML models integrate explicit quantum mechanical principles, bandgap predictions250
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will remain constrained by the inherent discontinuities of chemical space.251

4. Conclusions252

Ab initio computations use physics to derive properties; ML uses data to derive trends.253

For ML to replicate ab initio accuracies, the physical property in question must exhibit an254

emergent trend that can be smoothly mapped to the input descriptors. Bandgaps are not255

such a property. There are no continuous functions that map atom identities to orbital256

splittings directly, the energy level crossings force piecewise assemblies that hinder mapping257

and orbital order changes within k-space.258

This predictive barrier is rooted in the intrinsic topological fragmentation of the periodic259

table. Instead of a unified foundation built upon 118 atoms in a single table, one must260

rely on 18 groups of piecewise trends. Additional training from one such disjoint group261

does not meaningfully improve the learning of another, it instead leads to negative learning.262

Consequently, the independent structures contain insufficient data points to reconstruct a263

representative function that can generalize to unseen materials and the complexities of their264

bandgaps.265

5. Methods266

5.1. Database preparation267

Crystalline materials exhibit periodicity, leading to variations in orbital energy ordering268

across wave vectors (k). This introduces distinctions between direct and indirect bandgaps.269

As the highest occupied and lowest unoccupied molecular orbitals (HOMO and LUMO) can270

vary across k-points, bandgap definitions become piecewise functions. The prediction task271

was simplified by using bandgaps at the gamma point to remove this dependence.272

The initial dataset was obtained from the Materials Project (snapshot: June 2023) us-273

ing API queries.4 Bandstructures for a subset of materials (26331) were also retrieved for274

further analysis of bandgap characteristics and gamma point gaps. For reference model275

outputs, datasets were extracted from Matbench for use on benchmarked models along-276

side in-house datasets.1 For comparisons with gamma gaps, metals were filtered out of the277

bandgaps datasets for gaps below 0.1 eV. A notable deficiency in the dataset was the ab-278
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sence of zincblende binary compounds, particularly among alkali and alkaline earth elements,279

resulting in incomplete coverage of this structure type.280

To address these deficiencies, missing zincblende structures were computed and opti-281

mized using density functional theory (DFT) for comparative analysis. Additionally, rock-282

salt and CsCl structures were included for further evaluation of structure-dependent trends.283

Structures were optimized in the Vienna Ab initio Simulation Package (VASP) with the284

Perdew-Burke-Ernzerhof (PBE) generalized gradient approximation functional and projec-285

tor augmented wave (PAW) pseudopotentials.27–31 Optimizations were performed in two286

steps, first with Gaussian smearing and then with tetrahedron smearing.287

For further characterization, projected density of states (PDOS) calculations were per-288

formed in CP2K, which uses explicit atomic orbital projections.32–47 Atomic orbitals were289

similarly computed with PBE/DZVP-MOLOPT-SR-GTH level of theory with GTH-PBE290

pseudopotentials to maintain congruency between atomic and crystal data. These orbitals291

were used for visualization of gap topologies and orbital conributions.292

To extract atomic descriptors, properties such as electronegativity, ionization energy,293

and polarizability were retrieved from Pymatgen22 and the Atomic Simulation Environment294

(ASE).23 Additional properties, including hardness, were sourced from external literature295

where necessary.48,49 These properties were compiled into JSON lookup tables, facilitating296

conversion into numerical feature vectors. Discrete variables were encoded using one-hot297

representations, while continuous variables were normalized.298

To probe the intrinsic topology and continuity of the electronic manifold, an ab initio sim-299

ulation modelling the transition between ZnSe to GaSe was performed. Computations were300

conducted as stated prior with VASP and PBE with PAW pseudopotentials, incrementing301

the total electron count by increments of 0.1.27–31 A compensating homogeneous background302

charge (jellium) was automatically applied to maintain cell neutrality, effectively simulat-303

ing a fractional increase in nuclear charge. To decouple electronic topological features from304

structural distortion, the ionic positions were fixed to the relaxed ground-state geometry of305

ZnSe.306
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5.2. ML modelling307

Custom, non-graphical ML models were implemented in Python using PyTorch.50 The308

Crystal Graph Convolutional Neural Network (CGCNN) was employed as the reference309

architecture, maintaining standard feature conventions.8 Inputs were structured into atomic310

and structural representations and then combined to form atomic feature vectors specific to311

each crystal system. Additional comparisons were conducted using Connectivity Optimized312

Nested Line Graph Networks for Crystal Structures (CoGN) for a more modern reference.1,13313

The crystal data were formatted to contain compound features, the target parameter314

of choice, crystal structure identifier (bonding neighbours), and structure-specific properties315

that were not encodable by atomic property combinations. This generates a final vector that316

concatenates the cation, anion, and additional crystal properties. A detailed breakdown is317

included in the supporting information. CGCNN was used as per documentation with318

extracted hyperparameters from pre-trained models.319

Training and validation datasets were generated via random sampling, with fixed ran-320

dom seeds ensuring reproducibility. Across comparisons involving multiple crystal structure321

types, a consistent set of the most challenging zincblende materials was retained exclusively322

for testing, ensuring that the validation and test partitions remained identical between exper-323

iments. For architecture comparisons and preliminary identification of difficult structures,324

the small dataset size necessitated omitting a dedicated test set; these data points were325

instead blended into the training/validation split.326

Hyperparameter exploration was performed using Weights & Biases to obtain coarse es-327

timates of layer widths and layer counts.51 Automated tuning did not always provide stable328

hyperparamenters leaving exact learning rates and weight decays to human input. Dataset329

comparisons were conducted using consistent hyperparameter settings to ensure fair evalu-330

ations. Literature models were initialized with published best-performing configurations or331

default settings rather than re-tuned from scratch.332

For comparing structures, a subset of extracted gamma gaps from Materials Project was333

used to train a baseline model. This was split into an 80-20% training and validation set334

of 26331 gamma gaps. For comparison, another model was trained with the same train-335

ing dataset along with 74 additional binary zincblendes. A third model of only binary336

zincblendes was also constructed with the same 74 zincblendes. The three models were337
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validated against the same set of 8 randomly selected zincblendes with the two hardest ma-338

terials as an unseen test set (MgO and NaF). Comparative models were run with identical339

splits and hyperparameters to maintain unity. 10 random initial seeds were conducted and340

standard errors visualized for comparisons of predictive stability.341

To eliminate the possible inability for graph neural networks to fully encode the necessary342

geometric information, a structurally identical subset of materials was used for architectural343

contributions to accuracy. This was done through the systematic isolation of model com-344

ponents, generating five architectures as follows: a forward-feeding set of linear layers, said345

forward-feeding layers with the atom vectors convolved together, the convolved atoms pooled346

together, a static graph without pooling, and a pooled graph (the entire graph convolutional347

neural network intact).348

Visualizations of the coGN latent space were conducted by training models with full349

training coverage until no further improvements were found.1 Bandgap analysis was focused350

on non-metallic (¿ 0.1 eV) materials for clarity. The resultant models were then processed351

via Uniform Manifold Approximation and Projections (UMAP) and Principal Component352

Analysis (PCA) to analyze the relative roughness of the underlying properties.18,19 Addi-353

tional visualizations of the local manifold were also performed using Matminer features for354

comparisons between featurizers.355

5.3. Statistical trend analysis356

Even with a fixed set of elements, datasets can be expanded by including crystal structures357

with different space groups. Therefore, the transferability of learning across space groups358

was assessed by comparing gamma gaps for zincblende and rocksalt crystal structures with359

the same composition. Gamma gap distributions for zincblende and rocksalt materials360

were examined for similarities in morphology besides packing/neighbouring atoms, and their361

elemental combinations were plotted to identify periodic trends. Linear models of the gaps362

were used to adjust for the contributions from cation and anion identities. The residuals,363

therefore, represent an adjusted value for the gap relative to the expectations based on364

composition.365

To further assess the presence of predictive trends within zincblende structures, statistical366

tests were performed on gamma gap residuals obtained. Structures were paired by anion and367
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cation row using the residuals from a linear model to eliminate the expected contributions368

by element position as before. Residuals were analyzed to capture deviations from expected369

atomic contributions.370

Pearson and Spearman correlation coefficients were computed between the residuals for371

1-7 and 2-6 compounds to evaluate potential linear and monotonic relationships. A linear372

regression model was applied to determine whether one surface provided significant pre-373

dictive power for the other, with R2 values used to evaluate the proportion of variance374

explained. Additionally, two-sample Kolmogorov-Smirnov (KS) tests were performed to as-375

sess whether the oxidation states followed similar distributions, with the p-value quantifying376

the significance of differences between their cumulative distribution functions.377

Atomic properties from the periodic table were collated and projected by group and378

row. Groupwise patterns were compared with each other by projecting onto group and row.379

Similar models to the previous were constructed taking group and period as the parameters380

to obtain nonlinear relations.381
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33Schütt, O., Messmer, P., Hutter, J. & VandeVondele, J. GPU-Accelerated503

Sparse Matrix–Matrix Multiplication for Linear Scaling Density Func-504

tional Theory, chap. 8, 173–190 (John Wiley & Sons, Ltd, 2016). URL505

https://onlinelibrary.wiley.com/doi/abs/10.1002/9781118670712.ch8.506

https://onlinelibrary.wiley.com/doi/pdf/10.1002/9781118670712.ch8.507
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