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Graphical abstract. Composition-based band-gap prediction pipeline. DFT-derived band gaps for
55710 inorganic crystals from JARVIS-DFT are modeled using only chemical composition. Element-
fraction vectors are reduced with PCA and concatenated with Magpie elemental-property statistics
to form a 74-dimensional feature set. Three regressors (Random Forest, XGBoost, Kernel Ridge
Regression) are benchmarked on a leakage-safe random split and on leave-one-element (O, Ti, Cu)
extrapolation tests. Random Forest attains the best mean absolute error (0.305 eV), while leave-one-
element tests—particularly for oxygen—reveal severe degradation driven by elemental extrapolation
and label-distribution shift.

Abstract

Predicting the electronic band gap of inorganic solids directly from chemical composition ac-
celerates high-throughput materials screening by circumventing the cost of density-functional
theory (DFT) calculations and the requirement of a known crystal structure. Here we train
three composition-only machine-learning models—Random Forest (RF), XGBoost, and Kernel



Ridge Regression (KRR)—on 55710 inorganic compounds from the JARVIS-DFT database,
using OPTB88vdW band gaps as labels and a 74-dimensional feature vector comprising principal
components of the element-fraction vector plus Magpie elemental-property statistics (electroneg-
ativity, atomic radius, and valence-electron count). On a leakage-safe random 80/10/10 split
(random_state=42), RF achieved the lowest mean absolute error (MAE = 0.305 eV, R2 = 0.788),
followed by XGBoost (MAE = 0.342 eV, R2 = 0.792) and KRR (MAE = 0.528 eV, R2 = 0.597).
Decomposing performance by metallicity (band gap < 0.05 eV) showed that all models were
substantially more accurate on the metal subset (RF metal MAE = 0.165 eV) than on non-metals
(RF non-metal MAE = 0.621 eV), reflecting the abundance of zero-gap metals in the OPTB88vdW
distribution. Permutation-importance analysis identified the maximum compound electronega-
tivity, valence-electron statistics, and mean atomic radius as the most predictive composition
features. Leave-one-element-out experiments for oxygen, titanium, and copper exposed a sharp
dependence of generalization on the chemical identity of the held-out element: oxygen exclusion
inflated the MAE by roughly 4–× (to 1.20 eV for RF) and produced negative R2 for copper,
owing both to genuine elemental extrapolation and to a label-distribution shift between train and
test. These results establish a transparent, structure-free band-gap baseline for JARVIS-DFT
and quantify the boundary between interpolation and extrapolation that governs the reliability
of composition-only property models.

Keywords: band gap prediction, materials informatics, composition-based machine learning,
JARVIS-DFT, Magpie descriptors, leave-one-element-out, Random Forest, XGBoost.

1 Introduction1

The electronic band gap is a defining descriptor of a crystalline solid: it distinguishes metals from2

semiconductors and insulators, sets the optical absorption threshold, and governs suitability for3

photovoltaic, thermoelectric, and transparent-conductor applications. Because the band gap is4

a ground-state-derived yet excited-state-sensitive property, its ab-initio computation requires, in5

principle, methods such as hybrid functionals [1] or many-body perturbation theory, which correct6

the well-known band-gap underestimation of semi-local density-functional theory [2, 3]. While7

semi-local DFT with the OPTB88vdW functional is cheap enough to screen tens of thousands of8

compounds, it systematically reports zero or near-zero gaps for many semiconducting oxides [4],9

which complicates both the label distribution and the interpretation of model accuracy. Data-driven10

alternatives that learn the mapping from a chemical or structural representation to a DFT-computed11

band gap therefore occupy a central position in modern materials informatics [5–7].12

A substantial body of work has demonstrated that machine-learning (ML) models can reproduce13

DFT band gaps with sub-eV errors. Early efforts combined DFT features with kernel or tree-based14

regression on curated compound sets [8, 9], while more recent benchmarks have evaluated composition-15

only, descriptor-based, and graph-structured representations side by side [10–12]. Structure-aware16

deep-learning architectures—including crystal graph convolutional neural networks [13], SchNet [14],17

and the atomistic line-graph neural network ALIGNN [15, 16]—have pushed accuracy further18

by embedding the full atomic connectivity into the model. Yet composition-only models remain19

scientifically and practically attractive: they require no resolved crystal structure, generalize naturally20

to hypothetical or not-yet-synthesized stoichiometries, and are computationally trivial at inference21

time. Composition-only deep representation learners [17] and fragment-based descriptors [18] have22

shown that meaningful band-gap prediction is achievable from the chemical formula alone, and23

composition-based energy-material descriptors continue to be refined for feature efficiency [19].24

The feature representations underpinning these models are themselves the product of a mature25

descriptor-engineering literature. The Magpie descriptor set [20]—which aggregates elemental26

properties (e.g. electronegativity, atomic radius, valence-electron count) into composition-level27

statistics—remains a workhorse for structure-free property prediction, and its open implementation28
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in matminer [21] together with pymatgen [22] has made reproducible composition-featurization29

accessible to the community. Large, openly available DFT databases—JARVIS-DFT [4], the30

Materials Project [23], the Open Quantum Materials Database [24, 25], and the NOMAD reposi-31

tory [26, 27]—supply the labeled data at the scale required for supervised learning, and JARVIS-DFT32

in particular provides 55000+ three-dimensional inorganic compounds with OPTB88vdW band33

gaps, making it an ideal substrate for a composition-only benchmark.34

Despite this progress, two methodological issues receive less attention than they deserve in the35

band-gap-prediction literature. First, the field’s reliance on random train/test splits obscures the36

distinction between interpolation and extrapolation: a model that interpolates within a densely sam-37

pled chemical space may still fail catastrophically when asked to predict a compound centered on an38

element that is systematically absent from training. Leave-one-element-out (LOO) protocols expose39

this failure mode directly, and have been advocated as a stricter proxy for the generalization demands40

of genuine materials discovery. Second, the heavy class imbalance induced by the OPTB88vdW41

functional—roughly 69% of JARVIS-DFT records are metallic (band gap < 0.05 eV)—means that42

aggregate metrics such as the coefficient of determination R2 are dominated by the abundant43

zero-gap metals, while the practically important non-metal regime is under-weighted. Decomposing44

performance by metallicity is therefore essential for an honest appraisal.45

This paper presents a transparent, fully reproducible composition-only band-gap benchmark46

on 55710 JARVIS-DFT compounds. The contributions are threefold. (i) We engineer a compact47

74-dimensional composition feature vector—PCA-reduced element fractions concatenated with48

a curated subset of Magpie statistics—and train Random Forest, XGBoost, and Kernel Ridge49

Regression with documented, fixed hyperparameters, reporting overall and metallicity-stratified50

MAE, RMSE, and R2. (ii) We perform leave-one-element-out sensitivity experiments for three51

chemically common yet distinct elements—oxygen, titanium, and copper—and diagnose the resulting52

performance degradation through the lenses of elemental extrapolation and label-distribution shift.53

(iii) We use permutation importance to identify which composition features drive the predictions,54

providing physical interpretability that purely black-box models lack. Together, these results quantify55

the accuracy ceiling and the generalization boundary of composition-only band-gap models on56

JARVIS-DFT, and they delineate concrete next steps—grouped cross-validation, composition-disjoint57

test sets, and kernel approximations—for closing the interpolation-to-extrapolation gap.58

2 Methods59

2.1 Dataset and acquisition60

All data were drawn from the JARVIS-DFT dft_3d collection (2021 snapshot, jdft_3d-8-18-2021),61

which contains DFT results for bulk three-dimensional inorganic compounds [4]. The dataset was62

acquired via the jarvis-tools package and, equivalently, the direct figshare download endpoint; the63

schema and field mapping were read from the jarvis.db.figshare source to identify the correct64

dft_3d snapshot. The target variable was the optb88vdw_bandgap field (OPTB88vdW semi-local65

functional, in eV), and the input was the reduced chemical composition (formula, e.g. TiO2).66

After dropping 11 duplicate material identifiers and 2 records whose compositions failed to parse67

with pymatgen [22], 55712 records remained. Polymorphism was retained rather than aggregated:68

24153 records share a composition with at least one other record (8312 distinct compositions), and69

10783 records (3068 compositions) share a composition yet exhibit distinct band-gap values. This70

polymorph-induced label noise is a genuine modeling challenge for a composition-only representation71

and was not removed.72

The cleaned band-gap distribution is sharply right-skewed and zero-inflated: mean 0.688 eV,73

median 0.0 eV, standard deviation 1.409 eV, and a maximum of 9.643 eV. Using a metallicity threshold74
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Figure 1. Distribution of OPTB88vdW band gaps across the 55712 cleaned JARVIS-DFT records.
The distribution is zero-inflated (median 0 eV) and right-skewed, with 68.6% of records metallic
(band gap < 0.05 eV), a direct consequence of the OPTB88vdW semi-local functional’s systematic gap
underestimation.

of 0.05 eV (see below), 38207 records (68.6%) are metallic and 17505 (31.4%) are non-metallic.75

This elevated metal fraction reflects the systematic underestimation of gaps by the OPTB88vdW76

functional [2, 3], which reports 0 eV for many semiconducting oxides; it is the true label distribution77

of the dataset and is consistent with published ALIGNN benchmarks on the same field [4, 15].78

Figure 1 shows the histogram.79

2.2 Feature engineering80

The feature design followed the composition-only principle: no crystal-structure information was81

used. For each record we constructed two blocks of features.82

Element-fraction vector. Each composition was parsed with pymatgen [22] into fractional83

elemental concentrations over the 89 distinct elements present in the dataset, yielding an 89-84

dimensional sparse vector (96.7% zeros). Because this vector is high-dimensional and dominated by85

compound-specific element identities, we applied principal component analysis (PCA) to reduce86

it while retaining at least 95% of the cumulative variance. The element-fraction vectors are very87

sparse, so reaching 95% variance required 65 of the 89 components (a 27% reduction); the > 95%88

success criterion was prioritized over the approximate “∼50 dimensions” guidance. PCA was fit on89

the training block only to prevent test-set leakage. Figure 2 shows the cumulative-variance curve.90

Magpie elemental-property statistics. We computed a curated subset of the Magpie descriptor91

scheme [20, 21]: for each compound we evaluated, over the constituent elements weighted by92

fractional concentration, the mean, maximum, and minimum of three elemental properties—Pauling93

electronegativity, atomic radius (Å), and valence-electron count (derived from the periodic group un-94

der the Magpie convention: groups 1–12 map to the group number, groups 13–18 to group minus 10).95

This produced a dense 9-dimensional block (Xmean, Xmax, Xmin, rmean, rmax, rmin, vmean, vmax, vmin).96

Missing elemental properties (e.g. electronegativity for He, Ne, Ar; atomic radius for He, Ne, Kr,97

Xe) were filled with zero rather than dropping the element, preserving all records.98

The two blocks were concatenated to a 74-dimensional matrix and standardized with a StandardScaler99
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Figure 2. Cumulative explained variance of PCA applied to the 89-dimensional element-fraction
vectors. The minimum number of components retaining ≥ 95% variance is 65; the sparsity of the
composition vectors (96.7% zeros) requires most of the original dimensions to be preserved.

(mean 0, variance 1) fit on the training block only. The fitted scaler and PCA transformer were100

persisted for downstream reuse, ensuring that test and leave-one-element data were transformed101

identically.102

2.3 Data splitting103

A leakage-safe random 80/10/10 train/validation/test split (random_state=42) yielded 44568104

training, 5571 validation, and 5571 test records. The band-gap statistics of the three partitions105

are closely matched (test mean 0.663 eV, metal fraction 69.4%), confirming that the random split106

preserves the parent distribution. Metallicity was defined as band gap < 0.05 eV; the test set contains107

3867 metals and 1704 non-metals.108

In addition to the random split, we performed leave-one-element-out (LOO) sensitivity tests for109

three common yet chemically distinct elements: oxygen (O, present in 14992 compounds, 26.9% of110

the dataset), titanium (Ti, 2154 compounds, 3.9%), and copper (Cu, 3086 compounds, 5.5%). For111

each element E, the test set comprised all compounds containing E, and the train set comprised the112

remaining compounds (verified to contain no E); each LOO model was retrained from scratch on its113

own train set, with PCA and scaler refit on that train set only, so that each LOO model operates114

entirely within its own feature space. The LOO split is therefore a strict extrapolation probe: the115

model must predict compounds centered on an element it has never seen during training. Figure 3116

summarizes the split composition and the LOO element-overview statistics.117

2.4 Models118

Three regressors were trained with fixed, documented hyperparameters and random_state=42119

throughout.120

Random Forest (RF) [28, 29]: n_estimators=400, all cores. Tree ensembles are well suited to121

the heterogeneous, mixed-continuous features of this representation and to the zero-inflated target.122

XGBoost [30]: n_estimators=500, max_depth=6, learning_rate=0.05, random_state=42,123

with early stopping (early_stopping_rounds=50) monitored on the validation split. Note that in124

xgboost 3.3.0, early_stopping_rounds is a constructor argument rather than a fit keyword, and125
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Figure 3. Band-gap and metallicity statistics of the random 80/10/10 split (top) and the leave-one-
element-overview (bottom). The random split partitions are closely matched in distribution, whereas
the LOO partitions exhibit large train–test distribution shifts (e.g. oxygen: train-no-O is 78% metallic
while test-O is 42% metallic).

was set accordingly. On the LOO splits the validation loss kept improving slowly and XGBoost ran126

the full 500 trees without triggering early stopping; the results are reported per specification.127

Kernel Ridge Regression (KRR) [29, 31] with an RBF kernel: alpha=1.0. The full training128

kernel (N = 44568, 74 features) would occupy ≈ 15.9 GB in float64, exceeding available memory; we129

therefore trained KRR on a random subsample of 8000 records (random_state=42), a documented130

strategy, with a Nystroem+ Ridge fallback wired but not triggered. Because scikit-learn 1.9’s131

KernelRidge rejects the string gamma=’scale’ (it accepts only a float or None), we computed the132

scale-equivalent RBF width explicitly, γ = 1/(nfeatures · Var(X)) ≈ 0.0136, and passed it as a float.133

The same 8000-record subsampling policy was applied to each LOO train set. This subsampling is a134

known limitation (see Discussion).135

2.5 Evaluation136

We report the mean absolute error (MAE, in eV), root-mean-square error (RMSE, in eV), and137

coefficient of determination (R2) on the random test set. Because the OPTB88vdW label distribution138

is dominated by zero-gap metals, we additionally report MAE decomposed by metallicity (metal vs.139

non-metal) as the practically informative subset metric. We flag explicitly that R2 is meaningless140

on the metal subset: metals have band gap ≈ 0 and hence near-zero target variance, so the ratio141

defining R2 diverges and takes wildly negative values (e.g. −25510 for RF); MAE is the reliable142

subset metric, as specified by the analysis plan. Feature importance was estimated by permutation143

importance [28, 32] on a 2000-record test subsample (random_state=42, nrepeats = 5, MAE-based144

scoring) for both RF and XGBoost. All models and transformers were persisted with joblib for145

reproducibility.146

3 Results147

3.1 Main test-set performance148

Table 1 and Figure 4 summarize the performance of the three models on the random test set (5571149

compounds). Random Forest attained the lowest overall MAE (0.305 eV) and an R2 of 0.788, edging150

out XGBoost (0.342 eV, R2 = 0.792) on error despite XGBoost’s marginally higher R2. Kernel151

Ridge Regression lagged both tree models with MAE = 0.528 eV and R2 = 0.597, consistent with the152

constraints of the 8000-record subsample and the absence of kernel hyperparameter tuning. The153

RMSE values (RF 0.643 eV, XGBoost 0.637 eV, KRR 0.888 eV) track the MAE ordering and confirm154
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Table 1. Performance on the random test set (n = 5571). Metal is defined as band gap < 0.05 eV.
Metal-subset R2 is omitted as meaningless (near-zero target variance); see text.

Model Overall MAE (eV) Overall RMSE (eV) Overall R2 Metal MAE (eV) Non-metal MAE (eV) Non-metal R2

Random Forest 0.305 0.643 0.788 0.165 0.621 0.738
XGBoost 0.342 0.637 0.792 0.199 0.667 0.738
KRR 0.528 0.888 0.597 0.341 0.951 0.485

Figure 4. Overall test-set metrics for the three models. Random Forest achieves the lowest mean
absolute error, while XGBoost attains a marginally higher coefficient of determination; KRR is the
weakest, constrained by subsampling and the absence of hyperparameter tuning.

that the error distributions are heavy-tailed, with a small number of large-gap compounds driving155

the RMSE above the MAE.156

3.2 Metal vs. non-metal decomposition157

Decomposing the test set by metallicity reveals a consistent and physically interpretable pattern158

(Figure 5): all three models are markedly more accurate on the metal subset (band gap < 0.05 eV)159

than on the non-metal subset. For RF, the metal MAE is 0.165 eV versus a non-metal MAE160

of 0.621 eV; the same gap appears for XGBoost (0.199 eV vs. 0.667 eV) and KRR (0.341 eV vs.161

0.951 eV). This asymmetry has two origins. First, the metal subset is both larger (3867 vs. 1704162

test compounds) and concentrated near zero target variance, so models that predict small positive163

values already achieve low metal MAE. Second, the non-metal subset spans the full 0.05–eV 9.643164

range, which is intrinsically harder to regress. On the non-metal subset, where R2 is meaningful, RF165

and XGBoost both reach R2 ≈ 0.738, while KRR reaches 0.485—indicating that the tree ensembles166

capture the composition–gap relationship for genuine semiconductors/insulators substantially better167

than the subsampled RBF kernel does. The metal-subset R2 values are astronomically negative (e.g.168

−25510 for RF) for the trivial reason explained in Methods; we therefore report metal MAE as the169

only reliable subset statistic, in line with the analysis plan.170
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Figure 5. Metallicity-stratified mean absolute error. All models are substantially more accurate on the
(abundant, near-zero-gap) metal subset than on the non-metal subset; the gap is largest for KRR. The
non-metal regime is the practically important target for composition-based band-gap screening.

3.3 Parity analysis171

Figure 6 presents parity (predicted vs. DFT) plots for the three models, individually and overlaid. All172

models exhibit the characteristic horizontal band of metals predicted near zero along the y = 0 ridge,173

which is responsible for the low metal MAE. The failure modes differ qualitatively: RF predictions174

compress large gaps toward the mean (visible as a sub-unity slope at high band gap), XGBoost175

shows a similar but slightly more dispersed high-gap tail, and KRR exhibits the strongest shrinkage176

toward the mean—an expected artifact of L2-regularized kernel regression on a subsampled, untuned177

RBF kernel. The overlaid parity plot (Figure 6d) makes the inter-model agreement explicit: where178

all three agree, predictions lie close to the diagonal; the largest inter-model disagreements occur at179

high band gap, where KRR systematically under-predicts.180

3.4 Permutation-importance features181

Figure 7 reports the top-10 permutation-importance features for the best-MAE model (RF), and182

Table 2 compares the RF and XGBoost rankings. The dominant features are physically transparent:183

the maximum compound electronegativity Xmax is by far the most important feature for RF184

(importance 0.312 eV of MAE degradation when shuffled), followed by the maximum valence-electron185

count vmax, the mean atomic radius rmean, and the mean valence-electron count vmean. XGBoost’s186

ranking is led by vmean and Xmean, with the leading PCA component of the element-fraction vector187

(pca_1) entering the top five—reflecting the boosting model’s stronger reliance on the stoichiometric188

composition signal. Across both models, the Magpie elemental-property statistics dominate the189

top of the ranking, while the PCA-reduced element-fraction components appear only sporadically190

(pca_3, pca_6, pca_41 for RF; pca_1, pca_2, pca_3, pca_8 for XGBoost). This confirms that191

physically interpretable elemental-property statistics carry most of the predictive signal, with the192

raw stoichiometry providing a complementary but secondary contribution.193
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(a) Random Forest (b) XGBoost

(c) Kernel Ridge Regression (d) All models overlaid

Figure 6. Parity plots of predicted vs. DFT (OPTB88vdW) band gap on the random test set. The
horizontal y ≈ 0 band corresponds to metals; high-gap compounds reveal the systematic shrinkage
toward the mean, most pronounced for KRR.

3.5 Leave-one-element-out sensitivity194

The leave-one-element tests (Figure 8 and Table 3) expose a sharp, element-dependent degradation195

relative to the random test set. For oxygen, the MAE inflates by roughly four-fold: RF rises from196
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Figure 7. Top-10 permutation-importance features for the Random Forest model (test-set subsample,
n = 2000, 5 repeats). Error bars are standard deviations across repeats. Magpie elemental-property
statistics dominate; the maximum compound electronegativity is the single most important feature.

Table 2. Top-10 permutation-importance features for RF and XGBoost (importance = rise in MAE,
eV, when the feature is shuffled).

Rank RF feature RF importance XGBoost feature XGBoost importance

1 Xmax 0.312 vmean 0.146
2 vmax 0.158 Xmean 0.145
3 rmean 0.120 pca_1 0.121
4 vmean 0.103 rmean 0.109
5 Xmean 0.066 Xmax 0.083
6 rmax 0.052 vmax 0.081
7 pca_6 0.048 pca_2 0.039
8 vmin 0.038 rmax 0.038
9 pca_3 0.037 pca_3 0.037
10 pca_41 0.036 pca_8 0.030

0.305 eV (random) to 1.196 eV (LOO-O), XGBoost to 1.074 eV, and KRR to 1.111 eV, with R2197

collapsing to the 0.27–0.37 range. For titanium, the degradation is milder (RF 0.458 eV, XGBoost198

0.447 eV, KRR 0.637 eV; R2 0.07–0.22). For copper, the MAE remains moderate (RF 0.453 eV,199

XGBoost 0.385 eV, KRR 0.468 eV) but R2 turns strongly negative (RF −0.74, XGBoost −0.27,200

KRR −0.51), indicating that the model’s predictions are worse than predicting the test-set mean.201

The element-specific character of the degradation is itself diagnostic. Oxygen is the most202

abundant non-metallic constituent (26.9% of all compounds) and its exclusion removes the bulk of203

the insulating-oxide signal from training; the train-no-O set is 78% metallic, whereas the test-O set204

is only 42% metallic—a label-distribution shift that simultaneously forces elemental extrapolation205

and out-of-distribution target prediction. Titanium is a transition metal whose compounds span206

both metallic and semiconducting regimes but are chemically less central than oxygen; the moderate207
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Table 3. Leave-one-element-out results (test compounds containing the held-out element). LOO-O
train has 75 features (66 PCA + 9 Magpie); LOO-Ti/Cu and the main set use 74. Each LOO model is
fit within its own feature space.

Element Model MAE (eV) RMSE (eV) R2

Oxygen (n = 14992)
Random Forest 1.196 1.506 0.278
XGBoost 1.074 1.401 0.374
KRR 1.111 1.514 0.270

Titanium (n = 2154)
Random Forest 0.458 0.928 0.070
XGBoost 0.447 0.848 0.224
KRR 0.637 1.024 −0.132

Copper (n = 3086)
Random Forest 0.453 0.727 −0.741
XGBoost 0.385 0.621 −0.270
KRR 0.468 0.677 −0.512

Figure 8. Leave-one-element-out performance. Oxygen exclusion causes the most severe MAE inflation
(∼4× the random-test MAE); copper exclusion produces strongly negative R2 despite a moderate MAE,
reflecting label-distribution shift between train and test.

degradation reflects a partial analog in the training set through other early transition metals.208

Copper’s negative R2 is driven less by raw error (the MAE is competitive) than by a target-209

distribution mismatch: the test-Cu set is dominated by small-gap metallic Cu compounds (mean210

0.249 eV, 75% metallic), and the model trained without Cu systematically over-predicts these small211

gaps, producing a variance pattern worse than the mean. This decomposition—oxygen suffering212

from both extrapolation and shift, titanium from mild extrapolation, copper from distribution213

shift with low target variance—illustrates that the LOO protocol conflates two distinct failure214

mechanisms that future work should disentangle.215

4 Discussion216

The headline result—RF MAE = 0.305 eV, R2 = 0.788 on the random JARVIS-DFT test set—is217

broadly consistent with published composition-only and descriptor-based band-gap benchmarks.218

Zhuo et al. reported MAE ≈ 0.22 eV on a curated 127000-compound inorganic set using gradient-219

boosted trees on composition and structure-derived descriptors [10]; Venkatraman reported MAE = 0.36 eV220

for composition-only models on a 60000-compound OQMD-derived set, with structure-informed221
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variants reaching 0.27 eV [11]; and multi-fidelity and physics-informed kernel models have reported222

sub-0.3-eV errors on smaller curated subsets [8, 9, 33]. Our result sits in the expected range for a223

structure-free, fixed-hyperparameter regressor on a 55000-compound, zero-inflated OPTB88vdW224

distribution. The ALIGNN benchmark on the same JARVIS-DFT field, which uses the full crystal225

graph plus line graph, reaches R2 ≈ 0.81 [15, 16]; the fact that our composition-only RF reaches226

R2 = 0.788 indicates that, for random-split interpolation, the marginal value of crystal-structure227

information for band-gap prediction is modest, in agreement with Goodall & Lee’s finding that228

composition-only deep learners can approach structure-aware accuracy [17].229

The MAE/R2 trade-off between RF and XGBoost deserves comment. RF achieves the lower230

MAE (0.305 vs. 0.342 eV) while XGBoost attains the higher R2 (0.792 vs. 0.788). This is not a231

contradiction: MAE is dominated by the abundant, near-zero-gap metals, where RF’s ensemble232

averaging produces tight, low-variance predictions that minimize absolute error, whereas R2 is233

sensitive to the variance explained across the full range, including the high-gap tail where XGBoost’s234

sequential gradient-fitting captures the residual structure slightly better. The practical implication is235

that, for applications prioritizing typical (metal-rich) compounds, RF is preferable; for applications236

prioritizing the non-metal tail, the two are comparable on non-metal R2 (both 0.738) and the choice237

should hinge on interpretability and inference cost.238

Permutation importance provides a physically interpretable window into the models. The239

dominance of Xmax (the most electronegative element in the compound) is intuitive: a large Xmax240

flags the presence of highly electronegative species (O, F, Cl) that drive ionic character and open241

band gaps. The prominence of valence-electron statistics (vmean, vmax) reflects the central role of242

electron counting in determining whether a compound is metallic, and the atomic-radius statistics243

capture size-mismatch-driven structural tendencies relevant to insulating character. The secondary244

role of the PCA-reduced element-fraction components is consistent with the literature observation245

that physically grounded property statistics often outperform raw one-hot composition features for246

moderate dataset sizes [18–20], though deeper composition representations can recover more signal247

given sufficient data [17].248

The LOO results are the most cautionary finding of this study. They demonstrate that a model249

that interpolates well within a random split (R2 ≈ 0.79) can fail badly under a chemically structured250

split, and they do so in an element-specific manner that tracks both (i) the centrality of the held-out251

element to the insulating-compound class (oxygen) and (ii) the label-distribution shift between train252

and test. The copper case is particularly instructive: a competitive MAE coexists with a strongly253

negative R2, because the predictions, although not far off in absolute terms, fail to track the (small)254

target variance. This pattern echoes the broader caution in the materials-informatics literature255

that random-split metrics can overstate true generalization [12, 34] and that composition-disjoint or256

element-disjoint evaluation is essential for claims of discovery utility. The oxygen shift (train-no-O257

78% metallic vs. test-O 42% metallic) is a concrete instance of the distribution-shift problem that258

domain-adaptation and group-aware validation methods are designed to address.259

Several limitations bound these conclusions. First, KRR was trained on an 8000-record subsam-260

ple with fixed alpha and a scale-equivalent γ, so its weaker performance reflects the methodological261

constraint rather than the intrinsic ceiling of kernel methods; a proper α/γ search or a Nystroem262

kernel approximation on the full training set would likely close part of the gap to the tree mod-263

els [31]. Second, no hyperparameter tuning was performed for any model—the objective was a264

transparent, fixed-configuration benchmark, not a maximally optimized predictor. Third, the265

feature representation excludes crystal structure entirely; this is by design and a strength for266

structure-free screening, but it caps achievable accuracy for polymorphic compositions, of which267

24153 records share a stoichiometry and 10783 exhibit distinct gaps. Polymorph overlap is label268

noise for a composition-only model and is not controlled here; aggregation (e.g. median band gap269
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per composition) or composition-disjoint test sets would quantify the resulting optimism. Fourth,270

the OPTB88vdW labels are themselves systematically underestimated relative to hybrid-functional271

or experimental gaps [1–3]; a model trained on these labels inherits their biases, and the 69% metal272

fraction is a direct consequence.273

These limitations motivate concrete next steps. (i) Group-aware validation: GroupKFold cross-274

validation by composition and composition-disjoint held-out test sets would quantify memorization of275

repeated stoichiometries versus genuine generalization. (ii) Distribution-matched LOO: constructing276

LOO test subsets whose label distribution is matched to the corresponding train set would separate277

elemental extrapolation from distribution shift, isolating the two failure modes conflated here. (iii)278

KRR refinement: a joint α/γ search and full-training-set Nystroem approximation would test whether279

kernel methods can match the tree ensembles. (iv) Functional-aware targets: training on the smaller280

but more accurate HSE06 [1] or mBJ subsets of JARVIS-DFT would test transferability to physically281

corrected gaps, at the cost of dataset size. (v) Composition-only deep learners: COMPaad/ElemNet-282

style composition-only deep networks [17] would test whether richer composition representations283

close the small gap to structure-aware models on the same dataset.284

5 Conclusion285

We benchmarked three composition-only machine-learning models—Random Forest, XGBoost, and286

Kernel Ridge Regression—on 55710 inorganic crystals from JARVIS-DFT, predicting OPTB88vdW287

band gaps from a 74-dimensional feature vector of PCA-reduced element fractions and Magpie288

elemental-property statistics. On a leakage-safe random split, Random Forest achieved the best mean289

absolute error (0.305 eV, R2 = 0.788), competitive with published structure-aware benchmarks, with290

the physically interpretable maximum compound electronegativity and valence-electron statistics291

identified as the dominant predictive features. The metallicity-stratified analysis showed that the292

headline metrics are dominated by an abundant zero-gap-metal regime and that the practically293

important non-metal regime is predicted with MAE = 0.621 eV and R2 ≈ 0.74. Leave-one-element-294

out experiments for oxygen, titanium, and copper revealed that random-split accuracy conceals295

a sharp dependence on chemical extrapolation: oxygen exclusion inflated the MAE roughly four-296

fold and copper exclusion drove R2 strongly negative, with the degradation attributable to both297

elemental extrapolation and label-distribution shift. These results establish a transparent baseline for298

composition-only band-gap prediction on JARVIS-DFT and delineate the interpolation–extrapolation299

boundary that governs model reliability, underscoring that honest evaluation of materials-informatics300

models requires chemically structured, not merely random, validation protocols.301

Data and code availability302

The JARVIS-DFT dataset is publicly available at https://jarvis.nist.gov and through the303

jarvis-tools package [4]. All trained models (12 joblib artifacts: rf_main, xgb_main, krr_main304

plus nine LOO models), metrics (model_metrics.json, loo_metrics.json, permutation_importance.json),305

test predictions (main_test_predictions.npz), and the visualization scripts are available in the306

project repository. All experiments use random_state=42; scikit-learn [29], XGBoost [30], pymat-307

gen [22], and matminer [21] underpin the pipeline.308
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