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In recent years, the high-entropy alloys (HEAs) have emerged
as a particularly promising class of candidate materials for
hydrogen storage. However, their vast combinatorial
composition space is far beyond what conventional trial-and-
error synthesis can explore, making exhaustive experimental
screening or first-principles simulations impractical. This
overload of potential motivates a machine learning-based
approach to materials screening to help identify
thermodynamically favorable hydride-forming compositions.
However, the missingness rate of reported physicochemical
properties varies greatly by material class across different data
sets. This leaves a high proportion of unreported labels, which
inhibits predictions of target properties. Accordingly, machine
learning-based predictions now often rely on text-derived
chemical element or materials representations in format or
word embeddings [1]. These embeddings offer feature
representations that capture the chemical context found in
published texts [2].

In this work, we present an end-to-end screening framework
that combines data from multiple first-principles databases
(Materials Project, AFLOW, and JARVIS-DFT) to assemble a
training set of a great variety of materials. Each material is
described by its inherent structural parameters and DFT-
computed formation energy. In addition, we constructed
composition-based feature vectors using the matminer library
to capture materials descriptors, including valence-electron
concentration, atomic radius mismatch, electronegativity
variance, and d-band proxies relevant to hydrogen binding. The
dataset is used to screen a systematically constructed virtual
library of HEA compositions based on established systems,
identifying candidates that satisfy thermodynamic windows for
reversible hydrogen absorption near ambient conditions. Word
embeddings trained on a materials science corpus are pooled by
several different criteria into composition-level features and
concatenated with classical phase-stability descriptors [3, 4],
together with binary missingness indicators on the descriptors
themselves. In contrast to predictive positioning of materials
using combined descriptors and text-based representations, the
similarity-based materials analysis operated in the feature
space rather than the label space. The trained predictor scored
phase-stable equiatomic candidates enumerated from a data-
driven pool of chemical elements and annotated with predicted
properties.

In addition to sparse property selection, the limitations of the
current work stem from the fact that text-derived embeddings
supporting predictive behavior inherit publication bias.
Namely, chemistries investigated in greater detail have rich
vector  representations, while those neglected or
underrepresented receive sparse vectors or very low-quality

representations. We further discuss how explicit label-side and
feature-side missingness affects predictive calibration and
discovery, and how it generalizes to other materials informatics
tasks where literature corpora and labeled databases coexist
with structurally non-random gaps.

The results demonstrate the potential of high-throughput
computational screening combined with interpretable machine
learning to accelerate the identification of novel HEA-based
hydrogen storage materials, providing prioritized targets for
experimental validation.
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