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ABSTRACT: The expansion of large-scale materials databases has facilitated the = Sparsification
development of graph-based representations, encoding structural and functional similarities o, WoNe (Black Hole)
as edges in data-driven networks. These enable machine learning models to leverage both
local features and global relationships. However, densely connected datasets often
introduce redundancy and noise, escalating computational complexity without improving &rs

performance. Here, we introduce the Black Hole Strategy, a gravity-based representative Original Graph
sampling method that constructs compact, informative subsets from large materials

datasets while preserving essential structural and property diversity. Using metal—organic

frameworks (MOFs) as a case study, we demonstrate that graph neural networks (GraphSAGE, GCN, and GAT) trained on Black
Hole—sparsified datasets achieve comparable or superior classification and regression performance compared to full-dataset models,
despite utilizing significantly fewer data points and reduced memory and training time requirements. Analysis of class-level confusion
matrices confirms that critical structure—property relationships—such as pore-limiting diameter (PLD)—persist under substantial
sparsification. An ablation study on gravity score weights validates the balanced formulation and robustness of the approach.
Topological and efficiency benchmarks further demonstrate that the method preserves modularity, diversity, and connectivity across
sparsification levels. These findings establish the Black Hole Strategy as a principled and frugal approach for machine learning in
materials science, enabling efficient, interpretable, and scalable discovery workflows. Importantly, this work contributes to the
objectives of the FAIRmat consortium, which aims to develop a FAIR data infrastructure for condensed matter physics and materials
science. Our approach advances FAIR (Findable, Accessible, Interoperable, Reusable) data practices through optimized sampling
techniques that enhance data management, reusability, and interoperability in materials informatics.
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1. INTRODUCTION which significantly reduces the time and cost associated with
traditional trial-and-error methods in the field.

Metal—organic frameworks (MOFs) and high-entropy alloys
(HEAs) represent two classes of materials characterized by
extraordinary structural and compositional diversity. This
complexity offers vast opportunities for applications but also
creates significant challenges for rational design and discovery.””
To address the combinatorial explosion inherent in such
systems, machine learning approaches must be combined with
intelligent sampling strategies that can extract representative,
high-quality subsets from large and heterogeneous chemical
spaces. In this study, we focus on MOFs as a model system to
demonstrate how this strategy can enhance Al-driven property
prediction and facilitate more generalizable materials modeling,

The discovery and development of advanced materials have
historically been major contributors to technological break-
throughs ranging from semiconductors for electronics to
composite materials for aerospace applications. In recent
years, the accelerating pace of technological innovation has
intensified t he d emand f or m aterials w ith unprecedented

combinations of properties, including high strength, lightweight
structures, selective reactivity, and tunable porosity. However,
traditional experimental approaches are increasingly constrained
by the immense combinatorial complexity arising from
variations in chemical composition, structural design, processing
conditions, and reaction environments.

Consequently, the integration of artificial i ntelligence (AI),
machine learning (ML), and high-throughput computational
techniques into materials science has emerged as a trans-
formative strategy for guiding the discovery and optimization of
next-generation materials.”” These data-driven approaches
enable the rapid screening of vast chemical spaces, the
identification o f's tructure—property r elationships, a nd the
prediction of novel compounds with tailored functionalities,
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MOFs are porous, crystalline materials composed of repeating
units of well-defined metal and organic building blocks.” Over
the past two decades, MOFs have garnered increasing scientific
interest for applications in gas storage, catalysis, drug delivery,
sensing, energy storage, and gas separation.é_8 This surge in
scientific interest has resulted in the synthesis and character-
ization of more than 120 000 unique MOFs, which have been
deposited in the Cambridge Structural Database (CSD), along
with millions of high-performance theoretically predicted
hypothetical structures.””"" Consequently, the chemical design
space of MOFs has expanded to a scale that exceeds the
capabilities of traditional computational and experimental
methods.

To overcome this challenge, the integration of curated
databases, high-throughput screening, and machine learning
tools has emerged as a powerful alternative for accelerating
MOF discovery and property prediction.'>"® High-throughput
computational workflows combined with machine learning
(ML) models have enabled the rapid prediction of key material
properties and facilitated the identification of promising
candidates for targeted applications. Descriptor-based ap-
proaches have further accelerated discovery pipelines by
enabling the quantitative correlation of structural features with
key performance metrics such as gas adsorption capacity,
catalytic activity, and electronic properties.'” ' Moreover, the
rise of materials genomics has empowered researchers to
leverage big data analytics for comprehensive structure—
property evaluations."” Recent advances in large language
models (LLMs) fine-tuned for chemical reasoning have further
democratized access to MOF research by enabling broader
engagement even in data-scarce settings.2

Despite substantial progress in machine learning for materials
science, the accumulation of redundant and noisy data continues
to slow the development of efficient models. As datasets grow
larger, they increasingly accumulate structurally peripheral and
low-information data points, which obscure meaningful
structure—property relationships and prevent model general-
ization. This informational redundancy not only increases
computational costs but also slows the pace of materials
discovery and optimization. To overcome this bottleneck, it is
necessary to develop not only sophisticated machine-learning
architectures but also principled data sampling strategies that
can extract representative and information-rich subsets while
systematically eliminating redundant, noisy, and structurally
peripheral data points.

Graph-based learning frameworks offer a promising pathway
for managing the intrinsic complexity of large-scale MOF
datasets.”” In such frameworks, crystal structures are repre-
sented as graphs with nodes corresponding to atoms or
structural units, and edges representing chemical bonds or
topological relationships.”* This representation enables machine
learning models to capture both local atomic environments and
global structural connectivity. Recent applications of graph
neural networks (GNNs) have demonstrated strong progress in
predicting properties such as CO, capture performance,
electronic structure, and partial atomic charges. Yet, most
studies still treat MOFs as isolated graphs, overlooking relational
similarities across the broader design space. Notably, Chen et al.
developed a graph-based deep learning increment theory for
enthalpy prediction with strong generalization to larger
molecules,” while Muthiah et al.® applied GNNs to chemical
property prediction in process systems—further underscoring
the versatility of graph-based learning across chemical domains.

Traditional machine learning approaches often treat each
material as an independent data point. In contrast, we propose
viewing the entire dataset as a graph, where each material is
represented as a node and edges capture structural or chemical
similarities. We refer to this abstraction as a material
network.'”'> This network-based perspective that has been
successfully applied in our previous work on high-entropy alloys
(HEAs)** is extended here to MOFs. It enables the use of
graph theory tools—such as community detection and centrality
measures—to better capture redundancy, diversity, and
structural coverage across large materials datasets.

To address these challenges, we previously introduced the
concept of social network analysis as a framework for
investigating the interrelationships among MOFs, enabling the
design of predictive models grounded in structural interactions
across the chemical space. In this previous study, we represented
the entire MOF design space as a single cohesive graph, where
each node corresponded to an individual MOF and edges
quantified the structural similarity between them. Through this
networked representation, we discovered that the multilayered
interactions inherent in social networks could be strategically
harnessed to eliminate redundancies and yield a more efficient
and structurally diverse representation.

Building upon these findings, we introduce the Black Hole
Strategy as a generalized and scalable sampling framework for
extracting representative metal—organic frameworks (MOFs)
from large graph-based datasets.

For this reason, we decided to develop a scalable and
generalizable approach for constructing lightweight, informa-
tion-rich datasets that can support efficient and accurate
machine learning. Hence, we introduce the Black Hole Strategy,
which is a principled sampling framework designed to
systematically identify and retain representative nodes within
large material networks while minimizing redundancy. As proof
of principle, we apply this framework to a MOF social network
and evaluate its effectiveness by training and testing graph-based
machine learning models (GraphSAGE, GAT, and GCN) using
pore-limiting diameter (PLD) classification as a representative
task. Our findings show that strategic network sparsification can
maintain and even enhance predictive performance.

2. THEORY AND METHODOLOGY

2.1. The Black Hole Strategy: Conceptual Foundations
and Definitions. The Black Hole (BH) Strategy, introduced in
this work, is a gravity-based representative sampling approach
designed to identify and retain the most influential nodes and
edges in a materials graph. The name reflects its conceptual
analogy to celestial black holes—regions in space characterized
by an intense gravitational pull that attracts and concentrates
surrounding matter. Similarly, in our method, nodes with higher
graph influence—quantified through a gravity-inspired metric
that combines structural centrality, property similarity, and
connectivity—exert a stronger “pull” on their neighboring nodes
and edges. By prioritizing these influential nodes, the method
constructs a compact yet structurally and functionally
representative subset of the original dataset, reducing redun-
dancy and computational overhead while maintaining essential
structure—property relationships.

In a given graph G = (V,E), anode v € Vis classified as a Black
Hole Node ifits gravity score g(v) exceeds an empirically defined
threshold 7, i.e., g(v) > 7.

These nodes are highly connected and structurally diverse,
forming a distilled subset of the original dataset that captures the
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Figure 1. Workflow of the Black Hole Strategy. MOF networks are constructed and clustered into communities. Nodes are scored by composite gravity
metrics derived from centrality measures. High-gravity nodes are selected and stratified by PLD classes to form a sparsified, property-aware MOF graph

for efficient machine learning.

essential functional and geometric variation needed for machine
learning applications.

Definition 1 (Black Hole Strategy): The Black Hole Strategy
is a centrality-driven, property-aware sampling framework
designed to extract a compact, representative subset of nodes
from large-scale graphs. It systematically eliminates low-gravity
nodes and weakly weighted edges while preserving core
community structure and property diversity.

Definition 2 (Gravity Score): The gravity score is a
quantitative measure of a node’s overall influence or importance
within a network. It integrates multiple structural metrics to
reflect both the local and global relevance of a node. Higher
gravity scores indicate nodes that are more central, better
connected, and more structurally significant in the network
topology.

Definition 3 (Sparsification Threshold 7): The pruning rate
7 € (0,1) is a user-defined parameter that controls the degree of
network reduction. It determines the fraction of nodes with the
lowest gravity scores (within each community) and the weakest
edges (globally or locally) to be removed during the
sparsification process.

A summary of the Black Hole Strategy is illustrated in Figure
1.

The first step in our Black Hole Strategy involves constructing
a social network, following the approach introduced in our
previous work.”> To support the structural foundation of our
analysis, we utilized MOFGalaxyNet, a large-scale similarity-
based network of 14000 MOFs constructed from curated
structural and chemical descriptors. Each node represents a
MOF, and edges encode pairwise similarity relationships derived
from a dedicated scoring engine. The network’s high modularity
enables precise community detection and pattern extraction.
The complete workflow for generating MOFGalaxyNet is
described in detail in Section S2.

To extract meaningful structural insights from MOFGalax-
yNet, we apply social network analysis (SNA) in two key stages.
First, community detection is performed to identify modular
clusters of related MOFs, preserving the inherent structure of

the network while preventing bias toward densely connected
regions. These communities serve as strata, enabling balanced
and systematic sampling across the network. Second, we
compute local and global centrality metrics—including degree
centrality, betweenness centrality, and neighborhood influence
(measured by the sum of edge weights)—to assess node-level
importance. These metrics are normalized using min-max
scaling and combined into a composite gravity score, identifying
the most structurally influential nodes, analogous to gravita-
tional centers in celestial systems.

This analysis feeds into the Gravity Measurement Module,
where MOFs are ranked based on their gravity scores. In the
Black Hole Selection stage, nodes with high gravity values are
retained as structurally dominant candidates. To maintain
material property diversity, a PLD-Based Stratification step is
applied: MOFs are grouped into bins by pore-limiting diameter
(PLD) (Nonporous, Small, Medium, Large), and the top-
scoring MOFs from each bin are selected. This ensures that the
final representative subset reflects both structural importance
and diversity in material properties.

The Black Hole Strategy thus integrates network topology,
centrality-based gravity scoring, and stratified sampling into a
unified framework. The result is a sparsified black hole graph—a
reduced yet representative subset of the original MOF network
that retains modularity, connectivity, and diversity.

To improve robustness, the Black Hole Strategy incorporates
a bootstrap step, where |El edges are sampled with replacement
from the original graph before sparsification. This step is not
strictly required for scalability (as MOFGalaxyNet is computa-
tionally manageable), but it enhances stability by accounting for
stochasticity in community detection and ensuring reproduci-
bility across multiple runs.

A pseudocode for the implementation of the Black Hole
Strategy is summarized in Algorithm 1. This workflow ensures
the selection of an optimal subset of MOFs while preserving
network diversity and structural integrity. This algorithm can be
implemented on a social network to identify the most
representative and unique nodes within the network.
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Node summary table,
(0, 1):

Number of bootstrap runs

B, y: Weights for centrality metrics

€
al

Output:

E BH: List of sparsified edge sets {E BH"1,
Node-level table with normalized centralities,

NodeFeatures:
labels
R} do

for each run r in {1, .

Weighted edge list of the MOF similarity network
including structural descriptors and PLD values
Sparsification threshold (fraction of nodes and edges to prune)

(Degree, Betweenness, Neighborhood Influence)

., E BH"R}

gravity scores, and PLD class

1. Bootstrap sampling:
- Sample |E| edges with replacement from E to construct graph G = (V, E r)
2. Community detection:
- Detect communities C = {Cq, ., C k} using the Louvain algorithm
3. Centrality computation for each community Ci:
for each node v in Ci do
- Compute Degree Centrality: DC(v)
- Compute Betweenness Centrality: BC(v)
- Compute Neighborhood Influence: NI(v) = & w(u,v) V (u,v) € Ei

- Normalize DC, BC,
DC norm(v), BC norm(v

)

and NI within Ci using Min-Max scaling:
NI norm(v)

+ y NI norm(v)

Gravity(v), and PLD bin

4. Gravity score calculation:
for each node v € V do
- Gravity(v) = o-DC norm(v) + B-BC norm(v)
5. Property-aware binning:
- Assign each node to a PLD bin:
{Nonporous, Small, Medium, Large}
6. Pruning within PLD bins:
for each bin b do
- Sort nodes by Gravity(v) in descending order
- Select top (1 - 1)% of nodes in bin b
7. Subgraph reconstruction:
- Define V_BH = selected nodes from all bins
- Define E BH"r = edges from E r connecting nodes in V BH
- Construct subgraph G BH = (V_BH, E BH"r)
8. Save results:
- Append E BH”r to E BH
- Store NodeFeatures with centrality scores,
end for

Algorithm 1 Steps of the Black Hole Strategy, detailing the creation of social network, community detection, gravity scoring, and

stratified sampling for optimal MOF selection.

2.2. Community Detection. Community detection in the
MOF network was performed using the Louvain algorithm,””
which is widely adopted for large-scale networks due to its
scalability and ability to identify high-modularity partitions. The
Louvain algorithm operates in two iterative phases: (i) local
movement of nodes, where each node is reassigned to the
community of one of its neighbors if such a move increases
modularity, and (ii) community aggregation, where identified
communities are collapsed into supernodes to construct a
reduced network. These two steps are repeated until modularity
converges, resulting in a hierarchical community structure. This
approach provides an efficient alternative to edge-removal-based

methods (e.g,, Girvan—Newman) and is particularly suited for
sparsified graphs, where preserving modular organization is
crucial for representative sampling. For a detailed explanation of
the community detection process, including the mathematical
formulations and iteration specifics, refer to Section S3.

2.3. Gravity Scoring. The significance of each node in the
network is quantified by its gravity score, computed as a
weighted sum of three normalized centrality measures: Degree
Centrality (DC), Betweenness Centrality (BC), and Neighbor-
hood Influence (NI), the latter representing the total weight of
edges connected to the node. The mathematical formulation is
given by the following:
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GraVity(v) = a'DCnorm(v) + ﬁ.BCHOIm(V) + y'NInorm(V)
(1)

Here, a, §, and y are the weights assigned to Degree Centrality
(DC), Betweenness Centrality (BC),”* and Neighborhood
Influence (NI), respectively. In this study, we assign equal
weights to all three components. To examine the relative
contribution of these terms, we conducted an ablation study
varying @, f, and y while maintaining @ + f + y = 1. As
summarized in Table S1 (Section S4), emphasizing a single
component (e.g, a = 0.7, f# = 0.2, y = 0.1) yielded marginal
improvements for specific models, but results fluctuated across
sparsification levels. By contrast, the balanced configuration (a =
B =y = 0.33) achieved consistently stable and competitive
accuracy across GAT, GCN, and GraphSAGE. This validates
our choice of equal weighting in all main experiments, as it
avoids bias toward any single factor, preserves interpretability,
and ensures robustness across diverse GNN architectures.

Overall, this formulation ensures a balanced contribution
from each metric while highlighting the role of neighborhood
influence, which captures the interaction strength of nodes
within their communities—a critical property in weighted
networks. By combining these three structural features, the
gravity score provides a comprehensive measure of node
importance, serving as the foundation of the Black Hole
Strategy. For detailed numerical results and extended discussion,
see Section S4.

2.4. Preserving Material Property Diversity through
Stratified Sampling. In this study, we used the pore-limiting
diameter (PLD) as a key material property to validate the
effectiveness of our Black Hole data sparsification approach.
Since the PLD values are continuous, we converted them into
categorical classes, as shown in Table 1. This enabled a more

Table 1. Transformation of Pore-Limiting Diameter (PLD)
Values from Continuous to Categorical Variables

Classes PLD Range (A)
Nonporous PLD <2.4
Small 24 <PLD <44
Medium 44 <PLD <59
Large PLD > 5.9

structured approach to incorporating stratified sampling,
ensuring that the reduced network maintains a balanced
representation of PLD categories while prioritizing the most
structurally significant nodes.

To illustrate the effectiveness of the Black Hole Strategy, we
applied it to a sample network of 35 metal—organic frameworks
(MOFs) segmented into five communities. As shown in Figure
2, the method systematically reduces the network by removing
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structurally less influential nodes while retaining key represen-
tatives—referred to as Black Hole Nodes—based on gravity
scores. This progressive pruning preserves modularity and
connectivity, emphasizing structurally significant M OFs across
all communities.

A detailed explanation and full-resolution visualization of this
reduction process are provided in Section SS5.

3. RESULTS AND DISCUSSION

Applying the Louvain community detection algorithm to the
MOF social network, which contains 14 000 MOFs, yielded 836
distinct communities with a total modularity score of 0.834. This
modularity score measures the robustness and effectiveness of
the Louvain algorithm in accurately identifying distinct
communities within the social network. This indicates that
communities detected are significantly m ore interconnected
internally than would be expected by random chance. The MOF
social network and the identified communities are illustrated in
Figure 3. Here, only highly populated communities are
illustrated for better visualization, with colors representing
different communities.

To further characterize the 836 identified communities, we
employed a combination of gravity-based metrics, network
centrality measures, and stratified s ampling a nalysis t o select
representative metal—organic frameworks (MOFs) from each
community. This approach ensured that the nodes selected as
centroids from each community accurately encode the structural
and functional diversity inherent to each community.
Furthermore, the number of centroids extracted from each
community depends on the percentage of sparsification applied
during centroid analysis. The variation in the number of nodes
representing the exact number of MOFs with varying
percentages of sparsification is illustrated in Figure 4.

Figure 4 illustrates that once the sparsification threshold
increases, the number of retained MOFs decreases steadily. This
consistent reduction reflects the direct effect of the Black Hole
Strategy, which prunes structurally less informative nodes to
yield a compact, representative subset. The resulting compres-
sion significantly reduces network size while preserving diversity
through controlled, gravity-based selection. Notably, although
the original MOFGalaxyNet contains approximately 14 000
MOFs, the node count at the sparsification threshold 0 begins at
around 12 000. This discrepancy arises because some MOFs
were excluded during the construction of the initial graph,
specifically those lacking sufficient structural similarity (i.e., edge
weights below the defined threshold) and thus became isolated
nodes. These unconnected structures were removed to ensure a
cohesive and meaningful network representation.

To evaluate the effectiveness a nd r obustness o f t his data
reduction, we further assessed whether key structural and
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Figure 2. Progressive sparsification of a sample MOF network from left (dense) to right (sparse), highlighting retained high-gravity nodes as

representative MOFs.
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Figure 3. MOF social network visualized using Gephi,”> where each dark node represents a MOF and colors represent distinct communities. Smaller

communities are omitted for clarity. Inset: a zoomed view of a selected community with internal connections.
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Figure 4. Number of representative MOFs extracted from the social network at different sparsification levels.

geometric properties, such as pore-limiting diameter (PLD),

metal distribution, and linker types, were preserved across formed within communities to ensure that the selection of
different sparsification levels. These comparisons were per- representative MOFs remained consistent and structurally
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meaningful, even under varying degrees of edge and node
removal.

3.1. Comparison of PLD Representativeness across
Communities at Varying Sparsification Levels. Figure 5
presents the distribution of pore-limiting diameter (PLD) values
for MOFs in the original dataset alongside those selected as
community representatives under various sparsification levels.
Across all sparsification stages, the representative subsets exhibit
PLD distributions that closely mirror the original, indicating that
the sparsification process preserves the geometric diversity of the
dataset. This alignment demonstrates the robustness of the
Black Hole selection strategy in maintaining structural
representativeness even as the graph is pruned. Notably, up to
70% sparsification, the representative distributions remain
highly consistent, with only minimal deviations. At 90%
sparsification, while the core characteristics are still captured, a
modest shift is observed in the upper PLD range (above ~7 A),
suggesting that extreme sparsification may begin to affect the
fidelity of structural representation in some communities.

3.2. Comparison of Metal Atoms of Top Five
Representativeness across Communities at Varying
Sparsification Levels. Figure 6 presents the distributions of
the top five most frequently occurring metal atoms in MOFs
from the original dataset, compared with those of the
representative MOFs selected from each community at varying
levels of sparsification. At lower sparsification levels (up to 20%),
the metal distributions of the representative sets remain closely
aligned with those of the original dataset, indicating strong
representational fidelity. However, as sparsification increases,

noticeable deviations begin to emerge. These deviations suggest
a growing sensitivity in preserving less common metal species,
likely due to the removal of peripheral or weaker connections
that are essential for retaining structural diversity. At higher
sparsification levels (e.g., 70—90%), the representative selection
increasingly favors the most dominant metals, resulting in a
narrower compositional profile. This trend highlights a trade-off
between graph sparsity and chemical representativeness,
emphasizing the importance of balancing sparsification with
diversity preservation in MOF selection strategies.

3.3. Comparison of Organic Linkers of Top Five
Representativeness across Communities at Varying
Sparsification Levels. Figure 7 illustrates the distributions of
the top five most frequently occurring organic linkers—
converted from SMILES to IUPAC names—in the original
dataset and in the representative MOFs selected from each
community at varying sparsification levels. Compared to metal
atoms and PLD distributions, organic linkers exhibit markedly
higher sensitivity to sparsification. At the lowest sparsification
level (10%), the distribution is relatively well preserved;
however, even modest increases in sparsity result in growing
deviations from the original linker profile. This trend reflects the
greater structural diversity and network fragility associated with
organic linkers: as sparsification removes more edges, MOFs
containing less common linkers are more likely to be excluded.
Consequently, the selection process begins to favor dominant
linker motifs, leading to a compressed and less chemically
diverse representation. These findings suggest that while
sparsified networks can retain geometric and topological
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Figure 6. Distribution of the top five metal atoms in the original MOF dataset (blue) and in Black Hole—selected representative subsets (black) across
sparsification levels from 10% to 90% (a—i). Lower sparsification levels preserve metal diversity well, while higher levels increasingly favor dominant

metals.
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Figure 7. Distribution of the top five organic linkers in the original MOF dataset (blue) and in Black Hole—selected subsets (black) across
sparsification levels from 10% to 90% (a—i). While linker diversity is mostly preserved at low sparsification, deviations increase at higher thresholds,

with dominant linkers becoming more prevalent.
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features, preserving the chemical diversity, particularly among
organic linkers, requires maintaining higher connectivity in the
graph.

Together, the analyses of pore-limiting diameter (PLD),
metal atom composition, and organic linker distribution
demonstrate that the Black Hole Strategy offers a robust and
efficient framework for selecting representative MOFs from
large-scale datasets. At sparsification levels below 30%, the
representatives selected from each of the 836 communities
effectively preserve the intrinsic geometric features of the full
dataset, with minimal loss in PLD distribution. Metal
composition is also well maintained at these levels, while
organic linker diversity—being more structurally sensitive—
requires higher connectivity to remain faithfully represented.
Overall, the Black Hole Strategy proves to be a powerful
sampling method for extracting a compact yet chemically and
geometrically diverse subset of MOFs. This makes it especially
well-suited for high-throughput screening and large-scale
materials discovery, where balancing representational fidelity
with computational efficiency is critical.

3.4. Evaluation of the Black Hole Strategy with Graph
Neural Networks. To evaluate the Black Hole Strategy, we
utilized graph neural networks (GNNs), which are well-suited
for analyzing networks where meaningful relationships exist
between nodes. In our MOF graph, each node represents a
complete metal—organic framework (MOF), and edges indicate
structural similarity between MOFs. Traditional machine
learning treats data points separately and often misses these
relationships as an inter-MOF structure. GNNs, however, can
learn from both the individual properties of each MOF and the
similarities between them by having both local features and
global topology. This makes GNNs ideal for evaluating how
effectively the Black Hole Strategy retains important informa-
tion while reducing the network size.

In this study, classification was conducted based on pore-
limiting diameter (PLD), a key structural descriptor of MOFs.
The continuous PLD values were categorized into four discrete
classes—Nonporous, Small, Medium, and Large—as defined in
Table 1. These categories were used as target labels for all GNN-
based prediction tasks. This choice ensures that the evaluation of
the Black Hole Strategy directly reflects its ability to preserve
structurally relevant information required for accurate classi-
fication of PLD-based properties.

Three types of GNN models were employed to test the
method. Graph Attention Networks (GAT) learn which
neighboring MOFs are most important by using attention
weights. Graph Convolutional Networks (GCN) combine
information evenly from each MOF’s neighbors. GraphSAGE
utilizes sampling to efficiently work with large graphs, learning
by aggregating features from nearby MOFs. These models
enable evaluation of the sampling strategy’s effectiveness under
various learning styles and network sizes. The specifics of these
algorithms are provided in Section S6.

The Black Hole Strategy was evaluated against three baseline
sparsification methods: stratified sampling,”” PageRank-based
selection,”” and K-Center (farthest-point) sampling.”” Stratified
sparsification preserves dataset diversity by sampling MOFs
from distinct property groups, such as pore-limiting diameter
(PLD) categories. To strengthen this baseline, we implemented
a customized variant that (i) guarantees the inclusion of key
MOFs used in testing and (ii) leverages the structure of the
MOF graph to guide edge selection, ensuring a more balanced
and informative comparison.

In addition, we incorporated PageRank sparsification, a
centrality-driven strategy that prioritizes nodes with higher
global importance in the network, and K-Center sparsification,
which represents a clustering/coverage approach by selecting
nodes that maximize coverage of the graph through farthest-
point representatives. These methods complement stratified
sampling by reflecting different design principles—diversity
preservation, centrality-based influence, and coverage max-
imization—thereby providing a stronger and more comprehen-
sive evaluation framework.

All methods, including Black Hole, were executed 10 times
per sparsification level to assess consistency and account for
stochastic variation. Community detection for stratified
sampling was performed using the Louvain algorithm, whose
nondeterministic nature naturally introduces variation across
runs, enabling stability analysis. To ensure fairness across
methods and thresholds, a fixed representative test set was
extracted from the original MOFGalaxyNet prior to sparsifica-
tion and applied uniformly to all experiments. This ensured that
identical test nodes were retained regardless of the sampling
method or sparsification level. For stratified sampling,
community detection was conducted with a resolution
parameter of 0.5, favoring broader community structures well-
suited to this task.

To guarantee test set availability at all sparsification levels, test
nodes were selected from one of the most sparsified graphs,
ensuring their presence in less sparsified versions as well. A
limitation of this design is that, in denser graphs, some test nodes
may become structurally isolated, with few or no edges. Since
graph neural networks rely on neighborhood information, such
isolation can reduce predictive accuracy. Nonetheless, this
approach preserves consistency and comparability across all
configurations.

For each sparsification threshold (ranging from 0.0 to 0.9), a
fixed run index (Run = 0) was used to generate sparsified graphs,
thereby removing variability from repeated sampling. Evaluation
metrics were computed on the largest connected component of
each graph to ensure structural comparability. This controlled
setup guarantees that observed performance differences are
attributable to the intrinsic properties of the Black Hole,
stratified, PageRank, and K-Center strategies, rather than
inconsistencies in the test set or graph topology.

All experiments were repeated for R = 10 bootstrap runs per
sparsification level to assess stability. Performance variations
between runs were negligible (typically <1% accuracy differ-
ence), and results converged after ~S—7 runs. The averaged
results reported in Table 2 and Figure 8 are therefore
representative and robust, confirming that the Black Hole
Strategy is not sensitive to the number of bootstrap replicates.

Table 2 presents the mean classification accuracies of three
GNN models—GAT, GCN, and GraphSAGE—evaluated
across pruning thresholds under four sparsification strategies:
Black Hole, Stratified, PageRank, and K-Center. Each value
represents the average over 10 independent runs, ensuring
statistical robustness.

Across nearly all pruning levels, the Black Hole Strategy
consistently outperforms the baseline methods. The perform-
ance gap is particularly notable at moderate sparsity levels (20—
30%), where Black Hole retains structural representativeness
more effectively, resulting in superior classification accuracy. For
example, at 30% pruning, GCN with Black Hole achieves an
accuracy of 0.783, compared to 0.732 with Stratified, 0.725 with
PageRank, and 0.723 with K-Center.



Table 2. Mean Classification Accuracies of GAT, GCN, and
Graphsage across Pruning Thresholds under Four
Sparsification Strategies”

Threshold Black Hole Stratified PageRank K-Center
(a) GAT
0.0 0.781 0.733 0.727 0.720
0.1 0.791 0.730 0.720 0.721
0.2 0.809 0.727 0.729 0.717
0.3 0.805 0.730 0.719 0.721
0.4 0.776 0.706 0.702 0.721
0.5 0.768 0.689 0.695 0.718
0.6 0.765 0.681 0.688 0.710
0.7 0.770 0.683 0.690 0.707
0.8 0.771 0.681 0.689 0.70S
0.9 0.775 0.679 0.688 0.703
(b) GCN
0.0 0.833 0.723 0.746 0.755
0.1 0.801 0.733 0.740 0.743
0.2 0.802 0.736 0.743 0.751
0.3 0.783 0.732 0.725 0.723
0.4 0.774 0.710 0.706 0.726
0.5 0.760 0.702 0.698 0.718
0.6 0.756 0.699 0.695 0.716
0.7 0.754 0.696 0.692 0.714
0.8 0.752 0.695 0.691 0.713
0.9 0.751 0.694 0.690 0.712
(c) GraphSAGE
0.0 0.780 0.731 0.731 0.731
0.1 0.781 0.726 0.726 0.726
0.2 0.776 0.722 0.722 0.722
0.3 0.798 0.727 0.727 0.727
0.4 0.789 0.709 0.709 0.709
0.5 0.780 0.702 0.702 0.702
0.6 0.774 0.698 0.698 0.698
0.7 0.771 0.696 0.696 0.696
0.8 0.770 0.694 0.694 0.694
0.9 0.768 0.693 0.693 0.693

“Each value represents the mean of 10 independent runs. Bold

highlights the best method at each threshold.

Among the models, GraphSAGE demonstrates the greatest
robustness, maintaining accuracies near or above 0.74 even at
90% pruning under Black Hole, in contrast to a sharper decline
with Stratified or PageRank. GAT and GCN exhibit steeper
accuracy drops at mid-level sparsification when using stratified
sampling, likely due to the removal of structurally important
inter-MOF connections that Black Hole preserves.

Interestingly, performance across all models shows a dip
around the 40—60% sparsification range, suggesting a transition
zone where excessive edge removal fragments the graph and
partially isolates test nodes. However, this degradation is
consistently less severe under Black Hole than under the
baselines. At higher sparsification (70—90%), accuracy improves
again—particularly with Black Hole—Ilikely because the
remaining subgraphs form tighter, more informative clusters
despite their reduced size.

In addition to the tabulated averages, Figure 8a—c visualizes
the classification accuracies for each GNN model—GraphS-
AGE, GAT, and GCN—across all sparsification levels, including
error bars representing the standard deviation from 10 runs.

Figure 8a shows that GAT models trained with the Black Hole
Strategy consistently outperform all baselines, particularly

beyond 40% sparsification. While accuracy dips slightly around
50%, Black Hole maintains values above 0.7 even at 90%
sparsification. In contrast, Stratified and PageRank methods
suffer sharp declines below 0.5, indicating that random or
centrality-biased removal disrupts the attention mechanism’s
neighborhood focus.

Figure 8b highlights that GCN models are more sensitive to
sparsity, but the Black Hole Strategy clearly mitigates this effect.
At 70—90% sparsification, Stratified and PageRank collapse
below 0.55 accuracy, whereas Black Hole sustains values around
0.7 with noticeably smaller variance. This stability emphasizes
the importance of preserving structurally informative nodes in
aggregation-based models.

Figure 8c demonstrates that GraphSAGE exhibits the
strongest robustness overall. Even under extreme sparsification
(90%), the Black Hole Strategy maintains an accuracy near 0.75,
substantially higher than all other baselines. PageRank and
Stratified sampling show pronounced degradation past 60%,
while K-Center exhibits a gradual but consistent decline.

Taken together, these plots confirm that the Black Hole
Strategy not only secures higher mean accuracies but also
reduces run-to-run variability, offering stronger reproducibility.
Its performance advantage is particularly evident in mid-to-high
sparsification ranges, where conventional baselines fail to
maintain reliable learning signals. This reinforces the method’s
value for constructing information-rich and scalable graphs
suitable for robust GNN-based modeling.

While overall classification accuracy offers a general view of
model performance, it does not reveal how effectively each
model distinguishes between specific pore-limiting diameter
(PLD) classes. To gain deeper insights into class-level
performance, we examined confusion matrices for GraphSAGE,
GAT, and GCN on the original graph and three selected
sparsification thresholds: 0.2, 0.5, and 0.8. These matrices
highlight how predictions are distributed across true PLD
categories, revealing misclassification patterns, class sensitivities,
and structural effects of sparsification.

In Figure 9, which shows the models’ performance on the
original (unsparsified) graph, all three GNNs demonstrate clear
diagonal dominance, indicating reliable predictions across
classes. GraphSAGE achieves particularly strong separation,
especially for the “Medium” and “Large” classes. GAT shows
modest confusion between adjacent classes, while GCN
performs the weakest, with more frequent misclassifications,
especially between “Small” and “Medium.”

Figure 10 presents confusion matrices at threshold 0.2, where
all models retain much of their original classification capability.
GraphSAGE remains reliable, although some confusion arises
between the “Small” and “Medium” categories. GAT begins to
struggle more clearly, with increased off-diagonal predictions,
especially between “Medium” and “Large.” GCN maintains
moderate performance, though its precision for minority classes
appears reduced.

By threshold 0.5 (Figure 11), model degradation becomes
prominent. GraphSAGE still provides the most structured
output, though predictions for “Small” and “Nonporous” begin
to overlap. GAT suffers from diffuse prediction patterns across
nearly all categories, while GCN exhibits high confusion and a
lack of reliable classification, suggesting significant information
loss due to sparsification.

At threshold 0.8 (Figure 12), a partial performance rebound is
observed, especially for GraphSAGE, which regains reasonable
accuracy for the “Large” and “Nonporous” classes. GAT
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Figure 8. Classification accuracy of three GNN models under varying sparsification levels using the Black Hole Strategy and Stratified Sparsification:
(a) GAT, (b) GCN, and (c) GraphSAGE. Each point represents the mean accuracy over 10 independent runs, with error bars indicating the standard
deviation. Across all models, the Black Hole Strategy consistently yields higher and more stable performance, particularly at moderate to high
sparsification levels.
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Figure 11. Confusion matrices at sparsification threshold 7 = 0.5. Panels: (a) GraphSAGE, (b) GAT, (c) GCN.

continues to show scattered predictions with poor class
separation, and GCN remains unstable, highlighting its
sensitivity to high sparsity.

Together, these results emphasize that GraphSAGE is more
robust under sparsification, while GAT and GCN are more
vulnerable to edge and neighborhood degradation. Confusion
matrices thus complement average accuracy results by exposing
per-class behavior, misclassification trends, and the structural
resilience of each GNN model.

3.5. Regression-Based Evaluation of PLD for Domain-
Relevant Validation. While classification into PLD categories
provides useful insights, pore-limiting diameter (PLD) is
inherently continuous, and small variations can significantly

affect adsorption and transport behavior. To capture this
nuance, we reformulated the task as a regression problem,
predicting PLD values directly. We benchmarked GAT, GCN,
and GraphSAGE under four sparsification strategies (Black
Hole, Stratified, PageRank, and K-Center) and evaluated
regression performance in terms of MAE, RMSE, and R%.

As shown in Figures 13—15, the Black Hole Strategy
consistently achieves lower error (MAE, RMSE) and higher
R?* across pruning thresholds compared to baselines. For
example, at 50% pruning, GAT with BH achieved MAE =
0.836, RMSE = 1.315, R* = 0.683, whereas Stratified reached
only MAE = 1.182, RMSE = 1.781, R? = 0.439. Similarly,
GraphSAGE with BH attained MAE = 0.658, RMSE = 1.050, R?
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= 0.798, representing the strongest regression accuracy overall.
These findings confirm that BH-selected subgraphs remain
representative not only for classification but also for continuous
property prediction, strengthening the method’s utility for
domain-relevant materials science tasks.

3.6. Topological Evaluation of Black Hole Sparsifica-
tion. To investigate the topological consequences of sparsifi-
cation, we compared the Black Hole Strategy against three
common baselines—Stratified, PageRank, and K-Center—
across several structural metrics. The goal of this analysis was
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pruning.

to determine whether BH preserves both local cohesiveness and
global connectivity more effectively than competing approaches.
Figures 16—19 summarize the results.

3.6.1. Graph Diameter. Graph diameter captures the longest
shortest path within the network and reflects its global reach. As
illustrated in Figure 16, BH maintains a broader diameter across
all pruning thresholds compared to baselines. This means that
sparsified graphs under BH still allow information to travel over
long distances, preserving structural integrity. In contrast,
Stratified and K-Center rapidly lose diameter after 40% pruning,
producing overly compact graphs. PageRank compresses the
diameter even more strongly, leading to networks where long-
range relationships are almost completely lost. By selectively
pruning weaker connections while retaining structurally
dominant nodes, BH ensures that sparsification does not
compromise global communication.

3.6.2. Graph Modularity. Community structure is another
key aspect of network integrity. Figure 17 shows that BH
consistently sustains high modularity across all pruning
thresholds, even slightly improving community separation at
higher levels of pruning. This behavior indicates that the
communities detected in the network remain well-defined and
interpretable even under strong sparsification. By contrast, the
Stratified and PageRank methods collapse dramatically after
60% pruning, losing most community structure and yielding
fragmented or artificially blended clusters. K-Center maintains
moderate modularity but exhibits a decline at high sparsity.
These results demonstrate that BH not only preserves but also
enhances modular clarity, a property crucial for downstream
clustering and stratified learning tasks.

3.6.3. Number of Communities. The preservation of the
number of communities provides further evidence of structural
stability. In Figure 18, BH maintains a nearly constant number of
communities across all thresholds, indicating that pruning does
not eliminate entire structural groups. In contrast, the Stratified
and PageRank approaches collapse after 70% pruning, reducing
the network to only a handful of communities or even none. K-
Center initially inflates the community count—likely due to
artificial fragmentation—but eventually collapses as well. The
ability of BH to retain stable community counts confirms its
effectiveness in balancing pruning with diversity preservation,

ensuring that sparsified graphs remain representative of the
original dataset.

3.6.4. Graph Density. Finally, we analyzed graph density,
which reflects the ratio of existing edges to the total number of
possible connections. As shown in Figure 19, BH maintains
stable density values across pruning thresholds, remaining close
to the baseline. This stability means that BH does not introduce
artificial overconcentration or collapse. By contrast, Stratified,
PageRank, and K-Center all exhibit strong density spikes at
pruning levels beyond 70%, indicating distorted connectivity
where remaining nodes become excessively interconnected.
Such artificial densification reduces interpretability and
introduces biases into network analysis and GNN training. BH
avoids these pitfalls by preserving sparsity in a controlled,
realistic manner.

Taken together, these results confirm that the Black Hole
Strategy provides a principled and robust framework for
sparsification. Unlike the baselines, which either fragment
communities, collapse diameters, or artificially inflate density,
BH maintains both local structures (community integrity and
modularity) and global features (diameter and connectivity).
The stability observed across all topological metrics ensures that
BH produces graphs that are lightweight, interpretable, and
structurally faithful to the original dataset, thereby enabling
efficient yet reliable learning of graph neural networks.

3.7. Computational Efficiency and Complexity Anal-
ysis. To quantitatively validate the “frugal” characteristics of the
Black Hole Strategy, we compared its performance with three
general sparsification techniques—Stratified, PageRank, and K-
Center—across graph construction duration, peak memory
consumption, and model training duration. The results are
encapsulated in Table 3, with detailed plots provided in Section
S7. Black Hole consistently exhibited the lowest memory
footprint (~114 MB at 50% pruning) compared to Stratified
(~823 MB) and PageRank (~631 MB), while also cutting
training time by nearly half. For example, in GAT, training time
was reduced from ~34 s (Stratified) and 49 s (PageRank) to 18 s
with Black Hole. K-Center achieved competitive training times
(e.g, 28 sin GAT, 1.9 s in GCN), but this benefit was offset by
significantly higher construction overhead (75 s vs ~27 s for
Black Hole). Overall, Black Hole delivered the best balance,
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Table 3. Average Graph Construction Time, Training Time,
and Peak Memory Usage at 50% Pruning across Different
Sparsification Methods

Graph Peak
Construction Trainin; Memory

Model Method Time (s) Time (s (MB)
GAT Black Hole 26.7 18.3 114
Stratified 37.6 33.7 823

PageRank 33.7 48.5 631

K-Center 75.4 27.9 193

GCN Black Hole 26.8 2.7 114
Stratified 37.6 3.7 823

PageRank 33.7 4.9 631

K-Center 75.4 1.9 193

GraphSAGE  Black Hole 26.8 3.1 114
Stratified 37.6 4.1 823

PageRank 33.7 52 631

K-Center 75.4 2.2 193

combining fast convergence and minimal memory usage with
only moderate graph construction cost.

Theoretically, the intricacy of these methods reinforces the
apparent trade-offs in their efficiency. The Black Hole Strategy,
characterized by Louvain community detection and centrality
calculations, functions with a practical complexity of approx-
imately O(N-E), but community partitioning significantly
decreases runtime in practice. PageRank depends on iterative
power updates with a complexity of approximately O(k-E),
where k is the number of iterations, which is generally minimal.
Stratified s ampling i s ¢ omputationally e flicient, wit h a time
complexity of O(N), as it involves random selection within
designated property bins. K-Center, however, is the most costly,
necessitating O(N?) distance evaluations in its greedy
implementation (or O(N log N) with approximations).
Collectively, our findings suggest that the Black Hole Strategy
achieves the optimal equilibrium between empirical efficiency
and theoretical scalability, underscoring its suitability for
extensive graph learning in materials science.

In addition to computational benchmarks, we also examined
the effect of synthetic redundancy to provide direct evidence
that low-information nodes hinder model generalization.
Redundancy was introduced by duplicating a fraction (r) of
nodes with identical features and connections, and performance
was evaluated for GAT, GCN, and GraphSAGE with and
without the Black Hole Strategy, taking the best accuracy across
sparsification t hresholds. A s s ummarizedi n T able 4 and
illustrated in Section S7, redundancy consistently degraded
performance in baseline models, particularly at higher levels (r >
0.2). In contrast, BH mitigated this effectb y selectively
removing low-information nodes, yielding accuracy improve-
ments of up to +9.5% for GAT at r = 0.0—0.1. These results
provide direct evidence that redundancy can obscure structure—
property relationships while confirming that BH enhances both
predictive accuracy and computational efficiency, in line with
the principles of frugal machine learning,

4. CONCLUSIONS AND FUTURE DIRECTION

This study introduced the Black Hole Strategy, a scalable and
structure-aware sparsification method for curating high-quality
subsets from large and redundant materials datasets. By reducing
data volume while preserving structural and chemical diversity,
the strategy demonstrates that representative, well-structured
data can be more valuable than sheer quantity. Both

Table 4. Maximum Classification Accuracy across
Sparsification Thresholds for GAT, GCN, and Graphsage
under Increasing Synthetic Redundancy Levels (r)

r (Redundancy  Black K-

Model Level) Hole  Stratified PageRank Center
GAT 0.0 0.571 0.540 0.564 0.575
0.1 0.564 0.550 0.572 0.608

0.2 0.564 0.542 0.566 0.551

0.3 0.558 0.538 0.572 0.573

GCN 0.0 0.550 0.523 0.525 0.566
0.1 0.560 0.526 0.555 0.561

0.2 0.540 0.559 0.548 0.550

0.3 0.553 0.526 0.538 0.533

GraphSAGE 0.0 0.588 0.550 0.573 0.624
0.1 0.563 0.529 0.541 0.588

0.2 0.594 0.542 0.559 0.608

0.3 0.591 0.560 0.549 0.595

classification and regression experiments confirm its robustness
across predictive tasks, showing that the approach maintains
strong performance even under significant data reduction.
Beyond predictive accuracy, it enhances interpretability, reduces
noise, and improves computational efficiency, making it
particularly suitable for large-scale screening and machine
learning—driven discovery. Importantly, the approach aligns
with the goals of the consortium FAIRmat (https://www.
fairmat-nfdi.eu/fairmat/), which is building a FAIR (Findable,
Accessible, Interoperable, Reusable) data infrastructure for
condensed-matter physics and chemical physics. By generating
optimized datasets, the Black Hole Strategy supports both
machine learning applications and knowledge-driven explora-
tion within this framework.

Future research can extend the Black Hole Strategy along
several promising directions. Representing MOFs at the atomic
scale, rather than as higher-level nodes, could enable more fine-
grained property prediction and tighter integration with
molecular simulation workflows. The sparsified MOF networks
derived from the Black Hole Strategy also provide a solid
foundation for advanced applications, including generative
modeling, optimization-driven material selection, and retrieval-
augmented generation with large language models (LLMs).
Linking this strategy with GraphRAG architectures or knowl-
edge graph systems may further facilitate intelligent querying,
semantic reasoning, and explainable AI in materials science.
Moreover, the Black Hole Strategy offers natural synergies with
semisupervised and active learning paradigms. For example, the
gravity score could serve as an acquisition function to prioritize
labeling in data-scarce environments or as a heuristic to guide
label propagation in semisupervised frameworks.

A vparticularly significant avenue of future work lies in
combining the Black Hole Strategg with the Lotus Effect
Optimization (LEO) algorithm,3(’ " both of which were
originally proposed by our group. LEO, which employs
nature-inspired mechanisms to balance exploration and
exploitation, can be adapted as a gravity-based optimization
method to complement the Black Hole framework. This
hybridization holds strong potential to advance scalable
discovery pipelines in materials science, especially by accelerat-
ing the identification of optimal MOFs for drug discovery and
related biomedical applications. Such integration would also
align the Black Hole Strategy with broader trends in data-
efficient machine learning, further increasing its utility for
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chemical and materials datasets where labeled data remain
limited.
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