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ABSTRACT
The reliability of machine learning (ML) models in chemistry and materials discovery is often compromised by Data Distribution

Mismatch (DDM), a systematic deviation between training data distributions and target chemical spaces manifesting in three

dimensions: over-density (redundant sampling of known regions), sparsity (insufficient coverage of the feature space), and extrap-

olation risk (predictions beyond the training domain). To address this challenge, we propose a data-centric, visual-first method-

ology that transforms reliability assessment from abstract metrics into evidence-based visual inquiry, operationalized through

D2VP (Data Diagnosis & Visualization Platform), an open-source interactive system where “2” denotes the dual capability of

diagnosing distribution anomalies and visualizing high-dimensional chemical spaces in a human-in–the-loop environment.

Case studies validate the methodology across each DDM dimension. Redundancy-reduced sampling reduces dataset size by over

60% with negligible accuracy loss. Exploration-based sampling guides new experiments; adding just 10% of targeted data reduces

mean absolute error by over 80% for models trained on sparse data. The credibility analysis toolkit identifies high-risk extrapola-

tion scenarios, including a case with a training-to-prediction ratio of nearly 1:400. By integrating these capabilities, D2VP trans-

forms abstract reliability metrics into actionable scientific insights, providing a domain-agnostic framework for building

trustworthy predictive models across the AI for science landscape.

1 | Introduction

Machine learning (ML) has emerged as a transformative paradigm
in chemical research, joining experiment, theory, and computation
as a foundational pillar of modern science. By enabling the rapid
prediction of material properties [1–3], inverse molecular design
[4–6], and automated synthesis planning [7–9], these data-driven
approaches are fundamentally reshaping the research landscape.
Yet, as the field transitions from proof-of-concept to practical appli-
cation, the focus must shift from merely demonstrating predictive
potential to rigorously ensuring the operational reliability of these
models in high-stakes scientific discovery.

The reliability of an ML prediction hinges on two interconnected
factors: the quality of the model architecture and, more funda-
mentally, the integrity of its training data. While algorithmic
advances continue to dominate the literature [10–15], a growing
body of evidence suggests that data quality issues which we term
Data Distribution Mismatch (DDM), are often the root cause of
unreliable predictions in real-world applications.

However, for materials scientists, systematically improving the
quality and integrity of data often presents a more direct path
to reliable models than pursuing complex algorithmic develop-
ment. This viewpoint is the foundation of data-centric AI, a
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paradigm that prioritizes systematic data improvement over per-
petual model tuning [16, 17]. Supporting this perspective, evi-
dence indicates that for a given prediction, the similarity of
the query point to the training distribution is a more critical
determinant of accuracy than the specific algorithm employed
[18]. Grounded in this data-centric philosophy, this work intro-
duces a systematic methodology to diagnose and mitigate DDM.

We formally define Data Distribution Mismatch (DDM) as a sys-
tematic deviation between training data distributions and target
chemical spaces [19, 20], manifesting across three distinct dimen-
sions. The first dimension, over-density, refers to redundant
sampling of known regions, characteristic of the long–tailed dis-
tributions common in materials research [21–24] where human-
centric research biases concentrate efforts on materials similar to
known high-performers [25, 26]. Studies show that prediction
errors for materials in sparse data regions can be over 50% higher
than for well-represented regions [27]. The second dimension,
sparsity, describes insufficient coverage of the feature space, cre-
ating cognitive blind spots where predictive accuracy can plum-
met from over 90% to below 60% [20], rendering predictions
unreliable [28]. The third dimension, extrapolation risk, mani-
fests during application, where models trained on limited exper-
imental data must screen vast virtual libraries, often forcing
training-to-prediction ratios exceeding 1:400.

This extrapolation dimension of DDM is formally linked to the
out-of-distribution (OOD) generalization problem and the chal-
lenge of defining a model’s applicability domain (AD) [29–33].
Recent work reveals that performance can degrade significantly
when models encounter novel inputs. Increasing training data
volume alone does not reliably resolve this problem [28, 34–36].
Collectively, these three manifestations of DDM constitute a pri-
mary barrier to achieving robust and interpretable machine
learning in scientific research [28, 37].

Despite this critical barrier, a significant methodological gap per-
sists. While platforms such as theMaterials Project [38], NOMAD
[39], and Materials Cloud [40] have revolutionized access to
computational materials data, their primary focus remains on
data aggregation and standardization rather than systematic
DDM diagnosis and mitigation. Current ML toolchains often pro-
vide fragmented ecosystems of disconnected components [28, 41],
leading to rigid workflows [42] ill-equipped to address DDM
consequences. Furthermore, many existing methods demand deep
ML expertise, creating adoption barriers for domain experts [8, 19].
A deficit exists in intuitive, human-in-the-loop systems that
empower scientists to directly interact with and steer the data anal-
ysis process [43, 44].

In response, we developed a visual-first, data-centric methodology
operationalized through D2VP (Data Diagnosis & Visualization
Platform), an open-source interactive platform designed to fill this
methodological void. The D2VP platform provides integrated tools
to diagnose and mitigate each DDM dimension within an intuitive
visual environment. We validate this methodology through case
studies demonstrating: (i) redundancy-reduced sampling to
address over-density, reducing training sets by over 60% with neg-
ligible accuracy loss; (ii) exploration-based sampling to resolve
sparsity, improving model performance by over an order of mag-
nitude with targeted data augmentation; and (iii) credibility

analysis to manage extrapolation risk, identifying high-risk predic-
tions in scenarios with training-to-prediction ratios approaching
1:400.

2 | Results and Discussion

2.1 | Visualizing Feature Space for Enhanced
Reliability: The D2VP Approach

The primary contribution of this work is not a novel predictive
algorithm. Rather, we present D2VP, an interactive visual plat-
form that redirects attention from algorithmic prediction to
researcher empowerment. The platform equips domain experts
with tools for direct data interrogation and analytical reasoning.
Within this environment, researchers can intuitively diagnose
data quality issues and systematically address foundational prob-
lems that compromise model reliability. Figure 1 illustrates this
paradigm shift: from a conventional “black-box” approach rely-
ing on abstract metrics (Figure 1a) to a human-in-the-loop meth-
odology grounded in visual, evidence-based scientific inquiry
(Figure 1b).

The D2VP platform operationalizes this paradigm shift through
three integrated functional modules (Figure 1, lower panel). The
Core Analytics Engine forms the foundation, translating high-
dimensional feature spaces into intuitive, low-dimensional pro-
jected representations via three user-selectable methods: PCA for
global linear structure, t-SNE for local cluster resolution, and
UMAP for balanced global-local topology. Built upon this engine,
the Training Set Optimization Workflow addresses two comple-
mentary problems. It first identifies a representative core subset
from over-dense data (redundancy-reduced sampling), then aug-
ments sparse regions with targeted new candidates (exploration-
based sampling). The Reliability Analysis Workflow operates in
parallel, projecting both training and prediction sets into a shared
visual space to generate comparative distribution plots that
expose extrapolation risk. Together, these modules provide inte-
grated analytical functions to address each DDM dimension: (i)
over-density, (ii) sparsity, and (iii) extrapolation risk. The subse-
quent sections validate each function through targeted case
studies.

2.2 | D2VP Methodology I: Enhancing Training
Efficiency via Redundancy-Reduced Sampling

Developing ML models with large datasets presents a funda-
mental trade-off: computational efficiency versus predictive
accuracy. A complete dataset may maximize accuracy, but at
prohibitive training cost; too little data accelerates training
but degrades performance. Redundancy-reduced sampling
addresses this dilemma by targeting the over-density dimension
of DDM. As illustrated in Figure 2a, D2VP provides visual con-
trols that enable researchers to identify a representative core
subset that maintains high accuracy while reducing training
overhead. We validated this capability across three benchmark
datasets spanning 900-65,000 samples, 16-131 feature dimen-
sions, and domains including formation energy, aqueous solu-
bility, and hydrogen absorption.
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In novel materials exploration, high-throughput computations
often generate feature spaces congested with redundant candi-
dates (Figure 2b). This over-density creates a computational bot-
tleneck. Our approach addresses this by distilling essential
chemical diversity from the noise. Instead of training on exhaus-
tive datasets, the method identifies a structural core. This allows
researchers to construct robust models in hours rather than days,
accelerating design iteration cycles.

In drug discovery, aqueous solubility prediction acts as a primary
filter for millions of candidates (Figure 2c). Experimental assess-
ment of every molecule is infeasible. Here, the sampling strategy
functions as a structural sieve. By isolating a representative core
subset, the method ensures that limited resources are allocated
only to unique structural motifs. This prevents the waste of
experimental capacity on chemically redundant compounds.

For hydrogen storage alloys, data scarcity accentuates the risk of
overfitting to noise (Figure 2d). In such constrained fields, redun-
dant data points can artificially inflate model confidence without
adding informational value. By enforcing a minimally redundant
support set, our approach forces the model to learn from distinct
physical variations rather than repetitive signal. This results in
models that are arguably more generalizable despite being
trained on fewer samples.

We applied this sampling function to generate subsets ranging
from 10% to 100% of the original data across all three bench-
marks. We then evaluated the trade-off between training time
and Test Mean Absolute Error (MAE). The quantitative trends
are detailed in Figure 2b–d.

Analysis reveals a consistent trend across all datasets. Training
time scales linearly with sample size, whereas Test MAE charts
a trajectory of diminishing returns. Error rates drop precipitously
in the initial sampling phase, plateauing near 40% data usage.
Beyond this threshold, additional data yields negligible accuracy
gains. Consider formation energy (Figure 2b): tripling data from
40% to 100% reduces MAE by only 0.015 eV/atom. The overlaid
scatter plots elucidate this phenomenon: the core topological
structure of the feature space is effectively captured even at
low sampling densities.

These results validate redundancy-reduced sampling as a robust
solution for the “over-density” dimension of DDM. In large-scale
contexts (Figure 2b,c) [45, 46], the function accelerates prototyp-
ing by eliminating redundant computation. Crucially, this prin-
ciple extends to data-scarce regimes (Figure 2d) [47], where
defining a representative core is essential to avoid overfitting.
By systematically resolving the efficiency-accuracy trade-off,
the methodology replaces ad-hoc data selection with a rigorous,
topology-based standard for training set construction.

2.3 | D2VP Methodology II: Accelerating
Discovery With Exploration-Based Sampling

Beyond addressing over-density, our methodology integrates a
proactive exploration-based sampling strategy to counteract
data sparsity. This function shifts the analytical paradigm from
retrospective assessment to prospective experimental guidance
(Figure 3a).

FIGURE 1 | Opaque automation versus interactive inquiry. Paradigm shift from black-box to visual-first methodology and the D2VP functional

architecture. (a) The conventional approach processes raw features through an opaque model, yielding abstract metrics (e.g., MAE, R2) with limited

actionable insight. (b) The D2VP methodology projects high-dimensional feature spaces into an intuitive visual representation, enabling human-in-the-

loop exploration with transparent, evidence-based insights. The lower panel details the three core functional modules: the Core Analytics Engine trans-

lates raw feature spaces into interactive projected representations; the Training Set Optimization Workflow distills a representative core subset and

augments it with targeted new data; the Reliability Analysis Workflow generates comparative distribution plots to assess prediction credibility.
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FIGURE 2 | Quantitative validation of redundancy-reduced sampling. (a) Conceptual trade-off between efficiency and accuracy. D2VP enables users

to identify a representative core subset, bypassing the extremes of all-data or minimal-data training. (b–d) Performance benchmarks across three data-

sets. Subplots compare training time (blue circles) and Test Mean Absolute Error (red squares) against sampling percentage. Scatter plots overlay the

spatial distribution of sampled data at 10%, 20%, 40%, and 100%. Datasets: (b) formation energy (∼65k samples) [45]; (c) aqueous solubility (∼10k
samples) [46]; (d) hydrogen absorption (∼900 samples) [47].
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We validated this capability on two benchmarks. First, using a
zero-point energy (ZPE) dataset [47], we addressed the challenge
of targeted refinement. Once a baseline model exists, the critical
question becomes: which new experiments will most effectively
correct model weaknesses? Our approach transforms the model
into a prescriptive guide. By pinpointing “unknown unknowns”
in sparse regions, the methodology provides actionable

recommendations for data acquisition, maximizing the scientific
return on investment for high-cost experiments.

Second, we applied the strategy to perovskite stability prediction
[48]. Perovskite design involves a vast, complex search space
where stability rules remain partially understood. Random explo-
ration in such frontiers is inefficient. Here, the methodology

FIGURE 3 | Validation of exploration-based sampling. (a) Schematic of sampling principle: anchor points in sparse regions define a theoretical

candidate (barycenter), guiding experimental validation and augmented data distribution. (b,c) Visual outcomes for ZPE [47] and perovskite [48] data-

sets. Supplementary points (red) populate sparse “data voids” defined by original distribution (blue). (d,e) Quantitative impact. Box plots (left axis) and

Mean MAE (red line, right axis) track performance gains as validated candidates are incrementally added to the training set.
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serves as a strategic navigation tool, enabling researchers to sys-
tematically probe uncharted territories rather than clinging to
known material families. This intelligent search strategy acceler-
ates discovery by replacing serendipity with data-driven
precision.

For both cases, we split the original data (9:1 training/test) and
applied exploration-based sampling to the training set. We went
beyond simulation: candidates proposed by the algorithm were
experimentally validated to obtain ground-truth values (red
markers in Figure 3b,c). These new points were incrementally
added to the training set to quantify their impact on model per-
formance (Figure 3d,e).

This strategy augments datasets by targeting sparse regions
(Figure 3a). The workflow transforms 2D visual intuition into
high-dimensional precision. Researchers initiate the process by
identifying a “data void” in the projected space and selecting
three “Anchor Points”. The algorithm then retrieves their feature
vectors to compute a barycenter, termed the “Theoretical
Candidate”. This vector provides a specific quantitative coordi-
nate for new experiments. Post-validation, the resulting
“Validated Candidate” is assimilated into the dataset. While

experimental variance may shift the final projection, the process
effectively populates the targeted sparse region.

Figure 3b,c visualize this mechanism in action. Supplementary
points (red) do not scatter randomly but cluster within the
“voids” of the original distribution (blue). We achieved this tar-
geted placement via two complementary modes. An automated
mode uses Delaunay triangulation [49] to identify the largest
empty topological regions. Complementing this, a user-driven
mode enables experts to manually select anchors based on
domain intuition. This combination fuzes algorithmic rigor with
expert knowledge to guide experimentation.

Figure 3d,e quantify the impact. In both cases, error rates decline
as the model assimilates the recommended data. For the hydro-
gen absorption dataset (Figure 3d), the method refines an already
effective model. Strikingly, for the perovskite benchmark
(Figure 3e), adding just 10% of targeted data reduced the mean
MAE by over 80%. This contrast underscores the methodology’s
dual utility: it fine-tunes high-performing models and, perhaps
more significantly, stabilizes models trained on sparse data. By
resolving sparsity, the approach accelerates knowledge acquisi-
tion in novel, data-limited domains.

FIGURE 3 | Continued.
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FIGURE 4 | Feature-level diagnosis of extrapolation risk. (a) Diagnostic workflow schematic: feature vectors from training and prediction sets are

compared via split-violin plots. (b–g) Application to HEA hardness prediction [51]. Each subplot compares one compositional feature’s distribution

between training (green) and prediction (blue) sets. Embedded box plots indicate interquartile range and median. Data are normalized prior to visuali-

zation. Wasserstein distance (W-dist) quantifies distributional divergence. The benchmark uses a training-to-prediction ratio of∼1:392, revealing severe
mismatches for Al (b) and Ni (g).

ChemPhysChem, 2026 7 of 12



2.4 | D2VP Methodology III: Statistical Diagnosis
of Extrapolation Risk

Before holistic risk assessment, our diagnostic approach enables
detailed feature-level scrutiny to evaluate prediction credibility
(Figure 4a). This workflow extracts feature vectors from both
training and prediction sets, comparing their distributions
directly. We couple qualitative visual analysis (split-violin plots)
with quantitative metrics (Wasserstein distance [50]) to assess
distributional divergence. We applied this method to a high-
entropy alloy (HEA) hardness benchmark [51], a domain where
extrapolation risks are particularly acute.

HEA exploration often involves training on limited data to screen
vast compositional spaces. Predicting exceptional properties is

valuable only if the model operates within its applicability domain.
Our feature-level diagnosis serves as a mandatory credibility check.
It determines whether a candidate’s distinctiveness reflects genuine
material novelty or merely dangerous feature-space deviation. This
analysis provides a scientific basis to distrust unsupported extrapo-
lations, preventing the waste of experimental efforts on statistical
artifacts. Figure 4b–g presents the comparative analysis for six
key compositional features.

Traditional metrics like MAE yield a single averaged score that
obscures prediction-specific risks. Our feature-level diagnosis
overcomes this limitation. By coupling split-violin plots with
Wasserstein distance, the method exposes how individual fea-
tures contribute to distributional mismatch.

FIGURE 5 | Holistic assessment of extrapolation risk via global visualization. (a–c) HEA design case [51], representing high-risk extrapolation.

(d–f ) HER catalyst design case [52], assessing reliability of high-performance predictions. Each subplot projects training (green) and prediction (blue)

sets into 2D space using (a,d) PCA, (b,e) UMAP, or (c,f ) t-SNE. Red stars mark “high-performance” candidates identified in source literature. The HEA

case reveals large-scale spatial separation; the HER case exposes the subtler out-of-domain nature of top candidates despite apparent spatial overlap.
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Applying this workflow to the HEA benchmark immediately
reveals distributional drift (Figure 4b–g). Al and Ni exhibit the
largest Wasserstein distances (0.5411 and 0.2795, respectively),
indicating severe feature-space departure. Cu and Fe show simi-
lar divergence, confirming the mismatch is systemic rather than
isolated. This quantitative evidence flags the model as operating
in a high-risk, out-of-distribution regime, providing a decisive
insight for reliability assessment.

This analysis validates feature-level diagnosis as an essential prelim-
inary step. Researchers can interrogate model applicability before
committing to costly experiments. Yet while this granular view pin-
points problematic features, it does not deliver a single holistic ver-
dict. The subsequent section addresses this gap through global, low-
dimensional visualization of the feature space.

2.5 | D2VP Methodology III: Holistic Reliability
Assessment via Global Visualization

The preceding analysis identified specific sources of extrapolation
risk but did not deliver a holistic verdict. To address this gap, we
now present our global visual assessment capability. This compo-
nent confronts the third DDM dimension: over-extrapolation. We
applied three dimensionality reduction methods (PCA, UMAP,
t-SNE) to generate comparative distribution plots for both HEA
[51] and HER [52] benchmarks. Results are shown in Figure 5.

PCA (Figure 5a) captures the most fundamental separation, map-
ping training and prediction sets to entirely distinct regions. t-SNE
(Figure 5c) resolves local structure: the training set collapses into a
tight cluster, engulfed by a dispersed galaxy of prediction points.
UMAP (Figure 5b) preserves global topology, depicting the predic-
tion set as a dense “comet head” detached from the sparse training
“tail”. Together, these three views confirm that the model operates
in a feature space fundamentally dissimilar to its training domain,
spanning global distance, local structure, and overall topology.

The HER catalyst benchmark (Figure 5d–f ) reveals a subtler but
equally critical extrapolation pattern. At first glance, PCA and
UMAP (Figure 5d,e) suggest reliable predictions due to appar-
ent spatial overlap. However, the “High-performance Points”
(red stars) cluster at the feature-space periphery, far from the
training core. t-SNE (Figure 5f ) sharpens this insight: most
top candidates form isolated clusters composed exclusively
of prediction data. The implication is stark. A seemingly
validated prediction may still originate from high-risk extrapo-
lation. This diagnostic capability enables researchers to distin-
guish robust, knowledge-driven discovery from potentially
coincidental success.

Comparing the three dimensionality reduction methods clarifies
their diagnostic strengths. PCA (Figure 5a,d) offers a macroscopic
view based on global variance, revealing large-scale separation.
t-SNE (Figure 5c,f ) excels at resolving fine-grained local structure,
decomposing data into distinct clusters. UMAP (Figure 5b,e) balan-
ces both perspectives, preserving local clustering while maintaining
global topology. Including all three is a deliberate design choice.
This multi-lens toolkit enables researchers to select the projection
best suited to their analytical question.

Figure 5 exposes two forms of over-extrapolation central to DDM.
The first is overt spatial separation (HEA benchmark). The second is
structural extrapolation concealed within apparent overlap (HER
benchmark). Our comparative distribution plots render both pat-
terns transparent. This approach transforms reliability assessment
from abstract metrics into an intuitive, evidence-based inquiry.

2.6 | Platform Architecture

To operationalize the visual-first methodology, we implemented
D2VP as a modular, interactive platform (Figure 6). The archi-
tecture comprises three layers: (1) a Core Algorithm Engine
encapsulating dimensionality reduction, sampling, and distribu-
tion comparison routines; (2) a Visualization Engine rendering
analytical outputs; and (3) a Shared State Manager coordinating
data flow and enabling real-time, human-in-the–loop interac-
tion. This decoupled design separates data processing from user
interface logic, facilitating extensibility and maintenance. The
platform is released as open-source software (https://github.
com/Weijie-Yang/D2VP) to ensure reproducibility and commu-
nity contribution.

3 | Conclusion

Machine learning adoption in scientific discovery is fundamen-
tally challenged by Data Distribution Mismatch (DDM), a condi-
tion where dataset biases and structural imbalances compromise

FIGURE 6 | Software architecture of the D2VP platform. The modu-

lar three-layer design decouples user-facing interface modules from back-

end computation. The Shared State Manager coordinates algorithm and

visualization engines, enabling the interactive analysis workflow central

to this methodology.
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model reliability. Our validation studies confirm this phenome-
non is pervasive and a primary driver of ML misuse in scientific
applications. This paper introduced a data-centric, visual-first
methodology to diagnose and mitigate DDM at its source, oper-
ationalized through the D2VP platform.

Validation studies in materials science confirmed the efficacy of this
integrated approach. The redundancy-reduced sampling function
addresses data over-density, enabling favorable trade-offs between
training efficiency and accuracy. The exploration-based sampling
function resolves data sparsity by guiding experimental efforts
toward underrepresented regions. The credibility analysis toolkit
identifies both overt and subtle forms of over-extrapolation, safe-
guarding the integrity of scientific findings.

These validated functionalities signal a paradigm shift in reliability
assessment. Our approach transforms model evaluation from
abstract metrics into an interactive, evidence-based process of
visual inquiry. The core philosophy merges domain expertise with
data-driven visual insights for more confident decision-making.
This data-centric paradigm holds potential beyond materials sci-
ence. As demonstrated by additional validation studies in the
Supporting Information, D2VP offers a generalizable framework
for enhancingmodel reliability across the AI for Science landscape.

D2VP is an interactive, standalone platform designed for domain
experts without extensive ML expertise. Its modular architecture,
which comprises algorithm, visualization, and state-manage-
ment engines, enables real-time, human-in-the-loop analysis.
To encourage adoption and further development, the platform
is open-source and freely available at https://github.com/
Weijie-Yang/D2VP. A visual walkthrough of each module
appears in Figures S1-S5, and complete workflows are demon-
strated in Supplementary Videos 1–5.

4 | Methods

4.1 | Dimensionality Reduction Methods

D2VP provides three complementary dimensionality reduction
techniques for visualizing high-dimensional feature spaces
[53]. Principal Component Analysis (PCA) [54, 55] captures
global variance by projecting data onto orthogonal principal
components, revealing large-scale distributional structure.
t-Distributed Stochastic Neighbor Embedding (t-SNE) [56] pre-
serves local neighborhoods by minimizing Kullback–Leibler
divergence between high- and low-dimensional similarity distri-
butions, resolving fine-grained cluster structure. Uniform
Manifold Approximation and Projection (UMAP) [57] balances
local and global topology via fuzzy simplicial set optimization,
enabling scalable visualization of large datasets. Users can switch
between these projections to interrogate data structure frommul-
tiple geometric perspectives.

4.2 | Redundancy-Reduced Sampling Methods

To address data over-density, D2VP offers three sampling strate-
gies. Cluster-based sampling [58] partitions the feature space via

k-means and selects cluster centroids as representative points.
Diversity sampling [59] maximizes pairwise distances to retain
structurally distinct samples. Random sampling [60] provides
an unbiased baseline. Users select a strategy based on dataset
characteristics; all three reduce training set size while preserving
topological coverage.

4.3 | Exploration-Based Sampling Methods

To address data sparsity, D2VP provides a targeted sampling
workflow that guides experiments toward underrepresented
feature-space regions. The process proceeds through four stages:
(1) identify sparse regions in the 2D projection, (2) select three
anchor points bounding the target void, (3) compute a theoretical
candidate via barycentric interpolation [61, 62] of the anchors’
high-dimensional feature vectors, and (4) validate experimen-
tally. Two operational modes are available. An automated mode
employs Delaunay triangulation [49] to detect maximal empty
triangles. A user-driven mode enables manual anchor selection
based on domain intuition. Together, these modes translate
visual insight into actionable experimental coordinates.

These newly synthesized data points provided critical sampling
guidance. They highlighted specific areas within the feature
space where additional experimental samples would be most
beneficial. This strategic direction then allows D2VP to minimize
redundant experiments and accelerate the discovery process by
focusing on unexplored yet potentially valuable areas.

4.4 | Wasserstein Distance for Distribution
Comparison

In addition to the qualitative visual comparison provided by the
split-violin plots, a quantitative metric is required to formally mea-
sure the dissimilarity between the feature distributions of the
training and prediction sets. For this purpose, the Wasserstein-1
distance, also known as the Earth Mover’s Distance (EMD)
[50], is employed. Conceptually, the W-dist represents the mini-
mum “cost” or “work” required to transform one distribution into
another, akin to moving a pile of earth from one shape to another.
A larger distance implies a greater difference between the two
distributions.

For any two one-dimensional distributions P and Q, the
Wasserstein-1 distance was calculated as a scalar measure of the
minimum transport cost required to transform one empirical distri-
bution into the other [63]. Within the D2VP platform, this metric
was computed for each individual feature, providing a single value
that quantified the dissimilarity between the training and prediction
sets for that feature; larger values indicate more significant distribu-
tional shift.
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