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Abstract
Machine learning (ML) model development in chemistry and materials science often grapples with the challenge of 
small and imbalanced labeled datasets, a common limitation in experimental studies. These dataset imbalances 
can precipitate overfitting and diminish model generalization. Our study explores the efficacy of the farthest point 
sampling (FPS) strategy within targeted chemical feature spaces, demonstrating its capacity to generate well-
distributed training sets and consequently enhance model performance. We rigorously evaluate this strategy 
across various ML models, including artificial neural networks, support vector machines, and random forests, using 
datasets with target physicochemical properties such as standard boiling points and enthalpy of vaporization. Our 
findings reveal that FPS-based models consistently surpass randomly sampled models, exhibiting superior 
predictive accuracy and robustness, alongside a marked reduction in overfitting. This improvement is particularly 
pronounced in smaller training set, attributable to increased diversity within the training data’s chemical feature 
space. Consequently, FPS emerges as an effective and adaptable approach for achieving high-performance ML 
models at reduced cost by limited and biased experimental datasets typical in chemistry and materials science.
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INTRODUCTION
Machine learning (ML) has significantly advanced the fields of chemistry and material science[1-4], propelling 
the study of cheminformatics and enabling rapid structure-property prediction and design[5-12]. However, 
the inherent requirement on the extensive dataset for ML study raised significant challenge for practical 
application of ML in experimental science[13]. Often, labeled experimental chemical and material datasets are 
limited in size and coverage and most significantly imbalanced[14,15] due to constraints in data acquisition, 
including time, cost, and technical barriers. Consequently, ML models trained on these datasets, which are 
frequently subsampled randomly for training and testing, are prone to overfitting and exhibit diminished 
generalization capabilities due to the imbalanced nature of the data, where certain types of observations are 
disproportionately represented compared to others. The complexity of these challenges is further magnified 
by the high dimensionality of chemical data and the intricate nature of chemical scenarios.

To mitigate these issues, various sampling methods have been employed to achieve data balance and curtail 
the risk of overfitting[16-18]. Conventional methods such as oversampling and under-sampling[19,20] directly 
manipulate the dataset sizes to address class imbalances but may lead to information loss or induce 
overfitting. Stratified sampling[21], although maintaining the proportions among classes, does not necessarily 
enhance dataset diversity. More sophisticated approaches offer refined solutions including genetic 
algorithms (GA) that generate diversified samples through crossover and mutation[22], or the Most 
Dissimilar method, which constructs a maximally diverse sample set based on molecular fingerprints[23,24]. 
Active learning[25-28] optimizes models effectively by iteratively selecting samples with high informational 
value, while surrogate model-based[29] incremental sampling progressively improves dataset by minimizing 
mean squared error (MSE). Although these advanced methods are effective, their iterative processes 
significantly increase computational costs and require hyperparameter tuning to avoid local optima. 
Moreover, utilizing pretrained large-scale models[30-32], enriched with extensive chemical and materials 
science knowledge, enables rapid adaptation through domain-specific fine-tuning using small datasets. 
However, the substantial computational resources and time required for training and evaluating pretrained 
models limit their practical deployment in dynamic chemical scenarios that demand rapid adaptability and 
cost efficiency.

In this paper, we introduce an effective strategy to address the challenge, the farthest point sampling (FPS) 
in property designated chemical feature space (FPS-PDCFS). FPS is a sampling method tailored for high-
dimensional spaces. It operates on the assumption that the distribution of structures in diversity spaces is 
important, which provides the prior information to guide its sampling. The method selects samples in the 
feature space that are furthest apart, effectively capturing the essence of the entire dataset with a minimal 
number of samples. Although FPS has been utilized in progressive image sampling[33], point cloud 
networks[34], and feature selection[35], its application chemical dataset for ML has not been explored. In this 
study, we employed FPS-PDCFS to partition databases with target physicochemical properties such as 
standard boiling points and enthalpy of vaporization (HVAP). In our study, ML models, including artificial 
neural networks (ANNs), support vector machines (SVMs), and random forests (RFs), utilizing FPS 
consistently outperformed those based on random sampling (RS), showcasing enhanced predictive 
accuracy, stability and markedly reduced overfitting, and a robust resilience to limited sample sizes. Our 
findings underscore that within a property-designated high-dimensional feature space, FPS adeptly 
identifies unique characteristics and preserves the diversity of the training set. Such an approach 
substantially elevates the efficacy of ML models in predicting molecular properties by ensuring a holistic 
and balanced portrayal of the chemical feature landscape. Consequently, FPS-PDCFS positions itself as a 
versatile sampling tool, enhancing both the quality of small, skewed chemical datasets and the predictive 
capability of chemical ML models.
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MATERIALS AND METHODS
Physicochemical database and ML model
The thermodynamic and physical property datasets we used in the study were obtained from online 
databases such as the Yaws’ handbook[36] and PubChem[37]. These datasets encompass structurally diverse 
compounds, including hydrocarbons, halogenated hydrocarbons, aromatic heterocycles, etc., covering 
physicochemical properties such as boiling point, HVAP, and critical properties. These properties were 
utilized to compare the performance of FPS and RS. Additional details regarding the datasets can be found 
in Supplementary Section 1.

Several widely recognized ML models were selected for this study, including ANNs, SVMs, kernel ridge 
regression (KRR), k-nearest neighbors (KNNs), RFs and extreme gradient boosting (XGB). These methods 
are commonly employed in regression and classification tasks to predict material or molecular properties. 
The hyperparameters for training these models were optimized using Bayesian optimizing (BO), with all 
comparisons conducted using same training parameters; detailed parameters are listed in the 
Supplementary Section 2. Molecular features (descriptors) were computed using RDKit[38] and AlvaDesc[39]. 
Based on our previous work[40], we selected a set of interpretable molecular descriptors as input features, 
including structural descriptors (such as the number of hydrogen bond donors/acceptors) and topological 
indices. These descriptors have demonstrated stable and high predictive accuracy in tasks involving 
physicochemical property prediction, such as boiling point. Detailed descriptor settings used as model 
inputs are provided in Supplementary Section 3.

Sampling method and benchmark
RS is a straightforward process involving the selection of a random subset from the dataset. On the other 
hand, FPS necessitates a more structured approach, requiring execution within a pre-defined chemical 
feature space. We implemented FPS in a feature space constructed from molecular descriptors and 
subsequently used the resulting samples in ML models. This choice was informed by our discovery that FPS 
could augment model performance when executed within a feature space correlated with the target 
properties, a phenomenon we will elucidate in subsequent sections. In Figure 1A, FPS is demonstrated to 
sample within a chemical feature space articulated by molecular descriptors. Diverse points within this 
space represent various categories of molecules from the chemical database, each occupying distinct 
positions and exhibiting varying densities. FPS is adept at uniformly sampling across this space, ensuring a 
representative collection of molecules from each category. As depicted in Figure 1B, the process of FPS 
sampling encompasses the following steps:

(1) Randomly select an initial point from the dataset. 
(2) Compute the distances from all other points to this initial point, select the farthest point as the second 
sampled point. 
(3) For each unsampled point pi, compute its distance D (pi, S) to the set of already sampled points S, and 
select the next point according to:

Where U denotes the set of all unsampled points. 
(4) Repeat step 3 until the sampling reaches the desired size. This iterative sampling procedure ensures that 
points in the resulting set are as distant from each other as possible.

Detailed formulations of distance metrics and pseudocode for sampling methods are provided in 
Supplementary Section 4, while comprehensive discussions comparing FPS with alternative sampling 
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Figure 1. (A) A graphic illustration of the FPS in chemical space; (B) A Flow chart of FPS Procedure; (C) Sampling process used in this 
study. The initial dataset was partitioned into training and test sets randomly. The training set was then further bifurcated into a 
“sampling set” and a “rest set” of different ratios by sampling using different strategies. Various ML models were next trained on the 
sampling set and subsequently validated on the test set. FPS: Farthest point sampling; ML: machine learning.

strategies - such as Most Dissimilar and Cluster-based sampling - are presented in Supplementary Section 5.

To systematically evaluate the impact of various sampling strategies on model performance, we employed a 
combined approach involving five-fold cross-validation (5-fold CV) and multiple independent trials. As 
illustrated in Figure 1C, the initial dataset was first partitioned into a test set and a training set via cross-
validation, with the test set remaining independent from any sampling procedure to ensure objective and 
comparable results. The training set was further subdivided by different sampling methods into sampled 
subsets and residual subsets, with sampling proportions progressively increasing from 0.1 to 1.0 in 
increments of 0.1. Multiple independent trials were conducted at each sampling proportion to enhance 
statistical robustness, with the MSE defined as the average of the MSE values obtained from these 
independent trials under the 5-fold CV setting. Only the sampled subset of data was used to train the 
models.

In the “Results and Discussion” section, we demonstrate that models trained using the FPS-PDCFS method 
on specific smaller subsets outperform those trained on the entire dataset, highlighting the notable 
imbalance present within specific chemical datasets.

https://oaepublishstorage.blob.core.windows.net/articlepdfpreview202506/jmi5010-SupplementaryMaterials.pdf


Page 5 of Liu et al. J. Mater. Inf. 2025, 5, 39 https://dx.doi.org/10.20517/jmi.2025.10 14

RESULTS AND DISCUSSION
Following the procedure shown in Figure 1, we began a systematic evaluation of the FPS strategy’s 
effectiveness, comparing it directly with the RS. ANN was chosen as the benchmark model owing to its 
broad usage and maturity.

Figure 2 presents a comparative analysis of the ANN model’s performance, contrasting the use of FPS and 
RS across various training sizes within the boiling point dataset. A detailed inspection of Figure 2A and B 
reveals a pronounced disparity in MSE between the training and test sets under RS, particularly at smaller 
training sizes. This disparity signals significant overfitting, a common issue in models trained on small and 
imbalanced datasets[41]. With increasing training size, this overfitting tendency gradually diminishes.

In contrast, the FPS-enhanced ANN model demonstrates a remarkable alignment of MSEs for both training 
and test sets across a majority of training sizes, as depicted in Figure 2B. This alignment indicates a 
consistent reduction in overfitting, even with smaller training sets. It is noteworthy that when the training 
size is 0.6, both MSE and ΔMSE of the test set reach relatively low values. This indicates that the FPS-
enhanced ANN model not only achieves comparable accuracy to the RS model, which utilizes the full 
database, but also exhibits lower risks of overfitting and stronger generalization performance. As the 
training size grows, the performance of FPS progressively converges with that of RS, which is expected as 
the sample composition of the training sets generated by FPS and RS become increasingly similar.

Moreover, it is notable that test-set MSE does not always decrease monotonically with increasing training 
size for either sampling strategy. This non-monotonic behavior is consistent with empirical observations in 
small, noisy datasets, where learning curves often display local fluctuations due to sampling variance and 
model-data interactions[42]. In our case, the addition of noisy or unrepresentative samples at certain training 
sizes can temporarily hinder generalization, causing brief performance dips that resolve as the dataset 
continues to grow.

Furthermore, as shown in Figure 2B, when the training sizes are 0.2, 0.3, and 0.5, the statistical results reveal 
that the mean ΔMSE is negative, indicating lower test-set errors than training-set errors, which is an atypical 
phenomenon in conventional ML scenarios. The common assumption that training errors are lower than 
test errors relies on the training and test sets being drawn from similar distributions. In our case, however, 
FPS selects training samples that differ significantly in distribution from the randomly partitioned test sets, 
particularly under low-data regimes. This can lead to negative ΔMSE values, where the model performs 
better on the test set than on the training set. A likely explanation is that FPS prioritizes diversity in 
chemical space, often selecting structurally distinct or outlier compounds. These are harder to fit accurately, 
increasing the training error. However, their broader representativeness leads to better generalization, and 
thus lower test error, compared to models trained on randomly sampled data.

It is noteworthy that the MSEs for both training and test sets remain closely matched even at a minimal 
training size of 0.1 and 0.2, with the test set consistently demonstrating significantly lower MSE, indicative 
of FPS’s effectiveness in preventing underfitting in ANN models at these small training sizes. However, as 
discussed in Supplementary Section 5.2, we observed possible underfitting in both RF and XGB models at 
training sizes of 0.1, suggesting that certain models, may indeed experience underfitting with very small 
FPS-selected training subsets; therefore, the optimal training size may vary depending on the specific ML 
model employed. Overall, this highlights that FPS generally enables robust modeling with minimal data, 
significantly lowering the data requirements and associated costs in ML. Given the challenges and high 
expenses of chemical data collection, this efficiency is particularly valuable for applying ML in chemistry 

https://oaepublishstorage.blob.core.windows.net/articlepdfpreview202506/jmi5010-SupplementaryMaterials.pdf
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Figure 2. (A) MSE for training and test sets of ANN models built using the boiling point dataset under FPS (blue) and RS (gray) methods 
across different training sizes; (B) Distribution of the ΔMSE, i.e., difference between test set MSE and training set MSE, across varying 
training sizes. In the box plot, the box and whiskers represent the first and third quartiles, and 1.5 times the IQR, respectively. The dark 
dots represent the mean of ΔMSE. FPS exhibits lower ΔMSE values between training sizes of 0.2 to 0.7, indicating lower risks of 
overfitting; (C) Loss curves for the training and test sets of ANN models under FPS and RS at training sizes of 0.2 and 0.6. For the model 
by RS, larger shaded areas indicate higher variability, and higher losses in test sets suggest a greater risk of overfitting. MSE: Mean 
squared error; ANN: artificial neural network; FPS: farthest point sampling; RS: random sampling; IQR: interquartile range.

and materials science, thereby paving the way for more accurate and cost-effective research methodologies.

The enhanced stability, robustness and reduced overfitting attributed to the FPS strategy are further 
supported by the learning curve shown in Figure 2C (See Supplementary Figure 3, for comprehensive 
learning curves). It becomes apparent that FPS leads to greater stability and reduced overfitting in the 
learning process compared to RS, particularly at a training size smaller than 0.5.

Further analyses assessing FPS effectiveness across multiple ML models are detailed in Supplementary 
Figures 4 and 5.

Building on the earlier discussion, the successful application of FPS necessitates an appropriate feature 
space. To delve deeper into this aspect, we conducted a thorough evaluation of FPS’s performance across a 
range of feature spaces. Specifically, we scrutinized three different feature space configurations, each 
characterized by a unique set of features:

Set A - Interpretable Descriptors, based on the physical principles linking molecular features to their boiling 
points, which are also the descriptors used in our ANN model, aiming to reflect the fundamental physical 
characteristics of the molecules.

Set B - Regression-Derived Descriptors, derived from regression analysis, specifically focusing on the 
correlations between descriptors and the target property, which may not be immediately apparent but are 
statistically significant within the dataset.

https://oaepublishstorage.blob.core.windows.net/articlepdfpreview202506/jmi5010-SupplementaryMaterials.pdf
https://oaepublishstorage.blob.core.windows.net/articlepdfpreview202506/jmi5010-SupplementaryMaterials.pdf
https://oaepublishstorage.blob.core.windows.net/articlepdfpreview202506/jmi5010-SupplementaryMaterials.pdf


Page 7 of Liu et al. J. Mater. Inf. 2025, 5, 39 https://dx.doi.org/10.20517/jmi.2025.10 14

Set C - Randomly-Selected Descriptors, a random selection of descriptors from a comprehensive pool of 
1600 descriptors available in alvaDesc, offering a control set with respect to Sets A and B.

The types of descriptors utilized in each configuration are summarized in Table 1. A more detailed 
exploration of all the descriptors included in this study is provided in Supplementary Tables 2-4.

In evaluating the effect of the feature spaces, different feature sets were employed only during the FPS, while 
the ANN model hyperparameters remained unchanged, still using Set A as the input.

Figure 3 illustrates model performance across different training sizes. Notably, for Set B, there is a 
substantial increase in MSE when the training size is only 0.1. This high MSE can be attributed to the 
discrepancy between the sampled Set B and the descriptors used as model inputs. With limited training 
data, this mismatch introduces considerable bias, which exacerbates the MSE. As the training size increases 
beyond 0.1, Set B’s MSE decreases significantly, and aligning with the performance of Set A. Between 
training sizes of 0.2 to 0.7, Sets A and B demonstrate consistently low overfitting compared to RS and FPS-
C. Specifically, the lowest levels of overfitting are observed from 0.2 to 0.5. However, in the interval from 0.6 
to 0.7, both Sets A and B achieve an optimal balance between MSE and ΔMSE, resulting in best model 
performance. As the training size increases beyond 0.7, the performances of Sets A and B begin to converge 
with those of Sets C and RS. This convergence indicates a diminishing distinction between the sampling 
strategies, leading to more uniform performances across all sets. At other training sizes, both Set C and RS 
consistently demonstrate higher ΔMSE and MSE, underperforming compared to Sets A and B. This suggests 
that a randomly selected descriptor set (Set C) might lead to erroneous prior guidance, resulting in poorer 
performance of FPS-C relative to FPS-A and FPS-B.

At a training size of 0.3, an inflection point occurs, as demonstrated in Figure 3C. Below this training size, 
models using RS and FPS-C are prone to early overfitting and exhibit high variability. Figure 3C depicts the 
learning curves for different sampling methods at a 0.3 training size, where the RS model, in particular, 
shows a significant disparity between training and testing losses after just over ten training epochs. 
Conversely, training under FPS with Sets A and B maintains stable and low overfitting throughout all 
training steps, showcasing lower variability and consistent performance.

These observations underscore the nuanced capabilities of FPS in enhancing ANN model performance, 
particularly when applied in feature spaces that align well with target properties. Other ML models utilizing 
FPS across various feature spaces, along with comparisons to alternative sampling methods, are detailed in 
Supplementary Figure 6.

Figure 4 illustrates the MSE across different sampling methods and ML models, as represented by three 
heatmaps corresponding to specific training sizes: 0.2, 0.6, and 0.8. In the heatmap, the upper triangle 
displays the Test MSE of different models, while the lower triangle shows the Train MSE. The redder color 
of triangle indicates higher MSE values, whereas bluer color denotes lower MSE values. At a training size of 
0.2, not all models under FPS demonstrate a Test MSE lower than RS, suggesting that the negative ΔMSE 
does not occur in every model. As the training size increases to 0.6, models under FPS-A and FPS-B exhibit 
bluer Test MSE, indicating superior performance over RS, while models under FPS-C mostly do not exhibit 
improvement and may perform worse than RS. By a training size of 0.8, the performance of FPS models 
approaches that of RS, but still displays a trend where FPS-A and FPS-B outperform RS, and FPS-C 
underperforms relative to RS.

https://oaepublishstorage.blob.core.windows.net/articlepdfpreview202506/jmi5010-SupplementaryMaterials.pdf
https://oaepublishstorage.blob.core.windows.net/articlepdfpreview202506/jmi5010-SupplementaryMaterials.pdf
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Table 1. The descriptor type of chosen descriptors for FPS feature space

Descriptor type Set Aa Set Bb

Molecular properties √ √

Functional group √

Constitutional indices √ √

Topological indices √ √

Structural parameter √

Information indices √

2D autocorrelations √

Burden eigenvalues √

P_VSA-like descriptors √

Pharmacophore descriptors √

Charge descriptors √ √

Drug-like indices √

MDE descriptors √

Walk and path counts √

aSet A: Interpretable descriptors set. bSet B: Regression-derived descriptors. FPS: Farthest point sampling; MDE: molecular distance edge 
descriptors.

Figure 3. (A) Training and test set MSE of ANN models under FPS in interpretable space (FPS-A, blue), regression space (FPS-B, cyan), 
casually selected space (FPS-C, red), and RS (gray) across different training sizes; (B) Distribution of ΔMSE for different sampling 
methods across various training sizes, with FPS-A and FPS-B exhibiting negative ΔMSE between training sizes of 0.2 and 0.5; (C) Loss 
curves for training and test sets under different sampling methods at a training size of 0.3. Loss curves for FPS-A and FPS-B remain 
stable with increasing training epochs, indicating lower variability, with A and B showing better performance than C. MSE: Mean squared 
error; ANN: artificial neural network; FPS: farthest point sampling; RS: random sampling.

The heatmap further reveals that model performance is intricately associated with the model type; ANN, 
KRR, and KNN exhibit smaller differences between Test and Train MSE, indicating a lower risk of 
overfitting. In contrast, RF and XGB show a tendency to overfit across various training sizes and sampling 
methods. Notably, at smaller training sizes, substantial overfitting is indicated by prominent red upper 
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Figure 4. The MSE of training and test set under various sampling methods by different ML models at training sizes of 0.2, 0.6 and 0.8, 
with the upper triangle legend representing test set MSE, and the lower triangle legend representing training set MSE. The MSE of the 
training and test sets for FPS with Set A and B displays more similar color patterns across various ML models, indicating that less 
overfitting is achieved in these models by implementing the FPS strategy in the designated feature spaces. MSE: Mean squared error; 
ML: machine learning; FPS: farthest point sampling.

triangles for both RS and FPS-C across the models. At optimal training sizes of 0.6, models such as ANN, 
SVM, and RF under FPS-A and FPS-B sampling achieve a balance between prediction accuracy (MSE) and 
overfitting, leading to optimal performance. However, XGB shows limited sensitivity to FPS, as the 
partitioning strategy employed in tree-based models means that changes in the local distribution (i.e., 
adding or removing samples within a region) do not significantly affect the tree node splitting 
decisions[43,44]. Models based on FPS exhibit only marginal improvements in Test MSE compared to RS, 
possibly due to this characteristic of the ensemble model.

Additionally, we further explored FPS performance using other widely-used molecular representations such 
as Extended Connectivity Fingerprints (ECFP) and MACCS keys, alternative sampling strategies including 
Most Dissimilar and Cluster-based sampling [Supplementary Figures 8 and 9], and the effect of different 
distance metrics [Supplementary Figures 10 and 11]. Additional comparisons across these diverse feature 
spaces are provided in Supplementary Figures 12 and 13.

Moreover, we have expanded our study to encompass a variety of physicochemical property databases, 
including the HVAP, along with critical properties such as critical temperature (CT) and critical volume 
(CV), to further assess the effectiveness of FPS. The performance of the ANN model under FPS and RS 
across these four types of physicochemical property databases is elaborated in Figure 5. It is noteworthy that 
in the HVAP dataset, we observe a trend similar to that in the BP dataset, where FPS shows a lower test 
MSE compared to RS. Between training sizes of 0.3 and 0.5, the overlap of FPS’s training and test set box 
plots is maximized, indicating that the model has the smallest ΔMSE and lower overfitting risk at these 
training sizes. In the critical pressure (CP) and CT databases, due to the high measurement errors of critical 
properties, the models show a wide range of MSE errors, yet FPS’s error range remains smaller than that of 
RS. In the CT dataset shown in Figure 5, both FPS and RS exhibit large fluctuations in MSE mean, 
sometimes even exceeding the first and third quartiles, which are contributed by a particular test set in 
cross-validation. Under this test set, both FPS and RS struggle to deliver good predictive performance. In 

https://oaepublishstorage.blob.core.windows.net/articlepdfpreview202506/jmi5010-SupplementaryMaterials.pdf
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Figure 5. Comparison of MSE for training and test sets in the ANN model using FPS (yellow) and RS (blue) across various training sizes 
on physicochemical datasets. These datasets include the HVAP, CT, CV, and CP. MSE: Mean squared error; ANN: artificial neural 
network; FPS: farthest point sampling; RS: random sampling; HVAP: enthalpy of vaporization; CT: critical temperature; CV: critical 
volume; CP: critical pressure.

the CV database, as the most stable source of critical data, it is demonstrated that with increasing training 
sizes, the box plot of FPS is smaller than that of RS and gradually converges towards it. Additionally, we 
have evaluated the performance of other ML models on these physicochemical property databases (as 
detailed in Supplementary Figures 14-17). These models uniformly demonstrate that FPS offers enhanced 
robustness, predictive accuracy, and consistent reduction in overfitting.

To elucidate how the FPS method effectively samples the chemical space and extracts key information from 
chemical datasets, we constructed t-SNE[45] visualizations to compare the sampling distributions of FPS-A 
and RS, as illustrated in Figure 6. In these plots, gray points represent the entire boiling point dataset, while 
red and blue points highlight the sampled subsets selected by FPS and RS, respectively. Compared to the 
relatively uniform sampling of RS, FPS preferentially selects points from sparsely populated and structurally 
diverse regions, while limiting samples from densely clustered regions. This selective strategy significantly 
enhances the structural diversity of sampled data, thus improving predictive model performance. 
Additionally, Figure 6F further demonstrates how FPS and RS differently affect the frequency distribution of 
samples across k-means clusters. The distinct sampling patterns underscore the superiority of FPS in 
handling complex, high-dimensional datasets.

https://oaepublishstorage.blob.core.windows.net/articlepdfpreview202506/jmi5010-SupplementaryMaterials.pdf
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Figure 6. (A) and (B) display the t-SNE visualization of the entire dataset and the sampled subset obtained by FPS, respectively, 
demonstrating the distributional change after sampling; (D) and (E) correspondingly show the results of RS. Compared to RS, FPS yields 
a more dispersed distribution, thus enhancing diversity in the sampled feature space; (C) illustrates the k-means clustering of the full 
dataset, determined by the elbow method, while (F) compares the effects of RS and FPS on cluster frequency distributions. t-SNE: t-
distributed Stochastic Neighbor Embedding; FPS: farthest point sampling; RS: random sampling.

CONCLUSIONS
In this study, we have applied the FPS method within a designated chemical feature space to tackle the 
challenges associated with small, imbalanced datasets prevalent in chemistry and material science domains. 
Extensive testing across various ML models and physicochemical datasets demonstrated that FPS 
significantly enhance training-data diversity, thereby improving predictive accuracy and reduced overfitting 
in nearly all tested models. A critical insight is that the effectiveness of FPS is tethered to its application 
within an appropriate chemical feature space aligned with the target property, and it works particularly well 
when applied to ANN with proper pre-knowledge descriptors tethered to the target properties.

Moreover, although it is widely recognized that uniformly sampling chemical data within a property-
designated feature space is crucial for model performance, practical strategies to achieve this have not been 
extensively explored. A notable limitation of FPS arises when clearly defined, property-designated feature 
spaces are not readily available or ambiguous. In such situation, FPS may be integrated into deep learning 
frameworks by initially trained using such as convolutional neural network, to extract latent-space 
embeddings. FPS can then operate within these embeddings for targeted sampling of significant chemical 
data. This study is performing in our group and will be reported in a due course.

Consequently, FPS proves to be a versatile, pragmatic strategy, capable of improving both the quality of 
small, imbalanced chemical datasets and the predictive capability of chemical ML models, paving the way 
for more accurate and reliable structure-property predictions in chemistry and material science, achieved 
with minima datasets and reduced cost.
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