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Abstract: This study evaluated statistical dimensionality reduction techniques, 
Principal Component Analysis (PCA), Sparse PCA (SPCA), Independent PCA 
(IPCA), deep learning based on autoencoders (AE), and their hybrid combina-
tions, for subpopulation identification in genomic data. High-dimensional single 
nucleotide polymorphisms (SNP) datasets pose computational challenges and 
may hinder clustering performance. We compared methods based on cluster-
ing agreement with known subpopulation labels using Oryza sativa data (413 
genotypes; 44, 100 SNPs). PCA and SPCA exhibited strong performance (Adjusted 
Rand Index [ARI] = 0.715), with PCA achieving the lowest computational time 
(4.89 s). The standalone autoencoder performed poorly, likely due to the high-
dimensional (p >> n) setting. Among the hybrid approaches, IPCA-AE achieved 
the highest agreement (ARI = 0.758), demonstrating that combining dimen-
sionality reduction with nonlinear representation learning improves population 
structure identification.
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INTRODUCTION

Rice (Oryza sativa L.) accounts for more than half of the global population 
(Fukagawa and Ziska 2019). However, the increasing food demand has intensified 
the need to identify highly productive cultivars (Kubo and Purevdorj 2004, 
Ashfaq et al. 2012, Bharamappanavara et al. 2020). This species is broadly 
divided into two subspecies, Indica and Japonica, differing in their geographic 
distribution, agronomic traits, and genetic backgrounds (Lee et al. 2003, Datta 
and Datta 2006, Cordero-Lara 2020). Within these groups, molecular marker 
analyses have revealed additional subpopulations, including Indica and AUS, 
Temperate Japonica, Tropical Japonica, and Aromatic (Garris et al. 2005, Zhao et 
al. 2010, Huang et al. 2012). These subpopulations are associated with distinct 
domestication histories and patterns of genetic differentiation (Lu et al. 2009, 
Breseghello and Coelho 2013).

Assessing the genetic variability among rice genotypes is essential for 
breeding programs, as it supports diversity studies, conservation strategies, and 
the identification of superior genotypes (Akinwale et al. 2011, Vanniarajan et al. 
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2012, Ranjith et al. 2018, Swarup et al. 2021). Molecular markers provide high-resolution information on genetic variation 
and are widely used to characterize population structures and genetic relationships (Zhao et al. 2011, Zhang et al. 2019, 
Gu et al. 2022). However, genomic datasets typically contain tens of thousands of single nucleotide polymorphisms 
(SNPs), resulting in high-dimensional data that can hinder clustering performance and increase computational costs.

Dimensionality-reduction techniques are commonly used to address these challenges (Tang et al. 2014, Lee et al. 
2016, Lasalvia et al. 2022). Classical approaches, such as Principal Component Analysis (PCA), efficiently summarize 
genomic variation but rely on linear transformations, which may not fully capture complex relationships in genomic 
data, particularly under nonlinear linkage disequilibrium patterns (Smith 2020). Extensions, such as Sparse PCA (SPCA) 
and Independent PCA (IPCA), incorporate sparsity and statistical independence, respectively, improving interpretability 
or feature extraction while maintaining a linear framework.

In contrast, nonlinear methods, such as autoencoders (AE), can learn complex representations by mapping high-
dimensional inputs into lower-dimensional latent spaces (Lewis 2016, Yuan et al. 2023). However, their performance may 
be limited in genomic applications characterized by a high-dimensional setting (p >> n), where the number of variables 
far exceeds the number of observations. In such scenarios, deep neural networks are prone to overparameterization, 
which can lead to unstable training and reduced generalization ability (Kiarashinejad et al. 2020).

Hybrid strategies that combine statistical dimensionality reduction and deep learning may help mitigate these 
limitations. By reducing the dimensionality of the input space before applying nonlinear models, these approaches can 
improve computational efficiency and stabilize model training, while preserving relevant biological signals. Despite their 
potential, systematic evaluation of such hybrid methods for population structure identification in genomic datasets 
remains limited.

Therefore, this study evaluated the performance of PCA, SPCA, IPCA, autoencoders, and hybrid approaches (PCA-
AE, SPCA-AE, and IPCA-AE) in identifying subpopulation structures in Oryza sativa genomic data. The methods were 
compared based on their ability to recover known subpopulation labels and their computational efficiency, providing 
insights into the advantages of integrating linear and nonlinear dimensionality-reduction techniques in high-dimensional 
genomic analyses.

MATERIAL AND METHODS

Genomic data
The study used Genomic data from the Oryza SNP Project and the Oryza Map Alignment Project (Ammiraju et al. 

2006, Zhao et al. 2011), which are publicly available at http://www.ricediversity.org/. The dataset comprised 413 Oryza 
sativa genotypes originating from 82 countries. According to Zhao et al. (2011), six subpopulations are present: Indica 
(IND), AUS, temperate Japonica (TEJ), tropical Japonica (TRJ), aromatics, and an admixed group (ADMIX). In total, 44,100 
single nucleotide polymorphisms (SNPs) were initially considered. Markers with a Minor Allele Frequency (MAF) of < 
5% and a call rate of < 70% were removed, resulting in 36,901 markers. The final genotype matrix X (413 × 36,901) 
encoded allelic dosages of 0, 1, or 2.

This configuration represents a typical high-dimensional setting (p >> n), where the number of variables greatly 
exceeds the number of observations, which has important implications for model stability and learning capacity.

Definition of initial groups (D0)
An initial unsupervised clustering analysis was conducted to obtain an exploratory baseline partition, denoted as 

D0. Hierarchical clustering using the Unweighted Pair Group Method with Arithmetic Mean (UPGMA) was applied to 
the standardized marker matrix based on the Euclidean distances among genotypes.

The optimal number of clusters (K) was determined using the Average Silhouette Width (ASW) criterion (Rousseeuw 
1987), which evaluates clustering quality by quantifying within-cluster cohesion and between-cluster separation (Batool 
and Hennig 2021). The final clustering configuration was obtained by cutting the dendrogram at a K value that maximized 
the ASW.
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For observation i belonging to cluster Ak, let a(i) denote the average Euclidean distance between i and all other 
observations in the same cluster. Let b(i) denote the minimum average distance between i and observations in any other 
cluster Ar ≠ Ak. The silhouette value is defined as

s(i) = b(i) – a(i)
max{a(i), b(i)}

and the Average Silhouette Width was computed as the mean of s(i) across all observations.

In this study, D0 was used exclusively as an exploratory baseline and the biological ground truth was not considered. 
The primary evaluation of clustering performance was based on the agreement between the predicted clusters and 
known rice subpopulation labels.

Statistical Methods for Pattern Recognition
Dimensionality reduction methods - PCA, SPCA, IPCA, and an AE - were applied to the marker incidence matrix to 

extract lower-dimensional representations. The PCA, SPCA, and IPCA generate linear combinations of the original variables, 
whereas the autoencoder learns nonlinear transformations. In all the cases, the number of extracted components or 
latent features was substantially lower than the number of markers. These representations were also used as inputs 
for the hybrid approaches (PCA-AE, SPCA-AE, and IPCA-AE).

PCA (Hotelling 1957, Kendall 1957) was performed using singular value decomposition of the marker matrix X = UDV', 
where D is a diagonal matrix with elements dj = λj  , with λj being the j-th non-zero eigenvalue of X'X or XX'. The matrix 
V contains the eigenvectors of X'X, and U contains the eigenvectors of XX' associated with λ. The jth principal component 
is defined as Zj = ujdj, where uj is the jth loading vector. The proportion of total variance explained by the j-th component 

is given by λj

Σn
i=1 λj

. The first component captured most of the total variation, enabling dimensionality reduction while 
preserving orthogonality.

SPCA (Shen and Huang 2008) introduces sparsity into the loading vectors using Least Absolute Shrinkage and Selection 
Operator (LASSO) (Tibshirani 1996) penalization, producing components with many zero loadings, and improving 
interpretability by selecting a subset of relevant variables.

Independent Component Analysis (ICA) (Jutten and Hérault 1991, Comon 1994) decomposes data into statistically 
independent components using the FastICA algorithm (Hyvärinen 1998). Unlike PCA, ICA does not rank components 
based on explained variance.

IPCA (Yao et al. 2012) combines PCA and ICA. First, PCA was applied to the marker matrix X to reduce dimensionality 
while retaining the directions of maximum variance. The covariance matrix of V is decomposed as: V = PΛ-1/2P', where 
P contains the eigenvectors and Λ is the diagonal matrix of eigenvalues. A subset of the first r principal components is 
selected to form the reduced matrix: J = Pr Λr

-1/2. To achieve statistical independence, ICA was applied to J using the FastICA 
algorithm, yielding a transformation matrix R such that the columns of VJ are statistically independent. Independent 
principal components were then calculated as: Z = XS, where S = VJR. By separating dimensionality reduction (PCA) from 
independence extraction (ICA), IPCA produces components that are both informative and statistically independent, while 
reducing the computational cost of directly applying ICA to high-dimensional data (Costa et al. 2020).

An AE (Lewis 2016) is a neural network composed of an encoder and decoder. The encoder maps the input vector x 
into a lower-dimensional latent representation through a nonlinear transformation. The encoder is defined as h(x) = f(Wx 
+ bh), where x is the input vector, W is the weight matrix, bh is the bias vector of the hidden layer, and f(.) where denotes 
the activation function. The decoder reconstructs the original input from a latent representation. The reconstructed 
vector x ̂ is defined as x ̂ = g(Wd h(x)+ bg), Wd is the decoder weight matrix, bg is the decoder bias, and g(⋅) is the output 
activation function.

The AE is implemented as a fully connected encoder–decoder architecture. Two hidden layers were considered with 
candidate configurations of 512–256 and 256–128 neurons. The bottleneck dimensions are tuned to 32, 64, and 128 
units. ReLU activation functions were used in the hidden layers, and linear activation was adopted in the bottleneck 
and output layers.
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Model training was performed using the Adam optimizer with a learning rate 5 × 10‒4 and the Huber loss function 
(Huber 1964), defined as

Lδ (y,y ̂) = {
1
2  (y ‒ y)2, if ∣ y ‒ y ̂∣≤ δ

δ(∣ y ‒ y ̂∣ ‒ 1
2 δ), otherwise  

The Huber loss was selecteed because of its robustness to outliers and improved numerical stability compared to 
the Mean Squared Error (MSE), which is particularly relevant for high-dimensional genomic data.

Additional hyperparameters tuned in the inner loop of the nested cross-validation included L2 regularization (10‒7 
and 10‒6) and dropout rates (0 and 0.05). Training was performed for up to 200 epochs with a batch size of 32. Early 
stopping (patience = 25 epochs) and learning-rate reduction on the plateau were used to prevent overfitting and improve 
convergence.

Given the high-dimensional setting (p >> n), where the number of markers greatly exceeds the number of genotypes, 
the autoencoder may be prone to overparameterization. Therefore, dimensionality reduction methods have also been 
used as preprocessing steps in hybrid approaches to improve the stability and learning efficiency.

Hybrid approaches (PCA-AE, SPCA-AE, and IPCA-AE) were implemented by first reducing the dimensionality of 
the marker matrix and then using the resulting components as inputs to the autoencoder. This strategy reduces input 
dimensionality and facilitates model training.

After dimensionality reduction, clustering was performed using the UPGMA hierarchical method based on Euclidean 
distances. The optimal number of clusters in the training set was determined using the Average Silhouette Width (ASW) 
criterion, and the resulting number was then applied to the test set.

Measures for comparing pattern recognition methods
The performances of the evaluated approaches were assessed using a two-stage nested cross-validation procedure. 

The outer loop consisted of five folds and was used to obtain unbiased estimates of the clustering performance, whereas 
the inner loop comprised three folds and was used for hyperparameter tuning and model selection. This nested structure 
reduces the risk of optimistic bias, which may arise when model selection and performance evaluations are performed 
on the same data partition (Wilimitis and Walsh 2023).

For each outer fold, approximately 80% of the genotypes were used for training, and the remaining 20% were used 
for testing. Partitioning preserved the distribution of the known rice subpopulations, accounting for the unequal number 
of genotypes per group.

The clustering performance was evaluated by comparing the predicted clusters with known rice subpopulation 
labels. The agreement between the predicted clusters and reference labels was quantified using three external validation 
metrics: Adjusted Rand Index (ARI), Normalized Mutual Information (NMI), and purity.

ARI measures the similarity between two partitions while correcting for chance agreement, with values ranging from 
−1 to 1, where higher values indicate stronger agreement. NMI quantifies the amount of shared information between 
the predicted and reference labels, reflecting how well clustering captures the underlying population structure. Purity 
measures the proportion of observations within each cluster that belong to the dominant class, indicating cluster 
homogeneity.

In addition, confusion matrices were constructed to visualize the distribution of genotypes from each known 
subpopulation across the predicted clusters. The compositions of the predicted clusters relative to the true subpopulations 
are also summarized.

Computational resources
All analyses were performed using the R software environment (R Core Team 2024), available at http://cran.r-

project.org. Dimensionality reduction methods were implemented using the mixOmics package (Rohart et al. 2017), 
which provides functions for PCA, SPCA, and IPCA. Autoencoder models were implemented using the keras interface in 
TensorFlow (Allaire and Chollet 2023).
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Cluster analysis and silhouette-based selection of the number of groups were performed using the cluster package 
(Maechler et al. 2023). Cross-validation partitions were generated using the caret package (Kuhn 2008). Clustering 
agreement metrics were computed using the mclust package (Scrucca et al. 2023) for ARI, and the aricode package (Chiquet 
et al. 2023) for NMI. Data manipulation and result aggregation were performed using the dplyr and readr packages.

The code used in this study is publicly available at <https://github.com/licaeufv/autoencoder>.

RESULTS AND DISCUSSION

Preliminary clustering analysis (D0)
A preliminary clustering analysis based on the original genomic marker matrix (D0) identified three major groups 

among the 413 rice genotypes (Figure 1). Cluster 1 contained the largest proportion of genotypes (62.71%, 259 genotypes), 
whereas clusters 2 and 3 comprised 23.24% (96 genotypes) and 14.04% (58 genotypes), respectively. These groups 

Figure 1. Confusion matrices showing the percentage of genotypes assigned to each predicted cluster relative to the known rice 
subpopulation labels for each evaluated method. Columns represent the true subpopulations (ADMIX, Aromatic, AUS, IND, Temper-
ate Japonica – TEJ, and Tropical Japonica – TRJ), and rows represent the predicted clusters (e.g., C1and C2). Values correspond to the 
percentage of genotypes from each true subpopulation assigned to each predicted cluster, averaged across the five outer folds of 
the nested cross-validation procedure. Darker colors indicate higher percentages. Panels correspond to the following methods: (A) 
baseline clustering (D0); (B) Principal Component Analysis (PCA); (C) Sparse Principal Component Analysis (SPCA); (D) Independent 
Principal Component Analysis (IPCA); (E) Autoencoder (AE); (F) PCA-AE; (G) SPCA-AE; and (H) IPCA-AE.
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broadly reflected the main structure of rice population diversity reported in previous studies using the same dataset 
(Ammiraju et al. 2006, Zhao et al. 2011).

Although it captured part of the population structure, baseline clustering showed limited agreement with known 
subpopulation labels (ARI = 0.398) (Table 1). This result indicates that clustering based directly on high-dimensional 
marker data does not fully recover the underlying genetic structure, supporting the need for dimensionality reduction 
and flexible modeling approaches.

Comparison between dimensionality reduction and hybrid approaches
The performances of the evaluated methods are summarized in Table 1. Overall, dimensionality reduction substantially 

improved clustering performance compared with the baseline analysis (D0).

Among the linear methods, PCA and SPCA achieved identical performances (ARI = 0.715; purity = 0.886), indicating 
that the introduction of sparsity did not improve clustering performance on this dataset. This suggests that most markers 
contributed to the underlying population structure, thereby reducing the benefits of variable selection (James et al. 2013).

IPCA showed a slightly lower clustering agreement (ARI = 0.665) but still substantially outperformed the baseline. 
These results suggest that the main population structure is largely captured by dominant variance directions and that 
enforcing statistical independence does not necessarily improve clustering performance in this context.

The standalone autoencoder exhibited a lower clustering performance (ARI = 0.394). This result is consistent with 
the high-dimensional setting (p >> n), in which the number of markers greatly exceeds the number of genotypes. In such 
scenarios, deep neural networks are prone to overparameterization, which can lead to unstable training and reduced 
generalization ability (Srivastava et al. 2014, Kiarashinejad et al. 2020).

Performance of hybrid methods
Hybrid approaches that combine dimensionality reduction and deep learning improved performance compared 

with the standalone autoencoder. Among them, IPCA-AE achieved the highest clustering agreement (ARI = 0.758, NMI 
= 0.808, purity = 0.881; Table 1).

This improvement is attributed to the combination of dimensionality reduction and nonlinear representation learning. 
By reducing the dimensionality of the marker matrix, IPCA improves the ratio of sample size to the number of variables, 
mitigating overparameterization and facilitating model training. In addition, the use of independent components helps 
retain informative and less redundant signals, which are further refined by an autoencoder (Babjac et al. 2022).

The PCA-AE and SPCA-AE also improved over the standalone autoencoder but did not surpass the best linear methods. 
These results indicated that dimensionality reduction stabilizes neural network learning, although nonlinear models do 
not always outperform simple linear approaches for high-dimensional genomic data.

Table 1. Performance of dimensionality reduction and hybrid approaches for identifying rice subpopulation structure. Results are 
presented as the mean ± standard deviation across the five outer folds of the nested cross-validation procedure. Computational time 
(seconds) corresponds to the average total model training and evaluation time per fold

Method ARI (True labels) NMI (True labels) Purity Time (s)
D0 0.398 ± 0.004 0.498 ± 0.047 0.586 ± 0.007 11.59 ± 1.24
PCA 0.715 ± 0.069 0.783 ± 0.121 0.886 ± 0.134 4.89 ± 0.12
SPCA 0.715 ± 0.069 0.783 ± 0.074 0.886 ± 0.004 53.78 ± 18.33
IPCA 0.665 ± 0.133 0.743 ± 0.047 0.826 ± 0.007 15.76 ± 6.76
AE 0.394 ± 0.264 0.499 ± 0.047 0.593 ± 0.010 348.32 ± 100.59
PCA-AE 0.647 ± 0.173 0.738 ± 0.264 0.793 ± 0.098 17.50 ± 9.12
SPCA-AE 0.627 ± 0.113 0.736 ± 0.296 0.816 ± 0.223 52.59 ± 11.36
IPCA-AE 0.758 ± 0.031 0.808 ± 0.094 0.881 ± 0.106 20.45 ± 6.72

PCA, Principal Component Analysis, SPCA: Sparse Principal Component Analysis, IPCA: Independent Principal Component Analysis, AE: Autoencoder.
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Tradeoff between clustering performance and 
computational cost

Figure 2 illustrates the tradeoff between clustering 
performance and computational time. PCA achieved high 
clustering agreement with the lowest computational 
cost (4.89 s), highlighting its efficiency for large genomic 
datasets.

The IPCA-AE achieved the highest ARI while 
maintaining a moderate computational cost, representing 
a favorable balance between performance and efficiency. 
In contrast, the standalone autoencoder required 
a substantially higher computational time without 
improving clustering performance.

Interpretation of population structure

The confusion matrices presented in Figure 1 
illustrate the correspondence between the predicted 
clusters obtained using each method and the known rice 
subpopulation labels. Overall, both the dimensionality 
reduction and hybrid approaches were able to recover 
the main population structure, although important 
differences in cluster composition were observed 
among the methods.

Linear dimensionality reduction methods, particularly 
PCA and SPCA, showed highly consistent clustering 
patterns and clearly separated most major rice 
subpopulations. As shown in Figures 1 and 3, both 
methods achieved complete or near-complete separation 
of the Aromatic, AUS, IND, TEJ, and TRJ groups, whereas 
misclassification was primarily concentrated in the 
ADMIX subpopulation. In both cases, ADMIX individuals 
were distributed across ADMIX-, TEJ-, and TRJ-dominated 
clusters, indicating that the admixed group did not form well-defined clusters in the genomic space.

The IPCA method also recovered the main population structure, achieving complete separation of aromatics, AUS, 
IND, and TRJ but showing a partial overlap between TEJ and TRJ. Approximately 19.79% of the TEJ genotypes were 
assigned to the TRJ-dominated cluster, a result consistent with that of previous studies reporting relatively low genetic 
divergence and substantial allele sharing between Temperate and Tropical Japonica groups (Zhao et al. 2011).

The standalone autoencoder exhibited the least consistent clustering pattern. As illustrated in Figures 1 and 3, this 
method resulted in substantial mixing among subpopulations, particularly involving ADMIX, TEJ, and TRJ, and reduced 
the separation of aromatics, AUS, and IND. For example, only 64.29% of the aromatic, 78.95% of the AUS, and 80.46% of 
the IND genotypes were assigned to their dominant clusters, indicating a limited ability to recover the known population 
structure.

The composition of the predicted clusters relative to the true subpopulations is summarized in Figure 3, which 
provides a complementary perspective by explicitly showing the proportion of genotypes assigned to each cluster. This 
representation highlights cluster homogeneity and allows for a direct comparison of how well each method captures the 
underlying population structure. In this context, baseline clustering (D0) recovered the broad structure of the dataset, 
but merged TEJ, TRJ, and aromatics into a single group and distributed ADMIX individuals across multiple clusters, 
indicating limited resolution.

Figure 2. Tradeoff between clustering performance and computa-
tional cost for the evaluated methods. The x-axis represents the 
mean computational time (seconds), while the y-axis shows the mean 
Adjusted Rand Index (ARI), both computed across the five outer folds 
of the nested cross-validation procedure. Each point corresponds to 
one method. The IPCA-AE method showed the most favorable balance 
between clustering agreement and computational efficiency among 
the evaluated approaches. PCA, Principal Component Analysis; SPCA, 
Sparse Principal Component Analysis; IPCA, Independent Principal 
Component Analysis; AE, Autoencoder.
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Among the hybrid approaches, IPCA-AE produced a clustering pattern that was the most consistent with the known 
population structure. This method achieved clear separation of aromatic, AUS, IND, TEJ, and TRJ genotypes, whereas 
ADMIX genotypes remained distributed across the ADMIX-, TEJ-, and TRJ-related clusters. This pattern is biologically 
plausible because admixed individuals are expected to occupy intermediate positions in the genetic space rather than 
forming a single compact cluster.

The PCA-AE and SPCA-AE approaches also improved upon the standalone autoencoder but did not outperform the 
best linear methods in all cases. PCA-AE preserved the complete separation of aromatics, AUS, and IND but showed 
partial overlap between TEJ and TRJ. The SPCA-AE exhibited a similar behavior, with a small degree of mixing involving 
aromatics and TRJ. These results indicate that combining dimensionality reduction with nonlinear feature learning can 
improve clustering performance compared with using an autoencoder alone, although the magnitude of this improvement 
depends on the input representation.

Overall, these results demonstrated that dimensionality reduction plays a key role in identifying population structures 
in high-dimensional genomic datasets. PCA and SPCA provided strong and stable recovery of the major subpopulations. 

Figure 3. Composition of predicted clusters relative to the known rice subpopulations across the evaluated methods. Bars represent 
the proportion of genotypes from each true subpopulation assigned to each predicted cluster. Panels correspond to the following 
methods: (A) baseline clustering (D0); (B) Principal Component Analysis (PCA); (C) Sparse Principal Component Analysis (SPCA); (D) 
Independent Principal Component Analysis (IPCA); (E) Autoencoder (AE); (F) PCA-AE; (G) SPCA-AE; and (H) IPCA-AE. True subpopulations: 
ADMIX, Aromatic, AUS, IND, Temperate Japonica (TEJ), and Tropical Japonica (TRJ). This representation highlights the composition and 
homogeneity of predicted clusters, allowing direct comparison of how each method captures the underlying population structure.
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In contrast, IPCA-AE achieved the highest overall agreement with known labels, particularly when considering the 
expected dispersion of the ADMIX group.

CONCLUSION

This study evaluated linear, nonlinear, and hybrid approaches for identifying population structures using high-
dimensional rice genomic data. Dimensionality reduction substantially improved the clustering performance compared 
with direct clustering on the original SNP marker matrix.

Among the evaluated methods, the hybrid IPCA-AE approach achieved a favorable balance between clustering agreement 
and computational efficiency. By combining independent component extraction with nonlinear representation learning, 
the IPCA-AE captured relevant genetic patterns while mitigating the challenges associated with high-dimensional data.

In contrast, the standalone autoencoder showed limited performance and higher computational cost, highlighting the 
importance of combining dimensionality reduction with deep learning in settings characterized by high dimensionality 
(p >> n).

Overall, these findings demonstrate the potential of hybrid strategies integrating classical statistical methods with 
deep learning for population structure analysis. However, the results were specific to the Oryza sativa dataset analyzed 
here, and further studies using different species and genomic datasets are needed to assess the general applicability 
of these approaches.
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