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Manifold-based learning for high-
throughput single-peanut phenotyping
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Peanut (Arachis hypogaea L.), a major legume crop valued for its high oil content, displays complex
genotypic–phenotypic interactions shaped by environmental influences, yet these relationships
remain poorly understood. We present a high-throughput phenotyping framework that captures the
geometry of peanut pods using digital microscopy or smartphone imaging integrated with manifold-
learning for large-scale analysis and visualization. Using over 6500 pods collected across China, we
identify a geographically distinct morphological signature and demonstrate accurate cultivar
discrimination. This scalable approach establishes the foundation for a Large Geometric Model
capable of predicting phenotypic traits and accelerating precision agriculture. Our pipeline offers a
transformative tool for peanut breeding and sustainable crop improvement.

China is the world’s leading producer of cultivated peanut (Arachis hypo-
gaea L.), yielded 18.3 million tons in 2021, accounting for approximately
one-third of global production1,2. As a vital grain legume and oil crop with
high protein and oil content, peanut plays a critical role in addressing global
food security andpoverty.Originating in SouthAmerica around 6,000 years
ago, A. hypogaea underwent significant domestication, diverging markedly
from its wild ancestors through artificial selection.

Peanuts are classified into two subspecies and six botanical varieties.
Subspecies A. h. fastigiata exhibits upright growth and shorter crop cycles,
whileA.h. hypogaeadisplaysprostrate growthand longer cycles. Introduced
to China by Portuguese traders in the 17th century and later by American
missionaries in the 19th century, peanut cultivation in China shows limited
genetic diversity, with over 70% of cultivars tracing back to common
ancestors. Southern cultivars are predominantly A. h. fastigiata, while
northern cultivars align with A. h. hypogaea3,4 (Fig. 1A, B).

A central objective in systems biology is to decipher the complexity of
genotypic traits to enhance our understanding of observable phenotypes,
aiding plant breeders in crop improvement5–12 (Supplementary Table 1).
Despite advances in sequencing technologies, predicting phenotypes
remains challenging. Overcoming the phenotyping bottleneck in plants
(and in general humans, refer to Table 1), hinges on mapping genotypic-
phenotypic (GP) correlograms5,13. This requires leveraginghigh-throughput
phenotyping innovations, such as multi-scale, multi-omics, and multi-
dimensional approaches, alongside advanced bioinformatics techniques,
includingmanifold learning and dimensional reduction. These tools enable
visualization and comprehension of the meta-state space, facilitating a
deeper understanding of genotypic-phenotypic relationships and driving
precision breeding strategies.

In this work, we demonstrated the application of ubiquitous technol-
ogies (e.g., digital microscopy) and advanced data analytics (e.g., manifold
learning) to characterize the internal and external phenotypes of individual
peanut pods. We analyzed the complex geometries of 6,500 peanut pods
across China and we identified for the first time a geographically unique
‘molecular thumbprint’ derived from the topological geometry of single
peanut pods. Additionally, we established correlations between biophysical
and biochemical traits through multi-factorial phenotyping. These inno-
vative techniques in complementary to traditional approaches such as
molecular pathway analysis and gene sequencing, offer significant potential
for elucidating molecular/cellular states, and advancing our understanding
of complex traits interactions in peanuts14–17.

Results
Overview of the study
This study examines the complex traits of peanut pods (intricate geometry,
biophysical and biochemical traits), due to complex interactions among
other internal factors (e.g., lipids, proteins) andbiotic/abiotic environmental
variables. A total of 6,500 peanut pod samples were procured through the
Taobao online platform, originating from diverse geographical regions
across China, including Yunnan (YN), Guangdong (GD), Hunan (HN),
Shandong (SD), Dongbei (DB), and nearby regions (see Fig. 1A and Sup-
plementary Fig. 1 for details). To maintain confidentiality, samples were
labeled by region (e.g., YN, GD) without revealing commercial brand
names. Based on their geographical origins, the samples were grouped into
three regions: South (YN, GD), North (HN, SD), and Northeast (DB), as
depicted in Fig. 1B. This classification enables the analysis of regional
environmental impacts on peanut pod traits.
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Fig. 1 | Manifold-based learning for high-throughput phenotyping of single
peanut pods. A Peanut pods cultivated in distinct regions of China: southern
(Yunnan, YN; Guangdong, GD), northern (Henan, HN; Shandong, SD), and
northeast (Dongbei, DB).BDigitizedmicrographs of off-the-shelf peanut pods from
China, with the number of pods analyzed indicated in the top right of each box
(details in Supplementary Fig. 1). C The complex genotypic-phenotypic (GP) net-
work, modulated by environmental factors E, contributes to the biodiversity of
peanuts. Multi-level biological scales (e.g., genomics, phenomics) amplify the
dimensional complexity in life sciences. Key environmental factors, including
location (latitude/longitude), rainfall, and temperature, directly influence the
dynamic GP relationship (Supplementary Information). D Correlation mapping
between biophysical traits (e.g., length, weight, color) and biochemical traits (e.g.,

time-domain micro-NMR, optical microscopic analysis) of peanut pods from var-
ious Chinese regions. E Deep and high-throughput characterization of peanut pod
phenotypes as proposed in this work. The process of digitization was carefully
carried out on each single peanut to obtain its complex geometry (e.g., shape, size,
color) and then subsequently fed into themachine learning platforms. These peanuts
purchased off-the-shelf via on-line platform were used without any further pro-
cessing. The intricate Genotypic-Phenotypic relationships were mapped out with
Circos. The proposed method has the potential to serve as a blueprint for a large
foundation model for the prediction of phenotype based on the complex geometry
traits (known as Large Geometric Model), analogous to Large Language Model
(LLM) used to generate semantically and grammatically correct sentences.
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The study employed deep phenotyping to analyze the biochemical and
biophysical traits of individual peanut pods, utilizing technological inno-
vations such as light microscopy and micro-NMR18–20, alongside sophisti-
cated bioinformatics tools like manifold-learning. These methods enabled
detailed assessment of both internal and external phenotypes of single
peanut pods (Fig. 1C–E). Additionally, correlations were investigated
between biophysical traits (e.g., length-weight, length-color, weight-color)
and biochemical traits (e.g., NMR-based21) of pods sourced from various
regions across China, with results presented in Table 1, and Supplementary
Table 2.

Biophysical traits measurements
Biophysical traits of individual peanut pods, including length, weight, and
color, were measured with precision electronics. Length was determined
using a Digimatic Caliper (SanLiang Corporation, China), and weight was
measuredwith ahigh-precision electronic scale (LeaPing,China). Pod color,
obtained from digital microscopy, was compared to a standardized color
database (see Methods and Supplementary Fig. 2 for details).

Significant phenotypic variation in biophysical traits (length,
weight, color) was observed across the 6,500 peanut pod samples
(Fig. 2A). Strong positive correlations between pod weight and length
were identified across regions: Guangdong (GD: r = 0.86, R² = 0.73),
Yunnan (YN: r = 0.66, R² = 0.43), Hunan (HN: r = 0.67, R² = 0.45),
Shandong (SD: r = 0.61, R² = 0.38), and Dongbei (DB: r = 0.64,
R² = 0.41), where r represents the Pearson correlation coefficient and R²
the coefficient of determination (Fig. 2B). Classification efficiency of
biophysical traits was evaluated using receiver operating characteristic
(ROC) analysis (Supplementary Table 2).

Notably, pods from the same region (e.g., South: YN, GD; North: HN,
SD) exhibited greater similarity in biophysical traits compared to those from
different regions (Fig. 2C). Interestingly, both length and weight traits
exhibit region-specific patterns (e.g., North vs. South), as evidenced by
statistically significant effects in the analysis of variance (ANOVA) test
(p < 0.001, see Methods). Color analysis treated each color pod as a single
image in a Red-Green-Blue (RGB) ternary plot, with relationships sorted
using t-distributed stochastic neighbour embedding (t-SNE) analysis. At

lower perplexity (e.g., <5), pod color closely aligned with geographical ori-
gin, showing localized distribution in the ternary plot, whereas higher
perplexity (e.g., >10) resulted in less distinct clustering.

Complex Geometry and Manifold Learning – t-SNE Analysis
The interplay between genetic factors (G) and diverse environmental con-
ditions (E) generates significant biodiversity in phenotypic traits22. This
study hypothesizes that the complex geometry of peanut pods creates a
unique ‘molecular thumbprint’ specific to their cultivation region, serving as
a signature of their origin6,9 (Fig. 2 and Fig. 3).

To capture the biophysical traits of each peanut pod, a low-cost digital
microscope (Shengchuang 1080 FHD, China) with image resolution
(2400 × 1800 pixels) and the lighting condition controlled inside a photo-
graphy box (AMBITFUL, China) (see Methods, with calibration details in
Supplementary Fig. 3 and Supplementary Fig. 4). Beyond the standard
three-dimensional (3D) physical structure, individual biophysical traits
(e.g., size, shape, color) were treated as distinct dimensions (Fig. 2). Digiti-
zation enabled manipulation of these dimensions, facilitating access to
higher-dimensional (meta-dimensional) data and subsequent reducing the
observable dimensions using advanced techniques23,24. Manifold learning,
specifically t-SNE analysis, was applied to explore the complex geometry of
these traits. This approach revealed patterns in the high-dimensional data,
highlighting how phenotypic variations, such as color and shape, correlate
with geographical origins, reinforcing the hypothesis of region-specific
molecular thumbprints.

Using t-SNE analysis, the peanut pod samples were predominantly
clustered into two distinct subgroups based on their biophysical traits: the
southern region (red, right) and the northern region (blue, left), as shown in
Fig. 3A, where each point represents an individual peanut pod. Further
analysis revealed finer subgroupings within these regions, aligning with
geographical proximity: the southern subgroup included Yunnan (YN) and
Guangdong (GD), while the northern subgroup comprised Hunan (HN)
and Shandong (SD) (Fig. 3B and Supplementary Fig. 5A). The northeast
region (Dongbei,DB, grey) exhibited amore uniformdistribution, though it
showed a slight skew toward the southern region, indicating some pheno-
typic overlap.

Table 1 | Comparison of Traditional Genomics-based Medicine and Emerging Phenomics-based Medicine

Current Genomics-based medicine Future Phenomics-based medicine

Nature forward (or reverse) genetics research big data - phenotypes (e.g., clinical data)

Methodology genomics-based approach (e.g., genes sequencing, gene editting) precise measurement of phenotypes (e.g., mass spectrometry,
NMR, …)

Samples genetic materials (e.g., DNA, SNP,…) biofluids (e.g., sweat, plasma), imaging, clinical symptoms

Stability inherently stable (but static information) dynamics (fluctuations depending on interactions)

Associations GWAS-based associations (hyphothesis-driven) PheWAS-based associations (data-driven)

Advantageous clear relationship between a mutation and disease phenotype cross-modalities reduces bias, much higher sensitivity (repeated
profilling), further sub-stratification possible

Disadvantageous direct biological, causal complicated inferences, direct linkage impossible high-cost (large biodiversity, multi-omics), inherent variability
among individuals

Information massive ancestry information (difficulty in interpretation) G x E (environmental aspects), cross-scale multi levels (deep
phenotyping)

Applications estimating its heritability, calculating genetic correlations, making clinical risk
predictions, informing drug development programmes

leading to personalized medicine (e.g., wearable technologies,
continuous glucose monitoring)

Clinical use accurate (esp.monogenic diseases) but limited for chronic disease (due to
various lifestyles)

reflective of actual state (further sub-phenotypes possible)

ref(s) Guttmachera, Perkinsb, Hohc Yurkovichd, Yan Linge, Hohf, Halamag

aGuttmacher et al, https://doi.org/10.1056/NEJMra012240
bPerkin et al, https://doi.org/10.1073/pnas.1706096114
cHoh et al, https://doi.org/10.1038/s41525-024-00435-7
dYurkovich et al, https://doi.org/10.1038/s41576-023-00674-x
eYan Ling et al., https://doi.org/10.1186/s12864-019-6363-0
fHoh et al., https://doi.org/10.15302/J-QB-021-0251
gHalama et al., https://doi.org/10.1038/s41467-024-51134-x
This SWOT-like analysis based on the methodologies, technologies, and outcomes of genomics-based approaches with those of phenomics-based approaches in medical research and practice.
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At lower perplexity settings (e.g., t-SNE (10, 1, 2)), t-SNE analysis
revealed distinct ridges and ponds in the distribution of peanut pod bio-
physical traits, forming continuous trails that segmented the data (Fig. 3A
and Fig. 3C). These patterns are hypothesized to result from the presence or
absence of specific pod geometries tied to cultivation regions. The pre-
dominant geometries observed were combinations of round and rectan-
gular shapes, with intermediate forms, while perfectly round or perfectly

rectangular pods were rare. These ridges, unique to each region, form a
‘molecular thumbprint’ reflecting the composite influence of environmental
modulators on pod geometry, varying by geographical location (Fig. 3B).
Similar patterns were observed at t-SNE (30, 1, 2).

Phenotypic trends showed smaller, darker peanut pods clustering
predominantly on the left side of the t-SNE plot, with pod size increasing
toward the right (Fig. 4). These traits underscore the biodiversity arising

Fig. 2 | Correlationalmapping of biophysical traits of peanut pods. ADistribution
of measured biophysical traits (length, weight, greyscale color) of peanut pods from
various cultivar regions in China: Guangdong (GD), Yunnan (YN), Henan (HN),
Shandong (SD), and Dongbei (DB). B Correlation analysis between length and
weight of peanut pods, with Pearson correlation coefficient (r) and determination

coefficient (R²) indicated on the graph. Analysis of variance (MANOVA) revealed
statistically significant effects for all tested cases (p < 0.001) (details in Methods).
C Correlational analysis of RGB colour traits of peanut pods using t-SNE analysis
(details in Supplementary Fig. 3).
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Fig. 3 | Digitized molecular thumbprint of single peanut pods using t-SNE
analysis. A Phenotypic mapping of peanut pods from South (red) and North (blue)
regions of China, constructed from digitized images of complex pod geometries
processed via manifold-based learning with t-SNE (Perplexity=10, Exaggeration=1,
PCA = 2) (details in Supplementary Fig. 1). Each dot represents a single peanut pod
image. BDetailed mapping by cultivar regions: Guangdong (red), Yunnan (orange),

Henan (blue), Shandong (dark blue), and Dongbei (grey), using the same t-SNE
parameters (10, 1, 2) as in A. C Cross-sectional distribution along the X-axis (top)
and Y-axis (bottom) for t-SNE configurations (10, 1, 2), (100, 2, 10), and (300, 4, 30).
D Impact of t-SNE parametric variations on phenotypic mapping, with parameters
ranging across Perplexity (1–500), Exaggeration (1–4), and PCA (2–50).
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Fig. 4 | Geographical-based molecular thumbprint of peanut pods cultivated
across China. This figure maps the complex geometry of single peanut pods from
five regions: A South (Guangdong, GD), B South (Yunnan, YN), C North (Henan,
HN), D North (Shandong, SD), and E Northeast (Dongbei, DB). Each point
represents an individual peanut pod image, with the total number of pods indicated
on the right side of each frame. Points are color-coded by sub-locations (blue and

red) and other locations (grey), with numbering randomly assigned based on sub-
locations (details in Supplementary Fig. 1). t-SNE analysis was applied to reduce
dimensionality into t-SNE-x and t-SNE-y axes, using parameters (Perplexity,
Exaggeration, PCA). The number of peanut pods analyzed is denoted below
each frame.
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from complex gene-environment interactions, described as ‘deterministic
biology’16,25. At higher perplexity (e.g., t-SNE (300, 4, 30)), the local structure
collapsed, forming broad peaks representing the southern and northern
regions.This ‘swarmofbees’pattern reflects collectivebehaviour rather than
localized structures, as shown in Fig. 3D and Supplementary Fig. 5B,
highlighting the interplay between regional environmental factors and
phenotypic variation.

Simulation: Complex geometry analysis of peanut pods
This study hypothesized that the observable physical traits of peanut pods,
such as their complex geometry (e.g., size, shape), influence the demo-
graphic patterns in distribution charts, particularly clustering behaviour.
Mathematical models were developed to simulate these physical traits,
focusing on size and shape, followed by manifold-based learning analysis
using t-SNE. The results showed that size-based analysis produced con-
tinuous patterns; while shape-based analysis yielded non-continuous pat-
terns (see Methods and Supplementary Fig. 6A). This distinction is
attributed to size variations likely representing intraspecies differences,
whereas shape variations suggest interspecies differences. Consistent pat-
terns were observed across various t-SNE parameter combinations (Sup-
plementary Fig. 6B-6C), reinforcing the impact of geometric traits on
clustering and distribution outcomes.

The complex interplay between genetic factors (G) and diverse
environmental variables (E) generates a wide array of phenotypic traits,
contributing to biodiversity22,25. Mathematically, the resulting molecular
thumbprint, P, can be represented as a high-dimensional array of matrices
modulated by environmental factors, E (e.g., E1, E2, …). In the era of
artificial intelligence, techniques such as deep learning and machine
learning, coupledwithmanifold learning (e.g., dimension reduction), enable
the deciphering and visualization of these meta-dimensional patterns,
facilitating the interpretation of complex phenotypic data.

Manifold Learning - Uniform Manifold Approximation and Pro-
jection (UMAP) Analysis
In contrast to t-SNE, the UMAP technique provides superior preservation
of global data structure23,24, as illustrated inFig. 5.UMAPanalysis distinctly
separated peanut pod samples into subgroups corresponding to their
cultivation regions: Guangdong (GD) and Yunnan (YN) clustered toge-
ther, as did Hunan (HN) and Shandong (SD). This indicates that peanut
pods from regions sharing similar latitudes exhibit comparable phenotypic
traits (Fig. 5A, B). The GD-YN subgroup represents the southern regions
(red, orange), while the HN-SD subgroup corresponds to the northern
regions (dark blue, blue). This clustering aligns with expectations, as
geographically proximate regions often share similar climatic conditions,
temperature, and rainfall, which are critical environmental factors influ-
encing genotypic-phenotypic correlations. Notably, geographical regions
are frequently defined by political boundaries rather than scientific or
environmental criteria, as detailed in Fig. 6.

UMAP analysis revealed two significant phenomena. First, peanut
pods from Guangdong (GD) occupied a distinct area in the phenotypic
distribution, not shared by other regions, indicating a unique phenotype3.
This is likely due to Guangzhou’s role as a gateway to international trade,
fostering greater biological diversity2,26. Second, a small but notable pro-
portion ofHunan (HN) phenotypes appearedwithin the southern region of
the UMAPmapping. This could reflect HN’s prominence as a well-known
and popular region in China, making its peanut varieties a focal point for
breeders2,26. Overall, the UMAP-based mapping results align closely with
those from t-SNE, confirming consistent phenotypic clustering across both
manifold learning techniques.

Geographically specific molecular thumbprints
To substantiate the claim of geographically unique molecular thumbprints
derived frompeanut pod geometries acrossmultiple locations, we evaluated
the robustness of clustering patterns observed in manifold-based learning
techniques (e.g., t-SNE) to ensure cluster stability and statistical significance

(see Methods). Specifically, k-fold cross-validation (k = 10), leave-one-out
validation (LOOV), and stratified random sampling were employed to
mitigate potential stochasticity in the embeddings. Downstream classifica-
tion performancewas quantifiedusing the area under the receiver operating
characteristic curve (AUC) across multiple algorithms, including k-nearest
neighbours (kNN), support vector machines (SVM), neural networks,
logistic regression, and random forests. The results demonstrate high pre-
dictive accuracy, withmedian AUC values exceeding 0.986 for direct image
embeddings, 0.931 for t-SNE-derived features, and 0.900 for Isomap pro-
jections, thereby underscoring the geographic specificity of the fingerprints
(Supplementary Fig. 10).

Modulation Effect of Environmental Factors on the Molecular
Thumbprint
To investigate the relationship between themolecular thumbprint of peanut
pods and their geographical origins, phenotypic patterns were analyzed
using t-SNE (Fig. 6A). Environmental factors, such as temperature, rainfall,
and soil conditions, significantly influence genotypic-phenotypic correla-
tions. As expected, t-SNE analysis formed two distinct clusters based on
geographical proximity: Guangdong (GD) and Yunnan (YN) in the
southern region, and Hunan (HN) and Shandong (SD) in the northern
region. These findings were consistent across various t-SNE parameter
combinations (Supplementary Fig. 7A, 7B, 7C) and corroborated by hier-
archical clustering analysis (Fig. 6B).

Peanut cultivation in China spans diverse climates, from the frigid
northern regions to the humid southern regions, with temperatures in
peanut-producing areas ranging from −5 °C to 25 °C (Fig. 6). However,
temperature and rainfall exhibit day-to-day variability and form distinct,
though similar, annual patterns. A manifold-based learning approach
applied to temperature and rainfall data (Fig. 6C,D, and Supplementary Fig.
7D) similarly separated samples into southern and northern clusters,
reflecting shared environmental conditions like temperature, rainfall, and
soil properties within proximate regions.

These phenotypic and environmental patterns align with genotypic
observations reported by Ren et al.3. All southern samples (GD, YN)
belonged to the cultivar ssp. fastigiata, while northern samples (HN, SD)
were of ssp. hypogaea, demonstrating consistent clustering across

Geographical-based Molecular Traits with Micro-NMR Analysis
To explore the correlation between biophysical traits (e.g., length) and
biochemical traits (e.g., lipidomics), micro-NMR relaxometry experiments,
including T1 andT2 relaxationmeasurements, were conducted.Oil droplets
were extracted from individual peanut pods using a cold-pressed technique,
with proton nuclei relaxation rates primarily reflecting lipid content (e.g.,
saturated and unsaturated fats). Each peanut type was sampled five times,
with three measurements per sample (see Methods for details).

As anticipated, the greatest discrimination in NMR-based molecular
traits was observed between the northern and southern regions of China
(highlighted in red), while discrimination was lower (blue) among samples
within the same region, as shown in the heatmap (Supplementary Table 2
and Supplementary Fig. 8). The northeastern region, with the exception of
LN1, appeared as anatural extensionof thenorthern regionsbasedonNMR-
derived molecular traits, indicating biochemical similarities driven by geo-
graphical and environmental factors. Interestingly, the T2 traits (p < 0.0001,
Student’s t-test) exhibit geographically specific properties, in contrast to the
T1 traits (p = 0.1, Student’s t-test) (Supplementary Information).

Phenotype-genotype mapping network based on single peanut
pod typing
This study extends beyond correlations within internal phenotypes (e.g.,
biochemical vs. biochemical traits) and external phenotypes (e.g., biophy-
sical vs. biophysical traits) to establish relationships between internal and
external phenotype spaces (i.e., biochemical vs. biophysical traits), as
summarized in Supplementary Table 2. Notably, strong positive correla-
tions were observed between T1 and T2 relaxation rates (biochemical traits)

https://doi.org/10.1038/s41540-026-00688-1 Article

npj Systems Biology and Applications |           (2026) 12:68 7

www.nature.com/npjsba


and between length (L) and weight (W) (biophysical traits). In contrast, a
negative correlation was found between T1 relaxation and length (T1-L)
(Supplementary Table 3).

The representation of diverse phenotypic traits (biophysical and bio-
chemical) across peanut pods from various regions in China is illustrated in
Fig. 7. Peanuts are known to be less sensitive to light intensity but highly
responsive to temperature fluctuations, influenced by factors such as the
differential length of day and night27. These environmental factors can alter
flower pod size and chemical composition, further shaping the observed
phenotype-genotype relationships.

Discussion
This work establishes high-throughput phenotyping platforms of intricate
geometric traits plants, harnessing the power of ubiquitous digital

technologies (such as smartphone, digital microscopy) integrated with the
advanced data-driven approaches. While digitization ensures the pre-
servation of dense information, enabling the creation and management of
extensive databases, manifold learning facilitates the analysis of non-linear,
high-dimensional datasets for complex geometry, a feat previously unac-
hievable prior to the era of artificial intelligence. This framework, interest-
ingly, can be a transformative approach to address the phenotyping
bottleneck in plant breeding and far outreaching implication on human
health and diseases.

Firstly, understanding the intricate geometry of peanut pods,which is a
product of complex genotype-environment (GE) interactions is crucial for
advancing the field phenomics28–31, a key priority for agronomic commu-
nities in facing challenges from climate change, geopolitical instability,
population growth, and depleting natural resources. Enhanced GE-space
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UMAP(5, 2, 1) UMAP(20, 4, 5) UMAP(40, 8, 9)

Fig. 5 | UMAP-based molecular thumbprint derived from peanut pod geometry.
A Molecular thumbprint constructed from digitized images of single peanut pods,
processed using UMAP-based learning, showcasing the impact of UMAP para-
metric variations. Peanuts were sourced from various cultivar regions in China:
Guangdong (red), Yunnan (orange), Henan (blue), Shandong (dark blue), and

Dongbei (grey) (details in Supplementary Fig. 1). B Cross-sectional distribution
along the X-axis (top) and Y-axis (bottom) for UMAP configurations (5, 2, 1), (20, 4,
5), and (40, 8, 9). UMAP parameters ranged within (n_neighbors: 5–50, compo-
nents: 2–10, spread: 1–10), denoted as UMAP (n_neighbors, components, spread).
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insights enable the development of crops with higher yields, improved
nutritional quality, and greater stress tolerance11,29,32. These advancements
are essential to meet escalating global food demands while ensuring sus-
tainability and resilience in agriculture (Fig. 8).

Secondly, this study pioneered the identification of a geographically
unique ‘molecular thumbprint’ for peanut cultivars, derived from their

topological signatures. This ‘molecular barcoding’ provides a robust,
inherent authenticationmechanism to counter food adulteration, a pressing
challenge in ensuring food safety. By enabling precise traceability, this
approach minimizes the risk of distributing unsafe or inferior products,
thereby reducing product recalls. Moreover, enhanced traceability and
transparency across the food supply chain promote fair competition and

Fig. 6 | Environmental Modulation of Geo-
graphically Distinct Molecular Phenomics
Thumbprints in Peanut Pods. A Experimentally
derivedmolecular thumbprints of peanut pods from
different regions in China, analyzed using hier-
archical clustering and t-SNE (perplexity=4, exag-
geration=4, PCA components=3; details in
Supplementary Fig. 3b). Regions are color-coded:
south (red), north (dark blue), and northeast (grey).
B Composite effect of the phenotypic variations,
C Impact of annual temperature patterns and
D rainfall patterns on molecular thumbprints,
assessed via hierarchical clustering analysis (details
in Methods). Data were collected in 2021.
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bolster consumer trust by safeguarding against fraudulent practices21,33,34.
Our findings lay a foundation for scalable, innovative solutions in precision
agriculture and food security.

Interestingly, thehigh-throughput phenotyping frameworkof intricate
geometry we developed for plant sciences is readily applicable to human
health and disease studies. The completion of the Human Genome Project
in 2003, coincidentally augur the arrival of big data era (e.g., AI-driven
analysis, and later the Large Language Model, LLM)35–37 and the develop-
ment of new cutting-edge technologies (e.g., advanced imaging37–40), which
naturally forms a strong driving force to a new successor known as the
HumanPhenomeProject (Fig. 9A). By leveragingphenomics, this approach
unlocks new insights into human health and disease, offering perspectives
unattainable through conventional genomic methods (Table 1)31,41–43.

Diabetes, for example, is a multifaceted disorder modulated by
numerous genes and external factors44–46, blurred the boundary between
“healthy” and “disease” states due to partially, its heterogeneity and inter-

individual variability (e.g., body composition, adiposity levels)45–48. This high
level of complexity demands cross-scale, multi-level analyses, driving the
development of a novel clinical framework based on the clinical phenome
(Fig. 9B, C)49,50. Ironically, leveraging on the framework of intricate geo-
metry phenotyping as proposed; such as captures intricate biophysical traits
(such as intricate abdominal fat composition), may one day enables the
prediction of diabetes-related phenotypes (e.g., insulin resistance, liver cir-
rhosis, gut microbiome)45–48 despite inter-individual variability. This
approach offers a robust tool for precision phenotyping, enhancing our
ability to understand and manage diabetes effectively.

The process of digitization facilitates preservation of high density of
information, making the creation and management of large databases
possible, making this proposal a comprehensive blueprint towards the
development of a Large Geometric Model (LGM), analogous to Large
Language Models (LLMs)51,52, to capture complex geometric traits. This
frameworkholdspromise for near-real-timeprediction, understanding, and

Fig. 7 | Circos representation of genotype–environment–phenotype relation-
ships in peanut. This diagram summarizes the integrated associations among
regional genotype–environment groups (GE)1–(GE)3 (outer colored arcs), key
biophysical traits (P1; top-right green sector), and NMR-based biochemical traits
(P2; bottom-right green sector). Each outer arc color denotes a geographic pro-
duction region (red: South; blue: North; grey: Northeast). Inner radial tracks display
trait distributions, where individual segments represent scaled trait values (e.g., pod
length, height, geometric diameter, NMR-derived relaxation metrics, and RGB

intensity features). Chord ribbons encode the strength and direction of
genotypic–phenotypic associations, with ribbon width proportional to relative
contribution and ribbon color corresponding to the originating GE group. This
visualization highlights region-specific morphological and biochemical signatures
and illustrates how multi-dimensional phenotypes map onto distinct
genotype–environment clusters within the proposed high-throughput manifold-
learning framework.
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response to disease progression, akin to functional predictions in structural
proteins using Large Protein Models (LPMs)53.

Despite the strengths of this study, several limitations are
acknowledged. First, the inherent “black-box” nature of manifold-
based and deep-learning models may introduce latent biases that are
not immediately observable yet could influence phenotypic inter-
pretation, particularly in high-stakes agricultural decision-making.
Although extensive internal validations and stability assessments were
conducted (Supplementary Information), and results remained con-
sistent across repeated runs, hyperparameter settings, and embedding

initializations, the possibility of unrecognizedmodel behaviour cannot
be fully excluded.

Second, the geographic composition of the dataset may introduce
sampling biases. Regional over-representation has the potential to impose
unintended topological constraints on the learned manifold, producing
clusters driven by sampling structure rather than true phenotypic diver-
gence. Such effectsmaymanifest as spurious separations in t-SNEorUMAP
space. Future work will incorporate stratified accession sampling, balanced
augmentation strategies, and domain-adaptation layers to disentangle
intrinsic pod geometry from geographic or environmental influences.

Third, although the current framework is demonstrated using peanut
pods, the approach is inherently crop-agnostic. Because the manifold is
derived directly from pixel-level geometric features, the same analytical
pipeline can be applied to other crops such as soybean pods, barley spikes,
and rice panicles without modification to the core architecture. Only the
training image set needs to change. Ongoing studies on additional crops
(e.g., potatoes, rice grains) are currently underway; with results to be
reported in future work.

Finally, the development of a robust Large Geometric Model requires
substantial quantities of high-quality, well-labelled images. Advances in
computational parallelism (e.g., CUDA-enabled GPUs), modern neural
architectures (e.g., Transformers), and minimally supervised learning have
considerably improved the feasibility of constructing such models, yet the
fundamental challenge of securing sufficient high-quality data remains.

In conclusion, as gene sequencing becomes increasingly accessible and
cost-effective, the central challenge in the life sciences is shifting from
generating genomic data to achieving comprehensive, high-resolution
phenotypic measurement. With the expanding use of big-data and multi-
dimensional strategies such as trans-omics, manifold-based learning is
becoming essential for interpreting complex genotype–phenotype rela-
tionships. Our study demonstrates the feasibility of a high-throughput
phenotyping framework grounded in manifold learning, signaling mean-
ingful progress toward intelligent phenotyping. This work represents a
transition from traditional genomics-centric approaches and lays the
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foundation for transformative applications in precision agriculture and
medical phenomics.

Methods
Materials
A total of 6500 peanut pod samples were procured from five regions in
China—Guangdong (GD: 1,069 samples), Yunnan (YN: 1,651), Hunan
(HN: 1,786), Shandong (SD: 717), and Dongbei (DB: 1,201)—via the
Taobao platform from 25 merchants (4 GD, 6 YN, 7 HN, 3 SD, 5 DB).
Samples were labeled with regional abbreviations (e.g., GD1, GD2) to
maintain merchant privacy, omitting commercial brand names. Samples
were analyzed without further processing and stored in sealed Ziplock bags
in a desiccator when not in use (details in Supplementary Fig. 1).

Sample Size Determination and Power Analysis
An a priori statistical power analysis was conducted before data col-
lection to determine the minimum sample size required to robustly test
the hypothesis that peanut pod morphology varies systematically across
cultivation locations, therebyminimizing Type II error risk. The analysis
was performed in G*Power software (Version 3.1.9.7) using a two-
sampleMANOVA framework (Global effect) on the embedding vectors,
we computed required sample sizes for achieving 80% statistical power
at α = 0.05. The final dataset size were much larger (N>several hundred)
than the obtained estimates (medium effect, N of 50 per region) (details
in Supplementary Information).

Image Acquisition and Preprocessing
Alow-costmicroscopewith an integrated camera (Shengchuang1080FHD,
China), featuring a 6 cm focal length and 1,200x magnification with image
resolution (2400 × 1800 pixels) was used to capture images of individual
peanut pods (details in Supplementary Fig. 9). To eliminate stray light, a
detector chamberwith LED lighting (AMBITFUL, China) and an enclosure
was employed. A digital light meter (UT383S UNI-T, China) standardized
LED luminosity. Strict calibration addressed potential errors from digiti-
zation, including lighting bias, microscope limitations, image reproduci-
bility, and subjective judgment (details in Supplementary Fig. 4).

Biophysical Traits Measurements
Of the 6,500 samples, 6,424 were sourced from 25 suppliers to capture a
broad spectrum of peanut varieties cultivated across China (details in
Supplementary Fig. 1). Biophysical traits, including length, weight, and size,
were measured for each peanut pod using a Digimatic Caliper (San Liang
Corporation, China), a high-precision electronic scale (Lea Ping, China),
and nitrile examination gloves (INTCO, China).

NMRMeasurements and Parameters
Proton (1H) magnetic resonance measurements of peanut oil were
conducted at a resonance frequency of 21.7579 MHz using a portable
permanent magnet (Metrolab Instruments, Switzerland, B0 = 0.5 T) and
a benchtop console (Kea Magritek, New Zealand). The measurement
chamber wasmaintained at 30 °C using a temperature controller. T1 and
T2 relaxation times were measured using standard inversion recovery
(IR) and Carr-Purcell-Meiboom-Gill (CPMG) pulse sequences,
respectively. Experimental parameters included an echo time of 100 μs,
10,000 echoes, and 32 signal averages. A 2-second recycle delay ensured
molecular spins returned to thermal equilibrium. Measurements were
performed on oil extracted from single peanuts using an in-house cold-
pressing method.

Material Preparations for Micro-NMR Analysis
Cold-pressed (CP) oil extraction was performed using a homemade
mechanical presser (e.g., G-clamp) at room temperature. Each extraction
involved a single peanut pod, with the resulting oil filtered through
nanopore-like tissue papers to ensure purity.

Manifold Learning: t-SNE and UMAP Analysis
The goal of dimensionality reduction is to preserve the significant structure
of high-dimensional data in a low-dimensional representation, typically a
2D or 3D map. Techniques such as t-distributed Stochastic Neighbor
Embedding (t-SNE),MaximumVarianceUnfolding (MVU), andLaplacian
Eigenmaps were employed. However, most methods struggle to retain both
local and global data structures in a single map.

t-SNE visualizes high-dimensional data by assigning each data point a
position in a low-dimensional space. It calculates neighborhood informa-
tion in the high-dimensional space (i.e., surrounding points for each data
point) and maps this to the low-dimensional space. The Kullback-Leibler
(KL) divergence is used to measure the difference between high- and low-
dimensional representations, optimizing the low-dimensional map to
minimize this divergence.

These techniques primarily serve as visualization tools, leaving data
interpretation to the observer.Akeyparameter in t-SNE, perplexity, acts as a
smooth measure of the effective number of neighbors, controlling the
Gaussian kernel’s width used to compute point similarities. Perplexity
governs howmany nearest neighbors each point is attracted to, with typical
values ranging from 5 to 50 (default values often set at 30 or 50). The
performance of t-SNE is generally robust to changes in perplexity, allowing
flexibility in its application.

Mathematical Modeling of Complex Geometry of a Peanut Pod
To simulate the clustering effects of inter- and intra-species variations
in peanut pods, two mathematical models were developed: Model-1
(size-based) and Model-2 (shape-based). Model-1 utilized third-order
functions derived from the two-dimensional outline of peanut pods
(Eq. 1). The Desmos mathematical function tool, RevolutionPlot3D
(based on a revolution’s cylindrical coordinates system), and Mathe-
matica Wolfram software (built-in toolkit) were employed. Three-
dimensional simulation models were generated by rotating the extrac-
ted function once, capturing size-based variations. Model-2 was
developed similarly, using equations (Eqs. 2–6) to represent shape-
based variations. Like Model-1, it generated three-dimensional models
to reflect shape-driven differences.

The resulting models (images of peanut pods) were processed using
statistical programming languages, specifically Orange 3.1.2. Images were
converted into image embeddings using Google’s Inception v3 model, pre-
trained on ImageNet. Machine learning techniques, including t-SNE,
Multidimensional Scaling (MDS), and Isomap, were applied for dimension
reduction. Manifold-based processing was completed in less than 1minute
on a desktop computer equipped with a 12th Gen Intel® Core™ i9-12900K
CPU @ 3.19 GHz.

The size-based Model-1 and shape-based Model-2 effectively simu-
lated inter- and intra-species clustering of peanut pods. The use of advanced
tools and machine learning techniques enabled rapid processing and
visualization of complex geometric traits, supporting the study’s analysis of
phenotypic diversity.
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Machine Learning Algorithm and Workflows
Raw datasets were processed using unsupervised learning techniques
implemented in a statistical programming language, specifically Orange
3.32.0 or R. The machine learning algorithms were executed on a personal
laptop equipped with an Intel Core Pentium i5 CPU @ 2.40 GHz and 8.00
GB RAM. Once the machine learning model was constructed, all tasks ran
concurrently, typically completing in less than 1minute.

Clustering analysis, including tree classification and hierarchical
clustering (HC), was used to rapidly establish relationships between objects,
with quantitative linkages (e.g., inter- and intra-cluster similarity) visualized
throughdendrograms andheatmaps. For data exploration and visualization
of high-dimensional data (e.g., UV-Vis spectrum, wavelength range
300–550 nm), an unsupervised non-linear dimensionality reduction tech-
nique, t-Distributed Stochastic Neighbor Embedding (t-SNE), was
employed. The t-SNE parameters were configured as follows: Perplexity
(1–500), Exaggeration (1–4), and PCA components (2–50).

Deep learning: Image Embedding and Cross Validation
To substantiate the hypothesis of geographically unique molecular
thumbprints encoded in peanut pod geometries, a visual analyticsworkflow
was developed in Orange Data Mining. This process began with the
importation of 6,500 pod images from diverse geographic origins using the
Import Images widget, where subfolder structures automatically designated
location-specific class labels. Subsequent transformation employed the
Image Embedding widget, leveraging pre-trained convolution neural net-
works such as InceptionV3 or ResNet50 to convert each image into a 2048-
dimensional feature vector. These vectors captured nuancedmorphological
variations potentially reflective of underlying molecular profiles, and the
resulting embeddings were organized into a Data Table for further analysis,
establishing a foundation for rigorous quantitative evaluation of geographic
distinctiveness.

Statistical robustness was ensured through comprehensive validation
techniques, including 10-fold cross-validation and leave-one-out cross-
validation within the Test & Score widget, applied to the embeddings using
classifiers like Random Forest, Support Vector Machines, and k-Nearest
Neighbours. Performancemetrics, such asmean accuracy and per-class F1-
scores, underscored the reliable predictive separation of origins (details in
Supplementary Fig. 10).

Statistics and reproducibility
All statistical analyses are described in the Methods section, with sig-
nificance defined as p < 0.05 (unless mentioned otherwise). Experimental
included at least three replicates, and results are reported as mean ± SD
(median as stated). To compare the means of two independent groups
(e.g., NMR-based traits), Student’s t-test was used. The hypothesis that
peanut pod geometry reflects unique regional molecular signatures was
tested using multivariate statistics combined with manifold learning.
Cultivation region (South; North; Northeast) was examined as the factor
and the four morphometric traits as outcomes in a one-way MANOVA
(see Methods, Supplementary Information). Region-specific effects were
pinpointed through follow-up univariate ANOVAs, trait links were
measured via Pearson correlations (with p-values and 95%CIs). Statistical
software used were G*Power 3.1.9.7, Orange Data Mining (3.39.0), and
OriginPro8.

Data availability
The image dataset of peanut pods analyzed in this study and the extracted
phenotypic trait data are publicly available in theGitHub repository: https://
github.com/pengwengkung/Complex-geometry-peanut.

Code availability
The Orange Data Mining workflow file (.ows) used for analysis is available
in the same GitHub repository: https://github.com/pengwengkung/
Complex-geometry-peanut.
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