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Abstract

Background Oil palm (Elaeis guineensis Jacq.) improvement relies on progeny testing, but
bunch performance is expressed only after several years of field growth, and oil-related traits
vary considerably even among genetically related progenies. Whether early-stage leaf
metabolism is associated with this variation is unknown. We therefore compared the spear
leaf metabolomes of top- and bottom-performing palms selected within the same biparental

CTroSses.

Results Unopened spear leaves (leaf 0) were collected from 36 palms, one top and one
bottom performer from each of 18 biparental crosses, and profiled by 'H NMR. Top-class
palms had higher mesocarp-to-fruit (+6.4%), oil-to-dry mesocarp (+4.4%) and oil-to-bunch
(+22.4%) ratios than bottom-class palms (all P <0.001). Of 123 metabolites identified, those
with the highest variable importance in projection (VIP) scores, including guanidinoacetic
acid, xylitol, methylguanidine, threonic acid and lysine, contributed to the class separation
seen in partial least squares discriminant analysis. Several metabolites correlated with oil-
related traits, notably L-arabitol (positively) and glutamine (negatively), but none remained
significant after false discovery rate (FDR) correction. Six pathways were enriched (FDR <
0.01), led by alanine, aspartate and glutamate metabolism (impact 0.849) and including
arginine biosynthesis, glyoxylate and dicarboxylate metabolism, and the TCA cycle. Five
metabolite ratios discriminated the classes (AUC 0.790-0.814), the best being [3-
hydroxyisovaleric acid/methylguanidine (AUC = 0.814) and guanidinoacetic acid/pimelic
acid (AUC = 0.800).

Conclusions Within biparental crosses, top- and bottom-performing palms differed in spear
leaf profiles involving carbon-conserving and nitrogen-related (amino acid and guanidino
compound) metabolism, a pattern consistent with coordinated carbon—nitrogen metabolism
supporting oil accumulation. The candidate metabolite ratios are leads for non-destructive
early selection, but the extreme-group design, the small sample size and the absence of FDR-
significant individual correlations mean that they must be validated in independent,

unselected populations and environments before use in breeding.

Keywords: Elaeis guineensis; '"H NMR metabolomics; Spear leaf; Metabolomics-assisted

breeding; Progeny testing; Carbon—nitrogen metabolism; Oil yield; Candidate biomarkers
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Background

Oil palm (Elaeis guineensis Jacq.) is the world's most productive oil-bearing crop and
supplies a major share of global demand for edible oils, cosmetics and industrial products [1].
As demand continues to rise, breeding programs are placing increasing emphasis on

secondary traits such as abiotic and biotic stress tolerance and enhanced nutritional content
[2].

Commercial oil palm breeding relies predominantly on reciprocal recurrent selection (RRS)
[3]. In RRS, elite parental lines are identified through progeny testing, in which the
performance of progenies from related crosses is used to estimate the breeding value of their
parents [1, 4]. Because the performance of an individual palm is confounded by environment
and age, comparing families that share ancestry allows additive and cross-specific genetic
effects to be separated, so that the most promising parental populations can be selected and
recombined to assemble the next cycle of planting material. In advanced breeding cycles,
progenies are typically expected to show cumulative genetic gains over previous generations.
However, field evaluation frequently reveals substantial phenotypic variation in yield-related
traits among individual progenies, even within closely related full-sib families grown under
similar environmental conditions [4-6]. Bunch performance is, moreover, expressed only
after several years of field growth, which lengthens each selection cycle [1]. This suggests
that considerable biological variation remains despite shared parentage and uniform field
management. We hypothesized that this phenotypic divergence is not dictated solely by

genetic variation but also reflects differences in functional metabolic regulation.

While genomics provides the biological blueprint of what a plant can do, the metabolome
integrates the outcomes of transcriptional regulation, enzyme kinetics and environmental
interactions [7, 8]. Because metabolomics captures these biochemical activities, it links
genetic background to complex agronomic traits and offers a closer representation of the
functional phenotype than genomic information alone [9—11]. In oil palm, metabolomic
approaches have increasingly been used to study fruit development, abiotic stress responses
and biomarker discovery, providing a functional framework for metabolomics-assisted

breeding.

Total oil yield in oil palm results from structural sink capacity (mesocarp-to-fruit ratio, M/F)
and biochemical efficiency (oil-to-dry mesocarp ratio, O/DM), which together determine the
oil-to-bunch ratio (O/B). Metabolomics has captured the functional state underlying these
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traits: sucrose and starch dynamics and organic acid remodeling have been proposed as early
predictors of high oil yield and are linked to high O/DM [12—14], whereas early mesocarp
development depends on active amino acid and organic acid metabolism [13, 15].
Maximizing lipid productivity further requires tight coordination between carbon and

nitrogen pathways [16].

Previous metabolomic studies in oil palm have predominantly sampled developing fruit or
mesocarp to study lipid biosynthesis [12, 14, 15, 17-19]. Such profiling gives valuable
retrospective insight into fruit ripening but is of limited use for predictive breeding, because
palms need several years to reach the reproductive phase. In addition, these studies typically
compare highly divergent genetic backgrounds, such as tenera versus pisifera fruit types [20],

which makes it difficult to separate metabolic drivers from genetic background effects.

This study addresses these gaps in two ways. First, we compared contrasting top and bottom
performers selected within each of 18 biparental crosses, which reduces genetic and
environmental background variation relative to comparisons among unrelated material.
Second, instead of mature fruit, we profiled unopened spear leaves as an early-stage proxy.
Based on the source—sink relationship, we hypothesized that the metabolic configuration of
these actively developing source tissues reflects the capacity of the palm to allocate resources
to the fruit sink. We therefore aimed to characterize the spear leaf metabolic differences
associated with superior oil accumulation and to evaluate whether they could provide a non-

destructive basis for metabolomics-assisted breeding in oil palm.

Results

Contrasting oil-related traits between performance classes

Top and bottom classes were defined within each cross from bunch performance data using
PROMETHEE multi-criteria decision analysis (Table 1; see Methods). Linear mixed-effects
models showed significant differences in bunch performance traits between the top and
bottom classes (Table 2). The oil-related traits O/DM, M/F and O/B showed notable
differences between the classes, with O/B showing the greatest difference (22.35%). The
correlation heatmap showed that the oil-related traits, particularly M/F, O/DM and O/B, were

significantly intercorrelated (Fig. 1).
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Table 2 Statistical comparison of bunch performance traits between top- and bottom-performing oil

palm progenies

Bunch performance class

Trait A (Top — Bottom) % difference P-value
Top Bottom
F/B 65.687 64.546 1.141 1.768 0.024
M/F 82.140 77.176 4.964 6.432 <0.001
K/F 6.405 7.666 —1.261 —16.449 <0.001
K/B 4.204 4.959 —0.755 —15.225 <0.001
S/F 11.480 15.175 —3.695 —24.349 <0.001
O/DM 75.834 72.608 3.226 4.443 <0.001
O/B 27.786 22.71 5.076 22.351 <0.001

F/B, fruit-to-bunch ratio; M/F, mesocarp-to-fruit ratio; K/F, kernel-to-fruit ratio; K/B, kernel-to-bunch ratio;
S/F, shell-to-fruit ratio; O/DM, oil-to-dry mesocarp ratio; O/B, oil-to-bunch ratio. Bold rows are the primary oil-
determining traits, which were weighted three-fold in the PROMETHEE analysis. Mean value of bunch
performance traits in percentage and based on model estimation. P < 0.05 was considered significant.
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Fig. 1 Pearson correlation matrix of bunch performance traits across the evaluated oil palm progenies.
The heatmap shows correlation coefficients (#) between traits; positive correlations are shown in red
and negative correlations in blue. Asterisks denote significance (* P < 0.05; ** P <0.01). Trait
abbreviations are defined in Table 2.

Metabolomic profiling overview

A total of 123 metabolites were identified in the spear leaf samples. After filtering each class
to include only metabolites with zero values in no more than 70% of the total samples, we
identified 44 metabolites in the top-performing class and 32 in the bottom-performing class
(Additional file 1). PLS-DA showed separation between the top and bottom classes, although

with minor overlap (Fig. 2a).



I class o/ Clase
Biplot trans-Ferulic Acid ' Bottom
- 0.4 Top
050 L-Ornithine
- - L-Proline 02
A g D-Mannose 0
//' \ Glycolic Acid 02
/ R Glyceric Acid 04
[ N beta-Hydroxyisoval ’
0.25 t ® A Lactate 0.6
| D Ascorbic Acid
\ D-Fructose

ine
Medivotendoe 3-Hydroxyphenyl Ac
2} Guanidinoacetic Acid % .yp Y
i \ L-Glutamine
Acetoacetate) [] Bottom 2-Hydroxybutyric A
\ (8] Top Cytosine

L-Arabllolt‘ L-Lysine

Component2 (10.2%)

1 Glutaric Acid

saqic Acid Acetoacetate

Acetic Acid

_Bictose Homovanillic Acid

> Threonic Acid
__Ascorbic Acid L-Arabitol

= Xylitol

Pimelic Acid

Methylguanidine
Guanidinoacetic Ac

0.00 0.25
Component1 (11.7%)

(a) (b)

116  Fig. 2 Multivariate analysis of spear leaf metabolic profiles of top- and bottom-performing oil palm
117  progenies. (a) PLS-DA score plot showing class separation. (b) Hierarchical clustering heatmap of
118  differentially accumulated metabolites.

119  The heatmap (Fig. 2b) showed that the top-performing class was characterized by higher
120  levels of simple sugars (D-fructose and D-mannose), sugar alcohols (xylitol and L-arabitol),
121 amino acids (L-proline and L-lysine) and antioxidants such as ascorbic acid and threonic
122 acid. Conversely, the bottom-performing class showed relatively higher levels of organic
123 acids (glycolic, glutaric and acetic acid), homovanillic acid and the amino acid L-ornithine.
124 The metabolites contributing most to class separation (VIP > 1) were guanidinoacetic acid,
125  acetoacetate, xylitol, 2-hydroxybutyrate, 3-hydroxyphenylacetic acid, methylguanidine,

126  arabitol, homovanillic acid, threonic acid and lysine (Fig. 3).
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Fig. 3 Top-ranked discriminative metabolites contributing to class separation, based on variable

importance in projection (VIP) scores (> 1.0).

Metabolite—trait associations

Homovanillic acid showed the strongest negative correlation (» = —0.488, P = 0.0014),

whereas L-arabitol (» = 0.371, P = 0.018) and D-fructose (» = 0.338, P = 0.033) were

positively correlated with M/F. Glutamine was negatively correlated with M/F (r = —0.333, P

= 0.035).

For O/DM, glutamine showed the strongest negative correlation (» = —0.446, P = 0.0039),
followed by acetic acid (» =—0.427, P = 0.0060) and glutaric acid (» = —0.406, P = 0.0093).
By contrast, L-arabitol was positively correlated with O/DM (r = 0.404, P = 0.0097), as were
isoleucine (» = 0.360, P = 0.0226) and a-ketoisovaleric acid (» = 0.359, P = 0.0227).

Metabolites associated with amino acid metabolism, including glutamine, isoleucine and a-

ketoisovaleric acid, were among the strongest correlates of O/DM.

For O/B, glutaric acid (» = —0.393, P =0.0122), pimelic acid (» =—-0.381, P =0.0153), acetic
acid (r =—0.379, P=0.0157) and glutamine (» = —0.364, P = 0.0208) were negatively
correlated, whereas L-arabitol (» = 0.375, P = 0.0172), methylguanidine (» = 0.361, P =
0.0220), D-fructose (» = 0.342, P = 0.0306) and xylitol (» = 0.336, P = 0.0338) were

positively correlated. Ascorbic acid was also positively correlated with O/B (r=0.317, P =

0.0465), and threonic acid showed a similar trend that did not reach nominal significance (» =
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0.309, P=0.0525) (Fig. 4). None of these correlations remained significant after FDR
adjustment (FDR > 0.05).
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Fig. 4 Associations between metabolite abundances and oil-related bunch traits: (a) M/F, (b) O/DM
and (c) O/B. Pearson correlations are unadjusted for multiple testing; none remained significant after
FDR adjustment.

Across the three oil-related traits, several metabolites showed consistent patterns. L-arabitol
was positively associated with M/F, O/DM and O/B, whereas glutamine was negatively
associated with all three. D-fructose was positively associated with M/F and O/B, whereas
1soleucine and a-ketoisovaleric acid, which are related to branched-chain amino acid
metabolism, were associated specifically with O/DM (Fig. 4). These recurring patterns
suggest coordinated changes in carbon and nitrogen metabolism accompanying variation in

mesocarp development and oil accumulation among the progenies.

Metabolite set enrichment analysis (MSEA)

MSEA showed that both performance classes were significantly enriched in the primary
metabolite classes carboxylic acids and derivatives, fatty acyls, hydroxy acids and
derivatives, and keto acids and derivatives (FDR < 0.05; Table 3), with carboxylic acids and
derivatives the most strongly enriched in both. Organooxygen compounds were enriched in
the top-performing class only (nine hits, FDR = 2.20 x 10~®) and not in the bottom-
performing class (three hits, FDR = 0.989).
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Table 3 Metabolite set enrichment analysis (MSEA) of spear leaf metabolic profiles in top- and
bottom-performing oil palm progenies

Matched metabolites (hits) FDR
Metabolite class
Top Bottom Top Bottom

Carboxylic acids and derivatives 12 11 6.74 x 107° 2.77 x107°
Fatty acyls 11 10 6.91 x 1077 3.26 x 1077
Hydroxy acids and derivatives 4 3 1.95x10°° 1.32 x 107
Organooxygen compounds 9 3 220x10°° 0.989
Keto acids and derivatives 3 2 1.99 x 107* 0.017
Phenol esters 1 | 0.638 0.803
Dihydrofurans 1 0 1 -
Azoles 1 0 1 -
Organonitrogen compounds 1 0 1 —
Benzene and substituted

S 1 0 1 1
derivatives
Phenols 0 | - 1

FDR, false discovery rate. A dash indicates that no value was obtained.

Pathway enrichment analysis

Pathway enrichment analysis mapped the identified metabolites to six significantly enriched
metabolic pathways (FDR < 0.01; Table 4). Alanine, aspartate and glutamate metabolism was
the most significantly enriched (FDR = 8.78 x 1077) and had the highest pathway impact
(0.849). Other amino acid-related pathways were also enriched: arginine biosynthesis (FDR =
1.92 x 107°; impact = 0.458), glycine, serine and threonine metabolism (FDR = 1.38 x 107%;
impact = 0.324) and arginine and proline metabolism (FDR = 5.10 x 10~%; impact = 0.507).
Central carbon metabolism was represented by glyoxylate and dicarboxylate metabolism
(FDR = 6.22 x 107°; impact = 0.282) and the citrate cycle (TCA cycle; FDR =2.40 x 1073;
impact = 0.291).

Table 4 Enriched metabolic pathways associated with bunch performance variation in the studied oil
palm progenies

No. Metabolic pathway FDR Pathway impact
1 Alanine, aspartate and glutamate metabolism 8.78 x 1077 0.849
2 Arginine biosynthesis 1.92 x 1073 0.458
3 Glyoxylate and dicarboxylate metabolism 6.22 x 1073 0.282
4 Glycine, serine and threonine metabolism 1.38 x107* 0.324
5 Arginine and proline metabolism 5.10x 1073 0.507
6 Citrate cycle (TCA cycle) 2.40 x 1073 0.291

FDR, false discovery rate.
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Candidate metabolite-ratio biomarkers

ROC analysis was used to assess how well metabolite ratios distinguish the two performance
classes. The top-ranked ratios had AUC values of 0.790-0.814 (Table 5; Fig. 5). -
Hydroxyisovaleric acid/methylguanidine had the highest AUC (0.814), followed by

guanidinoacetic acid/pimelic acid (0.806). The remaining top-ranked ratios were acetic

acid/guanidinoacetic acid, glycolic acid/threonic acid and glutaric acid/guanidinoacetic acid,

with AUC values of 0.790 or higher (Table 5). Several of the metabolites making up these

ratios were also highlighted by earlier analyses: guanidinoacetic acid and methylguanidine

were among the VIP-ranked metabolites, and acetic, glutaric and pimelic acids were among

the metabolite—trait correlates.

Table 5 Top-ranked metabolite-ratio candidate biomarkers for discriminating bunch performance

classes in oil palm progenies

No. Metabolite ratio (candidate biomarker) AUC P-value

1 B-Hydroxyisovaleric acid/methylguanidine 0.814 1.03 x 107
2 Guanidinoacetic acid/pimelic acid 0.806 1.87 x107*
3 Acetic acid/guanidinoacetic acid 0.793 3.68 x 107
4 Glycolic acid/threonic acid 0.793 7.17 x 107
5 Glutaric acid/guanidinoacetic acid 0.790 4.85x10™*

AUC, area under the receiver operating characteristic curve.

3Hydroxytsovaleric acidMethyiguanidine

Guanidvacetic asidPimelc acid

(a) (b) () (d) (e)
Fig. 5 Distribution and ROC performance of candidate metabolite-ratio biomarkers distinguishing
top- and bottom-performing oil palm progenies: (a) B-hydroxyisovaleric acid/methylguanidine; (b)
guanidinoacetic acid/pimelic acid; (c) acetic acid/guanidinoacetic acid; (d) glycolic acid/threonic acid;
(e) glutaric acid/guanidinoacetic acid.
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Discussion

This study compared the spear leaf metabolomes of top- and bottom-performing palms
selected within 18 biparental crosses. The two classes differed in oil-related bunch traits
(Table 2) and in spear leaf metabolite profiles involving carbon-conserving and nitrogen-
related pathways (Tables 3 and 4), and several metabolite ratios discriminated between them
(Table 5). We discuss these findings in terms of metabolic divergence among related
progenies, carbon channeling, nitrogen buffering and carbon—nitrogen (C—N) coordination,

and we consider the limitations of the study design.

Metabolic divergence among progenies from the same crosses

Although the top and bottom palms originated from the same biparental crosses and were
grown in the same progeny trial, they differed markedly in mesocarp proportion (M/F) and
oil-to-bunch ratio (O/B) (Table 2). Progeny of a biparental cross is not genetically identical,
because alleles segregate within families, so part of this gap is expected to be genetic.
However, the within-cross design reduces genetic and environmental background variation
relative to comparisons among unrelated material, and the breadth of the metabolic
differences observed suggests that regulatory and metabolic processes also differ between the
classes. Genomic data establish the biological potential of a palm, but they do not capture the
epigenetic, post-transcriptional or enzymatic flux differences that actively drive tissue
development [21]. The metabolome is therefore a useful functional readout [22-24], showing

how related genotypes can be translated into different agronomic outcomes.

This divergence is evident in the separation of the top and bottom classes in the PLS-DA and
heatmap models (Fig. 2a, b). If yield variation were attributable to a single, isolated genetic
change, only localized changes in a few downstream metabolites would be expected. Instead,
VIP analysis (Fig. 3) identified a broad range of discriminatory metabolites spanning several
biochemical classes, which suggests that contrasting bunch performance is associated with

coordinated metabolic differences rather than with a single biochemical pathway [11, 25, 26].

The observed metabolomic divergence suggests that top progenies may maintain a
physiological state that is more favorable to oil accumulation, through more efficient
metabolic flux, energy partitioning and stress responses, whereas bottom progenies may be

subject to regulatory constraints that limit large-scale lipid accumulation [27, 28].

11
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Carbon—nitrogen networks and mesocarp sink strength

PLS-DA and VIP analyses identified distinct metabolic signatures in the top and bottom
progenies, and metabolite—trait correlations related these leaf-level differences to variation in
the key oil-related traits (M/F, O/DM and O/B), although these correlations did not remain
significant after FDR adjustment. This relationship is physiologically plausible in the context
of source—sink dynamics: the unopened spear leaf, as a metabolically active source tissue,
reflects the physiological and genetic status of the palm and may therefore influence resource

allocation and the lipid biosynthetic capacity of the fruit sink.

Carbon channeling and carbon conservation

Although the central role of carbon metabolism in lipid biosynthesis is well established, the
present data suggest that a key distinction between top and bottom progenies may be the
efficiency of metabolic channeling rather than biosynthetic capacity alone. Given the shared
parentage within each cross, the lower M/F and O/DM of bottom progenies may result from a
regulatory bottleneck. Top progenies may possess greater sink strength in the developing
mesocarp, which was not profiled here [29, 30], converting imported sucrose rapidly and
continuously into lipid precursors [31]. This could prevent biochemical bottlenecks and
sustain a strong concentration gradient that facilitates the movement of resources from source

tissues into the fruit [32—-34].

The enrichment of the TCA cycle and of glyoxylate and dicarboxylate metabolism (Table 4)
is consistent with enhanced sink utilization. Enrichment of glyoxylate and dicarboxylate
metabolism may reflect a strategy of carbon conservation: unlike the standard TCA cycle, in
which carbon is lost as CO:, the glyoxylate shunt and dicarboxylate pathways bypass
decarboxylation steps and conserve carbon skeletons [35-39]. Top progenies might therefore
reduce respiratory carbon loss and optimize the conversion of sugars into the acetyl-CoA

pool required for de novo fatty acid synthesis.

In contrast, the lower O/DM and M/F of bottom progenies may reflect metabolic inefficiency.
Without effective channeling mechanisms, imported carbon may encounter biochemical
bottlenecks, and poor coordination of central carbon flux may impede sustained lipid
accumulation in the mesocarp [27]. Carbon could be lost through increased respiratory
activity [40, 41] or redirected into alternative structural sinks such as cell wall biosynthesis

[42, 43], which is associated with reduced starch accumulation [44]. These findings suggest

12
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that enhanced bunch productivity may depend not only on the up-regulation of lipid synthesis

genes but also on a tightly regulated carbon economy that minimizes metabolic waste [45].

Nitrogen buffering and sink longevity

Although carbon forms the basis of oil formation, active lipid accumulation places a heavy
demand on the enzymatic systems of the cell. Continuous fatty acid synthesis requires rapid
turnover of metabolically expensive protein complexes such as acetyl-CoA carboxylase
(ACCase) and fatty acid synthase (FAS) [46]. The duration and strength of oil deposition,
known as sink longevity, are therefore closely controlled by the ability of the plant to
maintain nitrogen homeostasis [47, 48]. The negative association of glutamine with oil-
related traits, together with the enrichment of alanine, aspartate and glutamate metabolism
and of glycine, serine and threonine metabolism (Table 4), suggests a flexible nitrogen
network in high-performing palms [49-51]. Rather than consuming imported nitrogen, top
progenies may convert and reassign amino acids to meet the demands of the enzymatic

systems required for ongoing lipid synthesis.

Guanidino-related compounds, namely guanidinoacetic acid and methylguanidine, were
repeatedly identified as candidate biomarkers. Their physiological roles are well described in
animal energy metabolism, but their functions in plant storage tissues remain poorly
characterized. Because they are derivatives of arginine, as shown mainly in animal studies
[52-55], their accumulation may provide mechanistic information. It has been suggested that
guanidino compounds may act as a concentrated, dynamic nitrogen store that temporarily
holds excess nitrogen while keeping an accessible supply for rapid enzyme regeneration [55,
56]. Furthermore, a large influx of carbon into lipid biosynthesis can cause considerable
cellular stress, with accumulation of reactive oxygen species (ROS) [57—-61]. In several plant
systems, amino acid metabolism, particularly of arginine and its downstream polyamine and
guanidino derivatives, acts as a metabolic buffer that helps reduce abiotic stress [62—64]. The
presence of these guanidino biomarkers in top progenies suggests that these palms may be
better able to buffer both cellular stress and nitrogen limitation, although this remains to be

tested.

Carbon—nitrogen coordination

Lipid synthesis serves not only as a mechanism for carbon storage but also as a significant
physiological stress test that requires precise coordination between energy production and

cellular maintenance [65, 66]. The carbon channeling and conservation described above
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depend on complementary processes, and the nitrogen reservoirs and buffering systems
described above may act as counterbalances to the substantial carbon demand. In integrated
C—N networks, efficient carbon metabolism generates the ATP and reducing power required
for nitrogen assimilation [65], while an adequate nitrogen supply maintains the enzymatic

activity needed for continued carbon flow into oil synthesis.

The integration of the MSEA and pathway analyses is consistent with this coordination.
Concurrent enrichment of the TCA cycle, glyoxylate and dicarboxylate metabolism and
interconnected amino acid pathways (glutamate, aspartate and arginine) points to the nodes at
which carbon and nitrogen metabolism communicate. In oil palm mesocarp, higher oil yield
correlates with increased expression of genes involved in glycolysis, the TCA cycle and
acetyl-CoA production, indicating that central carbon metabolism actively supports lipid
synthesis rather than serving as a passive background process [45]. In addition, coexpression
analysis links fatty acid synthesis with starch turnover and carbon recapture pathways,
showing that oil accumulation is coordinated with carbon conservation or redirection
mechanisms [67]. These pathways also generate the a-keto acid backbones, such as a-
ketoglutarate and oxaloacetate, that are required for the assimilation of nitrogen into
glutamine and aspartate, thereby linking carbon availability directly with nitrogen
metabolism [68, 69]. This integration could enable top progenies to direct excess nitrogen
efficiently into storage as a buffer, whereas bottom progenies might show decoupled C—N
metabolism, leading to carbon inefficiency, nitrogen depletion and an early developmental

bottleneck that impedes oil accumulation.

Taken together, these observations support a working model of coordinated C—N metabolism
(Fig. 6) in which carbon channeling and nitrogen buffering operate as a linked system rather
than as isolated pathways. Central carbon flux provides the acetyl-CoA precursors for lipid
biosynthesis, whereas nitrogen-buffering networks sustain the enzymatic activity and
structural integrity required for continuous mesocarp development. Sufficient carbon
availability would support enzyme maintenance, and efficient nitrogen recycling would
prevent metabolic bottlenecks, contributing to the high O/B observed in top progenies. This

model is a hypothesis generated from correlative data and requires direct testing.
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Fig. 6 Conceptual framework for metabolic divergence and C—N coordination associated with bunch
performance in oil palm progenies from shared parentage.

Metabolite-ratio biomarker candidates

Plant metabolomics is increasingly used to identify biomarkers that link metabolic states to
crop traits, stress responses, cultivar identity and bioactivity [70-72]. Biomarker pairs
selected according to their metabolic pathways can reveal the balance, interactions and shifts
between connected pathways, while also reducing sample-to-sample analytical variability
[11, 73—75]. In this study, ROC analysis identified five candidate metabolite ratios with AUC
values of 0.790-0.814 (P < 0.001), which is consistent with a link between coordinated

carbon—nitrogen metabolism and oil palm productivity.
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332 The composition of the top-ranked pairs fits the proposed model. Acetic, glutaric and pimelic
333  acids are paired with guanidinoacetic acid, an arginine-derived guanidino compound

334 implicated in nitrogen recycling. The highest-ranking pair, B-hydroxyisovaleric

335  acid/methylguanidine (AUC = 0.814), links an intermediate of leucine catabolism, which
336  feeds into acetyl-CoA and the TCA cycle, with a nitrogen compound derived from arginine.
337  The prominence of such cross-pathway pairs suggests that balanced carbon partitioning and
338  nitrogen utilization, rather than lipid production alone, may be important for bunch

339  performance, with lower-performing palms showing a metabolic mismatch.

340  The glycolic acid/threonic acid ratio points to a possible protective dimension of the proposed
341  mechanism. Glycolic acid is an intermediate of the glyoxylate and photorespiratory

342  pathways, which are relevant to carbon conservation. In contrast, threonic acid is a

343 recognized breakdown product of ascorbic acid [76—78] and may indicate oxidative stress and
344  antioxidant depletion under conditions of high metabolic demand [78]. The discriminatory
345  value of this ratio suggests that the capacity to balance carbon recovery with protection

346  against oxidative damage may be important for mesocarp longevity and sink capacity.

347  These metabolite ratios may therefore provide insight into cellular efficiency as well as
348  serving as statistical indicators. Monitoring the balance between carbon utilization and
349  nitrogen protection could be a useful strategy for identifying high-performing progenies,

350 provided that the ratios are validated as discussed below.

351  Limitations and outlook

352 Several limitations should be considered. First, palms were selected as the top and bottom
353  performers within each cross, an extreme-group design that increases the contrast between
354  the classes and can inflate discrimination metrics such as AUC relative to what would be
355  expected in unselected populations. Second, the study comprised 36 palms from a single

356  progeny trial sampled at a single time point, and the metabolite—trait correlations did not
357  remain significant after FDR adjustment. The metabolite ratios were ranked and evaluated in
358 the same dataset, and no independent validation set was used. Third, only spear leaves were
359  profiled, so statements about mesocarp sink strength are inferences. The study therefore

360 identifies associations rather than demonstrating prediction or causation. Future work should
361 test the candidate ratios in independent, unselected progenies across environments and

362  generations and combine leaf profiling with mesocarp measurements.
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Conclusions

Within biparental crosses, top- and bottom-performing oil palm progenies differed in spear
leaf metabolite profiles as well as in oil-related bunch traits. The differences involved carbon-
conserving pathways (glyoxylate and dicarboxylate metabolism, TCA cycle) and nitrogen-
related metabolism (alanine, aspartate and glutamate metabolism; arginine-derived guanidino
compounds), which is consistent with a model in which coordinated carbon—nitrogen

metabolism supports oil accumulation.

Metabolite ratios such as B-hydroxyisovaleric acid/methylguanidine and guanidinoacetic
acid/pimelic acid discriminated the two classes (AUC 0.790-0.814) and are candidate
markers for non-destructive early selection using spear leaves rather than fruit. Because of the
extreme-group design, the small sample and the absence of FDR-significant individual
correlations, these markers need validation in independent, unselected populations, across

environments and across generations before they can be applied in breeding programs.

Methods

Plant material and sampling

Plant material was collected from an advanced-cycle oil palm progeny trial at the RB03S
Experimental Station, Rambutan Estate, PT Perkebunan Nusantara III (PTPN III), North
Sumatra, Indonesia. To minimize developmental bias, unexpanded spear leaves (leaf 0) were
sampled from 36 palms age 12 year after planting, representing 18 crosses (Table 1). In each
cross, the palms with the highest (top class) and lowest (bottom class) bunch performance
were selected based on historical progeny evaluation data. Immediately after collection, the

spear leaves were quenched in liquid nitrogen and stored at —80 °C until analysis.
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Table 1 Oil palm progenies selected for metabolic profiling from the RB03S progeny trial

Cross Top-performer Bottom-performer
(field ID) (field ID)

Cross 01 30-21 44-16

Cross 02 11-8 32-12

Cross 03 33-23 49-1

Cross 04 30-9 39-16

Cross 05 10-9 37-23

Cross 06 53-16 40-22

Cross 07 26-4 26-2

Cross 08 38-18 43-10

Cross 09 18-4 50-14

Cross 10 13-1 49-6

Cross 11 28-7 50-22

Cross 12 31-18 31-20

Cross 13 21-24 47-20

Cross 14 8-12 9-12

Cross 15 40-25 15-20

Cross 16 27-21 34-14

Cross 17 13-28 63-12

Cross 18 60-6 3-4

Performance classes were determined from the bunch performance traits F/B, M/F, K/F, K/B, S/F, O/DM and
O/B using PROMETHEE multi-criteria decision analysis. In total, 36 palms (18 per class) were sampled.
Metabolite extraction and "H NMR profiling

Metabolites were extracted using a modified biphasic solvent system of
methanol:chloroform:water (2:0.8:1, v/v/v) [79]. For each sample, frozen tissue was ground
to a fine powder in liquid nitrogen, and the extraction solvent was added at 10 times the
sample mass. The mixture was macerated overnight on an orbital shaker at 150 rpm and then
filtered. The filtrate was concentrated using a rotary vacuum evaporator to obtain the crude

extract.

For NMR analysis, 50 mg of crude extract was dissolved in 1 mL of deuterated chloroform
(CDCls; Merck-Sigma, USA) containing 0.03% (v/v) tetramethylsilane (TMS) as an internal
standard. The mixture was vortexed for 1 min, sonicated for 5 min and centrifuged at 5,000
rpm for 5 min, and the supernatant was transferred into a standard NMR tube. Proton (*H)
NMR spectra were acquired on a JEOL INM-ECZR spectrometer (Tokyo, Japan) operating
at a proton frequency of 500 MHz. Acquisition parameters included 128 scans, with water

suppression applied to the residual CDCls signal at 7.24 ppm.
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NMR data processing and metabolite identification

Raw "H NMR spectra were processed using MestReNova software (version 14.3, Mestrelab
Research), including automatic Fourier transformation, phase correction and baseline
adjustment [80, 81]. Chemical shifts were calibrated against the TMS signal at 0.0 ppm.
Metabolites were identified and quantified from the deconvoluted spectra using the ASICS
(Automatic Statistical Identification in Complex Spectra) package in R [82], which performs

automated spectral deconvolution based on reference libraries.

Phenotypic evaluation and classification

Individual phenotypic rankings were established from bunch analysis data collected during
the progeny trials. The evaluated traits were fruit-to-bunch (F/B), mesocarp-to-fruit (M/F),
kernel-to-fruit (K/F), kernel-to-bunch (K/B), shell-to-fruit (S/F), oil-to-dry mesocarp (O/DM)
and oil-to-bunch (O/B) ratios. To stratify each palm into the top or bottom performance class
within its cross, multi-criteria decision analysis (MCDA) was applied using the
PROMETHEE method [83]. The primary oil-determining traits (M/F, O/DM and O/B) were

assigned a weight three times greater than the other traits.

Differences in bunch performance traits between the top and bottom classes were assessed
with linear mixed-effects models fitted by restricted maximum likelihood (REML).
Performance class (top vs. bottom) was included as a fixed effect and cross as a random
effect to account for family-level variance. Fixed effects were tested using the Kenward—
Roger approximation for degrees of freedom. A correlation heatmap was constructed to

visualize trait-to-trait associations. Phenotypic tests were considered significant at P < 0.05.

Multivariate metabolomics and biomarker analysis

The quantified metabolite data matrix was sum-normalized and Pareto-scaled before
statistical modeling in MetaboAnalyst 6.0 [73]. PLS-DA was used to classify samples and
visualize the global metabolic divergence between top and bottom progenies. VIP scores and
hierarchically clustered heatmaps were generated to identify the metabolites that most

strongly discriminated the groups.

To link metabolomic profiles with phenotypic outcomes, metabolite—trait associations were
evaluated using Pearson's correlation analysis (two-tailed, P < 0.05). MSEA and pathway
analysis were performed to identify biochemical networks associated with bunch
performance, using the Kyoto Encyclopedia of Genes and Genomes (KEGG) reference

database. Significant pathways were selected based on an impact score > 0.1 and FDR < 0.05.
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Finally, ROC curve analysis, together with VIP scores, was used to evaluate the robustness of

candidate biomarkers for high oil yield traits.
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