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Abstract
This study elucidated the dendrogenomic growth mechanisms in the critically endangered endemic Mexican spruces Picea martinezii and P. mexicana by: (i)
analyzing family- and population-level variations in seedling basal diameter (D), height (H) and seed weight (SW) after 12 months of growth under common
garden conditions; and (ii) identifying genomic loci (SNPs) associated with these traits through genotyping-by-sequencing (GBS). Despite limited sample
sizes (77 and 74 families representing all known populations of both species), we identified 32 and 10 outlier SNPs yielding 17 and six annotated candidate
genes in P. martinezii and P. mexicana, respectively. These genes showed contrasting multivariate associations suggesting species-specific growth
regulation: defense-oriented in P. martinezii and plasticity-driven in P. mexicana. Notably, several candidate genes encode key components of growth hormone
pathways, including a gibberellin-regulated protein, a cytokinin hydroxylase and the AP2-like transcription factor ANT, providing direct mechanistic links
between genetic variation and hormonal control of cell proliferation and organ size. Integration of these findings with the contrasting demographic histories
of both species revealed that population bottlenecks enhance the detectability of growth-associated variants by reducing background genetic variation.
These genomic resources provide actionable information for prioritizing conservation measures, implementing assisted gene flow to maintain adaptive
potential under climate change and designing future breeding programs. With 80.9–99.6% sequence identity to conserved Picea abies homologs, these
findings may extend across the genus.

Background
Plant growth is the irreversible increase in size that occurs through the combination of cell division, cell enlargement and cellular specialization. This
fundamental, complex process is influenced by environmental (mainly light, water, CO2, temperature, nutrients and hormones) and genetic factors [1].

However, genetic factors overwhelmingly determine intra and particularly interspecific variability in tree growth traits, while environmental factors explain a
comparatively small proportion of such variability [2].

Dendrogenomics is an emerging interdisciplinary field that integrates dendrology, genetics and genomics to study the biological processes underlying wood
formation and tree adaptation. While often associated with the analysis of mature tree rings, this field inherently encompasses fundamental tree-growth
traits, which provide the phenotypic basis connecting environmental variation with genomic information [3]. Recent advances in genotyping large numbers of
trees have made it increasingly possible to link genetic variation to specific growth-related phenotypes, even at early developmental stages [4].

The study of early tree growth is particularly important in forest genomics, as juvenile traits often serve as early indicators of long-term productivity and
climate resilience [5]. Genome-wide association studies (GWAS) have identified key loci associated with seedling height and early biomass accumulation in
conifers such as Douglas-fir [6], Pinus ponderosa [6], Taxus baccata [7] and Picea crassifolia [8]. Furthermore, genomic markers linked to early growth and
physiological traits have been demonstrated in Picea koraiensis [9]. These findings underscore the potential of evaluating genomic variation at early
developmental stages to accelerate conservation and selection efforts.

Dendrogenomic approaches have also revealed relationships between genetic variation and drought-induced dieback in Nothofagus dombeyi [10], adaptive
capacity in Abies marocana forests [11] and responses to climatic stress in Larix sibirica [12] and Pinus sibirica [13]. Recently, Segura-Sanchez et al. [14]
demonstrated genomic mechanisms of resilience in Picea martinezii. Notably, Chen et al. [15] conducted the largest (to date) genome-wide association study
for a tree species (Picea abies), emphasizing the importance of evaluating early growth for genomic selection and designing conservation strategies.

The genus Picea comprises 37 species distributed across the Northern Hemisphere, with major diversity centers in eastern Asia, North America and Europe
[16]. Genomic analyses have been conducted on numerous Picea species, driven by the ecological and economic importance of each, including P. abies, P.
glauca, P. sitchensis, P. engelmannii, P. crassifolia, P. mariana, P. martinezii and P. mexicana [17, 8, 18, 14]. Mexico harbors three endemic spruce species
representing the southernmost distribution of the genus [19]. Among these, P. martinezii and P. mexicana represent genetically distinct evolutionary lineages
[16] whose limited distributions have led to some conservation concern. The species occur in contrasting elevational zones: P. martinezii occurs at mid-
elevations (1,820–2,515 m; four populations, ~ 89,266 individuals, 157 ha in total) within the Sierra Madre Oriental, and P. mexicana occurs at high elevations
(3,096–3,528 m; three populations, ~ 39,059 individuals, 173 ha in total) within the Sierra Madre Occidental and Oriental [19]. Both species are listed as
endangered [20] and face ongoing pressures from fire, logging, habitat degradation and climate change [19, 14]. Mendoza-Maya et al. [21] analyzed the
relationship between genetic diversity, population size and reproductive traits, reporting a positive correlation between population size and seed development
and indicating that individual genome-wide heterozygosity was linked to seed traits in P. martinezii.

The present study aimed to elucidate the genomic growth mechanisms in P. martinezii and P. mexicana for the first time as follows: (i) by analyzing family-
and population-related variations in seedling basal diameter (D) and height (H) after 12 months of growth under common garden conditions, representing
early phenotypic growth traits, as well as seed weight (SW), a phenotypic maternal provisioning trait known to influence early tree growth [22]; and (ii) by
identifying genomic loci (SNPs) associated with variations in D, H and SW through genotyping-by-sequencing (GBS). We hypothesized that the combined
analysis of tree growth and genomic data will facilitate identifying biologically plausible candidate genes involved in tree-growth processes [3].

Materials and methods

Seed collection
Seeds and foliar tissue of Picea martinezii and Picea mexicana were collected from wild populations by the working group of Christian Wehenkel, Instituto de
Silvicultura e Industria de la Madera (ISIMA), Universidad Juárez del Estado de Durango (UJED), Mexico under the corresponding permits issued by the
Secretariat of Environment and Natural Resources, Mexico (SEMARNAT permit SGPA/DGVS/008797/18) and complied with Mexican environmental
legislation and UJED institutional guidelines. Formal taxonomic identification was performed by Dr. Christian Wehenkel [20] using standard keys for Mexican
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spruces. Voucher specimens were deposited in the Herbarium of the Centro Interdisciplinario de Investigación para el Desarrollo Integral Regional (CIIDIR),
Instituto Politécnico Nacional (IPN), Durango, Mexico. The deposition numbers for P. martinezii 67981–67984 and for P. mexicana 66539–66558 identified by
Maria Socorro Gonzalez Elizondo.

Seeds were collected from all four documented populations of Picea martinezii Patterson, encompassing a broad range of effective population sizes (Ne),
from very small populations (Ne = 55∼99) to a large population (Ne = 2,455), as reported by Mendoza-Maya [21], these populations are located in the Mexican
state of Nuevo León, growing at 1,820–2,515 m elevation, with a mean annual temperature of 13.5°C and annual precipitation of 788 mm. On the other hand,
we sampled the three reported populations of Picea mexicana Martínez with Ne ranging from 225 to 1,773 [21]. These populations are distributed across the
states of Chihuahua (one population) and Coahuila (two populations) at elevations between 3,096 and 3,528 m, with a mean annual temperature of 9.3°C and
annual precipitation of 858 mm (Fig. 1). Within each population, 12–30 dominant, phenotypically healthy trees were randomly selected, and 50–250 cones
per tree were harvested during autumn 2018. This sampling yielded adequate seed quantities for genotyping and common garden trials, resulting in 92 P.
martinezii and 87 P. mexicana paternal families [23].

Seed processing and phenotypic measurements
The phenotypic seedling dataset analyzed here is identical to that used in [20], where variance components and heritability were estimated using classical
quantitative genetic approaches without molecular markers: a common garden experiment was established in May 2019 at a nursery in El Salto, Pueblo
Nuevo, Durango, Mexico (23°47′11.72″ N, 105°21′55.18″ W; elevation of 2,580 m). The experimental site has a mean annual temperature of 11.2°C and a
mean annual precipitation of 1,050 mm. This site is geographically and climatically intermediate between the native ranges of both species. These neutral
common garden conditions allowed assessment of genetic effects on growth and survival independent of local environmental adaptation. The experiment
continued until May 2020 (12 months).

A total of 5,548 seeds were sown for phenotypic evaluation from 92 P. martinezii and 87 P. mexicana parental trees (named hereafter “families”). Seed weight
was determined as the weight of 1000 seeds (SW) per parental tree using an analytical balance (± g; Velab VE-5000H, Mexico), following [20]. Prior to sowing,
seeds were surface-sterilized in 2% (v/v) hydrogen peroxide for 24 h and then sown individually in 170 cm³ plastic tubes containing a substrate mixture of
60% peat moss, 20% perlite, and 20% vermiculite, supplemented with 3 kg·m⁻³ controlled-release fertilizer (Multicote 15-7-15 + 2MgO + microelements).
Tubes were arranged in 56 plastic trays (98 cavities per tray, 7 × 14 configuration) following a randomized complete block design, with family identity
maintained throughout the experiment using the coding system "species—population— parental tree—seedling number".

Seedlings received standardized cultural treatments to ensure uniform growing conditions across families. Soluble fertilizer application followed a three-
stage protocol: early growth (0–2 months: N-P-K 08-25-17 at 50 mg L⁻¹, weekly), rapid growth (2–6 months: N-P-K 20-09-20 at 20% v/v, weekly), and
hardening (6–12 months: N-P-K 04-25-40 at 5% v/v, weekly). Automated irrigation was applied three times weekly. Environmental conditions were modified
throughout the growing period: germination phase (0–6 months) under 720-gauge polyethylene cover for UV protection without shading; preconditioning
phase (6–8 months) under 50% shade cloth; hardening phase (8–12 months) under full ambient conditions. Seedling basal diameter (D, mm) was measured
monthly at the root collar using digital calipers (± mm precision; AVEDISTANT LCD6), and total height (H, mm) was measured from substrate surface to
apical bud using a flexible tape measure (± 1 mm precision; Uline Accu-Lock H-1766). Survival was recorded monthly, with 4,753 seedlings (85.7%) surviving
to 12 months. The family-level mean D and H (averaged across surviving offspring per parental tree) after 12 months of growth were used as phenotypic
variables in genome-wide association analyses, along with mean seed weight per family.

DNA extraction, sequencing, genotyping, and SNP filtering
Although growth traits were measured on 4,753 individual seedlings, genomic data were obtained at the parental level, and associations were therefore
explored at the family level rather than through individual-based genome-wide association analyses. Of the 92 P. martinezii and 87 P. mexicana parental trees
initially sampled, 77 P. martinezii and 74 P. mexicana trees (families) were successfully genotyped and used for association mapping after quality control
filtering (Table 1): genomic DNA was extracted from 15 mg of fresh needle tissue using a modified CTAB protocol [24]. Modifications included substitution of
polyethylene glycol with 1.0% polyvinylpyrrolidone (PVP40), replacement of 5 M NaCl with LiCl, and addition of µL of 2-mercaptoethanol and 50 µL of
Proteinase K (20 mg mL⁻¹) to improve DNA yield and purity [24]. DNA concentration and quality were assessed using a NanoDrop spectrophotometer
(Thermo Fisher Scientific), with samples exhibiting A₂₆₀/A₂₈₀ ratios of 1.8–and A₂₆₀/A₂₃₀ ratios >selected for library preparation.
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Table 1
Descriptive statistics for mean seedling base diameter, height and seed weight in Picea martinezii and P. mexicana parental families after growth for 12

months under common garden conditions.
Species Trait n Mean ± SD Range CV (%) Skewness Kurtosis

P. martinezii Diameter (mm) 290 1.53 ± 0.30 0.90–2.54 19.6 0.34 0.21

  Height (cm) 290 10.76 ± 3.29 4.37–21.36 30.6 0.47 -0.12

  Seed weight (g)* 290 0.64 ± 0.12 0.31–0.95 19.2 0.18 -0.31

P. mexicana Diameter (mm) 416 1.33 ± 0.14 0.99–1.91 10.5 0.42 0.67

  Height (cm) 416 9.10 ± 2.19 5.22–15.21 24.1 0.38 -0.09

  Seed weight (g)* 416 0.63 ± 0.08 0.43–0.94 13.9 0.23 -0.18

Note: * = per 1000 seeds; CV = Coefficient of variation; Skew = Skewness; Kurt = Excess kurtosis. Welch's t-tests detected significant differences between
P. martinezii and P. mexicana for all three traits: basal diameter (t₁₁₈.₇ = 5.23, p = 7.5×10⁻⁷), height (t₁₄₈.₄ = 19.84, p < 2.2×10⁻¹⁶) and seed weight (t₇₂.₁ =
31.69, p < 2.2×10⁻¹⁶). Welch's two-sample t-tests were performed to test for significant differences in trait means between P. martinezii and P. mexicana,
accounting for unequal variances between species.

Genotyping-by-sequencing (GBS) libraries were prepared following [25]. Briefly, 200 ng of high-quality genomic DNA per sample was double-digested with
restriction enzymes PstI (R0106L) and MspI (R3140L; New England Biolabs, USA). Sample-specific barcodes were ligated using T4 DNA ligase (New England
Biolabs), and libraries were pooled, purified using AMPure XP beads (Beckman Coulter), and amplified via PCR at the Plateforme d'analyses génomiques,
Institut de biologie intégrative et des systèmes (IBIS), Université Laval, Canada. Paired-end sequencing (2 × 150 bp) was performed on an Illumina NovaSeq
6000 S4 platform (one lane, 330 sequencing cycles including index reads) at the Centre d'expertise et de services Génome Québec, Canada.

Raw sequencing reads were quality-filtered, adapter-trimmed, and de novo assembled into locus-specific catalogs using TrimGalore [26] with default
parameters optimized for outbreeding species (minimum stack depth = 3, maximum nucleotide mismatches = 2, maximum indels = 3). Separate de novo
assemblages were generated for P. martinezii and P. mexicana to account for potential species-specific genomic variation. Variant calling was performed
within each species, and resulting VCF files were filtered using VCFtools v0.1.17 [27] with the following parameters: minimum minor allele count (--mac) = 2,
minimum mean depth (--min-meanDP) = 10, maximum mean depth (--max-meanDP) = 120, and minimum genotyping rate per SNP = 80% (--max-missing 0.8).
After filtering, 19,057 high-quality SNPs were retained for P. martinezii and 31,678 for P. mexicana (for complete bioinformatic pipeline details, see [22] and
[14]).

Statistical strategy and methodological rationale
To optimize the detection of relevant genomic signals with a limited sample size (Table 1), a two-step procedure was chosen. First, we identified outlier SNPs
(i.e., instead of genotype-first, an Outlier-first approach) (see details in Section 2.5). Subsequently, the covariation of these candidates with the phenotypes
was evaluated. A classical genome-wide scan of all SNPs would have led to a prohibitive burden of multiple testing with Bonferroni correction (i.e., p < 
0.0000003). This threshold massively increases the risk of type II errors (false negatives) and would mask polygenic signals of small effect size [28, 29]. The
targeted preselection of outlier SNPs acts as dimension reduction, which lowers the multiple-testing hurdle and increases statistical power within this rare
study system [30]. The use of the Spearman rank correlation (rs) also allows the detection of robust, non-linear gene effects without a normal distribution
assumption [31] (see in Section 2.6).

However, outlier preselection can artificially inflate p-values through circular inference, increasing the risk of false positives. Moreover, correlations may be
driven by population structure or genetic drift rather than functional causality [32]. The chosen approach therefore does not allow precise estimation of direct
gene effect sizes. To assess the robustness of the pre-selected outlier SNPs, a genome-wide association analysis using a Mixed Linear Model (MLM) was
applied to the complete GBS-derived SNP dataset, which controls for population structure and kinship [33] (see Section 2.6).

A post-hoc functional annotation (see in section 2.7) is used to distinguish between stochastic noise and true signals. The identification of evolutionary
conserved regulators of plant development is considered as independent biological evidence. A high concordance between statistical loci and plausible gene
functions validates that the pipeline has captured functional genomic regions and no statistical artifacts.

Identification of outlier SNPs
Four methodologies were employed to detect outlier SNPs in P. martinezii and P. mexicana: i) PCAdapt v.4.3.3 package [34, 35]; ii) genotype-environment
association (GEA) approach using latent factor mixed models (LFMM2) from the R package LEA [36, 37, 38]; iii) the Local Outlier Factor (LOF) algorithm from
the Python package scikit-allel Python library (https://scikit-allel.readthedocs.io) [39, 40]; and iv) OutFLANK v.0.2 R package [41, 38].

PCAdapt offers benefits over alternative genome-scanning tools such as BayeScan, hapflk, OutFLANK, and sNMF, particularly regarding computational
efficiency, capacity to manage missing data, and individual-based approach that obviates population grouping requirements [34]. This package implements
principal component analysis (PCA)-based outlier SNP detection while controlling for population structure [34]. The methodology relies on Mahalanobis
distance (Dm) statistics, generating a Z-score vector through regression of each SNP against K (K = 2) principal components [42]. Principal component
number K was determined applying the Cattell's criterion [43]. P-values were derived by transforming Dm via chi-square distribution [43]. Bonferroni
adjustment was implemented, designating SNPs with corrected p-values < 0.05 as selection candidates.
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LFMM2 facilitated GEA assessment. Non-collinear bioclimatic and edaphic parameters were selected using absolute Spearman rank correlation (|rs|) < 0.7,
yielding six bioclimatic and thirteen edaphic variables. Analysis incorporated four latent factors determined by variance explained per principal component
for climatic and edaphic parameters independently. Bonferroni correction was applied to minimize false discovery rates, with significance threshold set at
adjusted p-value < 0.05.

The LOF algorithm utilized 20 nearest neighbors (K = 20) to optimize deviation detection while maintaining precision. The kNN-LOF algorithm employs
distance-based weightings to modulate neighbor influence, enabling robust performance with irregularly distributed datasets [44], incorporating a
contamination threshold of 1%, Z threshold of 2, and Manhattan distance metric [45].

OutFLANK identifies outlier SNPs through F-statistics, applying standard parameters: neutral loci mean F-statistic of 0.05, neutral loci proportion of 0.95, and
minimum degrees of freedom (dfmin) of 10. The algorithm automatically excludes extreme Fst-value loci to infer neutral distribution, trimming 5% from each
Fst distribution tail by default, assuming central 90% represents neutral variation. The 95% neutral loci proportion reflects an implicit 5% contamination rate
(1–0.95), representing the maximum non-neutral loci fraction tolerable without biasing neutral distribution estimation [46].

Association analyses between growth parameters and SNP genotypes
Association analyses were conducted to examine the relationship between single nucleotide polymorphism (SNP) genotypes and early phenotypic tree-
growth traits following the protocols established by [14], that tested SNP – tree ring resilience indices. For this purpose, annual mean values of seedling
measurements were correlated with the GBS-derived SNP markers obtained from parent trees.

The use of family-level mean phenotypes as the response variable is a well-established strategy in forest genomics. This approach integrates maternal
genomic data with the additive genetic performance of the offspring while effectively reducing individual environmental micro-variation [47, 30]. To
distinguish the genetic signal of the seedling basal diameter (D) and height (H) after 12 months growing under common garden conditions, from maternal
effects (maternal provisioning), seed weight (SW) was recorded for each parental tree and incorporated into subsequent models [23].

Each outlier SNP was numerically classified into genotypic classes "0", "1", and "2", corresponding respectively to homozygous genotypes for the major allele
(AA), heterozygous genotypes (Aa), and homozygous genotypes for the minor or alternate allele (aa). Missing genotypic data were imputed using the median
value derived from the respective SNP dataset.

Statistical correlations between individual SNPs and growth metrics were evaluated using Spearman's rank correlation coefficient (rs), a non-parametric

measure appropriate for data that may not follow normal distributions. The correlation analyses were performed separately for the variables D and H, and SW
of both P. martinezii and P. mexicana using the Hmisc package in R v.4.[31]. Spearman's rs values and their corresponding p-values were calculated for each
SNP-variable combination [48, 49, 50, 51]. A Bonferroni-adjusted significance level was calculated to account for the increased possibility of type-I error (false
positives).

Additionally, a Principal Component Analysis (PCA) was performed using the prcomp function in R [38]. The PC1 was subsequently used to determine rs and
their p-value between PC1 scores and each of the seedlings D, H or SW variable using only those outlier SNPs that demonstrated statistically significant rs (p 
< 0.05) with any of these variables.

To further validate the exploratory findings, a genome-wide association analysis was implemented using the GBS-derived SNP dataset via MLM calculated by
the GAPIT3 package [33]. MLM was employed that simultaneously accounted for SW as a fixed covariate and corrected for individual kinship and population
structure via Principal Components (PCs) [33]. While rs captures robust, monotonic relationships, the MLM provides a stringent framework to neutralize
complex genomic backgrounds and maternal provisioning.

A Random Forest (RF) regression [52] was implemented to evaluate the predictive power of the identified candidate SNPs and their epistatic interactions
affecting both seedling growth (D, H) and SW using the randomForest [53] and caret packages [54] in R. This non-parametric framework accounts for non-
linear relationships that might be overlooked by standard linear models. Multivariate associations were quantified using the pseudo coefficient of
determination (R²rf) and 99.9% confidence intervals (CI99.9%) derived from 1,000 bootstrap iterations. Furthermore, to disentangle the relative contributions of

genetic factors and the other two of three variables D, H and SW, block-wise conditional variance partitioning (ΔR²rf,c) was employed [55]. This approach
allowed us to quantify the unique explanatory power of putatively growth-related SNPs while controlling for shared effects with two of three variables.

Results were compared across all methods. The identification of top-ranked SNPs demonstrating significant signals consistently across MLM (controlled for
SW and kinship), Spearman’s rs, and RF analysis was established as the primary criterion for biological validity. This methodological triangulation ensures
that the detected candidate SNPs represent functional signals rather than statistical artifacts or demographic effects [33, 3].
Post-hoc functional annotation of putatively growth-associated SNPs
Post-hoc functional annotation was performed to validate the biological relevance of the identified associations and to distinguish between potential
statistical artifacts and genuine genomic signals. Genomic sequences flanking growth-associated SNPs (120–410 bp fragments) were extracted from the
assembled loci for both species and compared against the P. abies reference genome [17] using BLASTn [56] via the PlantGenIE.org platform [57].
Homologous matches were identified using stringent criteria: E-value < 10⁻⁵, query coverage > 70%, and sequence identity > 80%. For each significant hit, we
recorded the top P. abies gene model ID, gene function annotation, sequence similarity percentage, and E-value. Multiple sequence alignments of P. martinezii,
P. mexicana, and P. abies homologs were generated using AliView [58] to verify orthology and visualize SNP positions relative to conserved domains. SNPs
that could not be annotated (E-value > 10⁻⁵ or no significant BLAST hit) were classified as non-annotated and retained for analysis as they may represent
species-specific or rapidly evolving genomic regions.
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Population-level validation of genotype-phenotype associations
Finally, significant differences in the frequency of homozygous minor-allele genotypes (aa) at putatively growth-related (i.e., D, H, SW) SNPs in both spruce
species were assessed at the population level using Dunn's post-hoc pairwise comparisons with Bonferroni correction for multiple testing by FSA [59] and
dunn.test packages in R [60].

Results

Seedling diameter, height and seed weight measurements
Seedling growth after 12 months under common garden conditions revealed significant variation across parental families and pronounced differences
between species. Picea martinezii seedlings exhibited significantly larger mean basal diameter (D) (1.53 ± 0.30 mm vs. 1.33 ± 0.14 mm; t₁₁₈.₇ = 5.23, p = 
7.5×10⁻⁷), greater mean height (H) (10.76 ± 3.29 cm vs. 9.10 ± 2.19 cm; t₁₄₈.₄ = 19.84, p < 2.2×10⁻¹⁶) and greater mean seed weight (SW) (0.64 ± 0.12 g vs.
0.63 ± 0.88 g per 1000 seedss; t₇₂.₁ = 31.69, p < 2.2×10⁻¹⁶) than P. mexicana (Table 1; Table S1). Notably, P. martinezii displayed greater phenotypic variability
across all traits (CV = 19.2–30.6%) than P. mexicana (CV = 10.5–24.1%), suggesting broader adaptive potential or greater environmental sensitivity in the
former species.

Seedling basal diameter (D) and height (H) were strongly correlated within both P. martinezii (r� = 0.73, p = 7.35×10⁻¹⁴) and P. mexicana (r� = 0.84, p = 
1.19×10⁻²⁰). Seed weight (SW) was moderately and positively correlated with both D and H in P. martinezii (r� = 0.39 for both traits, p < 0.001) but was not
significantly correlated with either D or H variable in P. mexicana (r� = −0.05 for D and 0.04 for H, p > 0.70), indicating that maternal provisioning effects on
early growth are species specific.

Candidate SNP identification for diameter, height and seed weight
LFMM2 filtering confirmed 19 of the 32 PCAdapt-filtered SNPs (59%) in P. martinezii and six of ten PCAdapt-SNPs (60%) in P. mexicana. Notably, neither
OutFLANK nor LOF detected outlier SNPs in either species. In P. martinezii, PC1 of the principal component analysis including the 32 outlier SNPs was
significantly associated with D (rs, PC1 = − 0.52, p < 0.00001), H (rs, PC1 = − 0.40, p = 0.0003) and SW (rs, PC1 = − 0.42, p = 0.0001) after Bonferroni correction
(p < 0.001). Remarkably, all 32 PCAdapt-SNPs exhibited uniformly negative correlations with both D and H. After Bonferroni correction, all 32 SNPs retained
statistical significance for at least one trait, with 29 significantly associated with both D and H. The strongest associations (rs < − 0.45) and SNPs verified by
MLM (p < 0.05) are highlighted in Table 2. The 99.9% confidence intervals (CI 99.9%) of the pseudo-coefficient of determination (R²rf) for the multivariate
associations of D, H, and SW with the 32 outlier SNPs (0.37–0.66, 0.32–0.60, and 0.10–0.56, respectively) provide strong evidence for robust associations
for D and H, whereas the broader and lower CI 99.9% for SW suggests a weaker model.
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Table 2
Genomic loci associated with growth traits and their functional annotation in two endangered Mexican spruce specie

Species   Seedling diameter Seedling height Seed weight          

SNPs rs p-value rs p-value rs p-value Q.S.
(b.p)

Gene G.R. Similarity
Picea
abies

E-
va

P.
martinezii

PC1₼ -0.517 0.0000014 -0.404 0.00027 -0.423 0.0001          

50362:161₼ -0.511 3.19E− 11 -0.373 0.000003 -0.269 0.0009 377 MA_10292150 NA 98.57% 6.5
62

33345:136*₼ -0.487 3.36E− 10 -0.493 1.88E− 10 -0.218 0.007 220 NA NA NA NA

22169:33*₼ -0.475 1.03E− 09 -0.484 4.39E− 10 -0.267 0.001 253 MA_10435027g0010 2607 98.38% 2.3
117

28920:117₼ -0.469 1.81E− 09 -0.470 1.65E− 09 -0.237 0.003 377 MA_10204399g0010 1887 94.75% 1.1
58

8237:220₼ -0.466 2.27E− 09 -0.456 5.50E− 09 -0.275 0.0006 250 MA_34782g0010 807 89.07% 2.1
112

7331:244₼ -0.435 3.09E− 08 -0.455 6.05E− 09 -0.326 0.0001 255 MA_34146 NA 88.06% 4.9
114

8789.65₼ -0.435 3.16E-08 -0.454 6.29E− 09 -0.275 0.0006 201 MA_10435550g0020 1002 98.31% 3.2
95

39836:85*₼ -0.425 7.26E− 08 -0.438 2.47E− 08 -0.164 0.045 188 MA_84859g0010 288 91.67% 1.2
60

2645:276₼ -0.425 7.28E− 08 -0.438 2.51E− 08 -0.153 0.062 290 MA_6446g0010 5997 82.78% 3.5
103

38134:111*₼ -0.422 8.64E− 08 -0.434 3.49E− 08 -0.163 0.047 248 NA NA NA NA

21038:50*₼ -0.418 1.21E-07 -0.434 3.37E− 08 -0.246 0.002 410 MA_101621g0020 3924 87.74% 1.2
121

5866:17₼ -0.412 1.87E− 07 -0.431 4.35E− 08 -0.153 0.0626 284 MA_7154225 NA 80.89% 3.2
72

44879:209₼ -0.406 2.94E− 07 -0.409 2.31E− 07 -0.158 0.054 357 MA_10150655g0010 1116 97.93% 1.7
112

55:46*₼ -0.391 8.74E-07 -0.414 1.68E− 07 -0.194 0.017 342 MA_444615g0010 993 96.97% 2.2
104

16330.110₼ -0.388 0.000001 -0.371 0.000003 -0.286 0.0004 360 NA NA NA NA

34326.285₼⋃ -0.38 0.000002 -0.359 0.000007 -0.307 0.0001 392 MA_184747g0010 4128 87.10% 4.3
71

24370:25*₼ -0.374 0.000003 -0.388 0.000001 -0.185 0.023 178 MA_15508g0010 3369 93.82% 3.2
69

41521:196*₼ -0.369 0.000004 -0.216 0.008 -0.049 0.551 324 MA_31722g0010 924 89.14% 3.8
135

22682:63*₼ -0.368 0.000004 -0.382 0.000002 -0.077 0.35 291 MA_10429973g0010 2978 87.13% 5.3
101

29628.135₼⋃ -0.368 0.000004 -0.289 0.0003 -0.326 0.00005 282 MA_10221218g0010 1656 98.75% 2.1
157

Note: (rs) = Spearman correlation coefficient; Q.S. = Query sequence length (bp); Gene = P. abies gene model ID; G.R. = Genomic reference; E-value = BLAST e
principal component from PCA of outlier SNPs. *SNPs validated by both PCAdapt and LFMM2; ₼ = SNPs significant after Bonferroni correction (α = 0.001 an
significant BLAST hit. ⋃ = verified by MLM (p < 0.05); ⋃=verified by MLM (p = 0.06)
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Species   Seedling diameter Seedling height Seed weight          

SNPs rs p-value rs p-value rs p-value Q.S.
(b.p)

Gene G.R. Similarity
Picea
abies

E-
va

29628.135₼⋃ -0.368 0.000004 -0.289 0.0003 -0.326 0.00005 282 MA_766447g0010 3000 82.35% 2.1
81

7241:238*₼ -0.364 0.000005 -0.380 0.000002 -0.176 0.032 290 MA_47536g0010 645 84.34% 9.0
111

5566:269*₼ -0.355 0.000009 -0.369 0.000004 -0.267 0.001 289 NA NA NA NA

473:152*₼ -0.348 0.000014 -0.380 0.000002 -0.187 0.022 205 NA NA NA NA

47948:247*₼ -0.326 0.00005 -0.327 0.000048 -0.157 0.056 256 MA_338690g0010 888 92.13% 1.9
99

35763:31*₼⋃ -0.310 0.0001 -0.325 0.00005 0.033 0.689 344 NA NA NA NA

35337:53*₼ -0.301 0.0002 -0.314 0.0001 -0.085 0.301 300 MA_126211g0010 2880 99.60% 8.6
123

51806.107₼ -0.270 0.0009 -0.282 0.0005 -0.269 0.0009 258 MA_10429567g0010 995 97.44% 1.3
133

55487:25*₼ -0.266 0.0011 -0.283 0.0004 -0.038 0.638 228 NA NA NA NA

38814:35*₼ -0.265 0.0011 -0.292 0.0003 -0.062 0.447 212 NA NA NA NA

90892.226₼ -0.252 0.0019 -0.266 0.001 -0.275 0.0006 280 NA NA NA NA

57886:61*₼ -0.164 0.045 -0.231 0.004 -0.270 0.0008 368 NA NA NA NA

34589:168*₼ -0.154 0.061 -0.169 0.039 -0.119 0.147 272 NA NA NA NA

P.
mexicana

PC1₼ 0.441 0.00008 0.422 0.00018 NA NA          

  51510:145₼ 0.377 0.0009 0.248 0.033 -0.120 0.306 180 NA NA NA NA

  5754:95₼ 0.373 0.001 0.299 0.009 -0.088 0.455 360 NA NA NA NA

  9021:109₼ 0.371 0.001 0.300 0.009 -0.063 0.592 416 MA_3967g0010 2000 93.91% 2.6
45

  32877:235 0.322 0.005 0.243 0.036 -0.044 0.704 312 MA_19894g0010 720 96.83% 1.4
113

  4124:36*⋃ 0.316 0.006 0.297 0.01 -0.116 0.324 335 MA_10429901g0010 3000 88.66% 7.6
24

  50422:144* 0.292 0.011 0.250 0.031 -0.201 0.084 228 MA_140203g0010 2674 97.58% 4.6
73

  44765:107 -0.172 0.14 –
0.235

0.043 0.012 0.913 300 NA NA NA NA

  65739:66 ⋃ -0.202 0.083 –
0.302

0.008 -0.029 0.802 180 MA_377091g0010 893 90.71% 6.7
33

  34584:94 -0.229 0.049 –
0.257

0.026 0.139 0.235 240 NA NA NA NA

Note: (rs) = Spearman correlation coefficient; Q.S. = Query sequence length (bp); Gene = P. abies gene model ID; G.R. = Genomic reference; E-value = BLAST e
principal component from PCA of outlier SNPs. *SNPs validated by both PCAdapt and LFMM2; ₼ = SNPs significant after Bonferroni correction (α = 0.001 an
significant BLAST hit. ⋃ = verified by MLM (p < 0.05); ⋃=verified by MLM (p = 0.06)
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Species   Seedling diameter Seedling height Seed weight          

SNPs rs p-value rs p-value rs p-value Q.S.
(b.p)

Gene G.R. Similarity
Picea
abies

E-
va

  53265:41* -0.246 0.034 –
0.275

0.017 0.088 0.452 240 MA_112260g0010 2280 93.46% 1.7
106

Note: (rs) = Spearman correlation coefficient; Q.S. = Query sequence length (bp); Gene = P. abies gene model ID; G.R. = Genomic reference; E-value = BLAST e
principal component from PCA of outlier SNPs. *SNPs validated by both PCAdapt and LFMM2; ₼ = SNPs significant after Bonferroni correction (α = 0.001 an
significant BLAST hit. ⋃ = verified by MLM (p < 0.05); ⋃=verified by MLM (p = 0.06)

Conditional RF–based variance partitioning (ΔR²rf,c) revealed substantial shared explanatory contributions among phenotypic variables D, H and SW beyond
the variance explained by outlier SNPs alone (i.e. controlling joint effects with two of these three variables). When D was modeled as the response variable,
the combined inclusion of SW and H increased the model explanatory power by ΔR²rf,c = 0.23 relative to a SNP-only model, with a wide but consistently
positive bootstrap confidence interval (CI99.9% 0.08–0.44). Similarly, modeling H as the response showed that D and SW together explained an additional
ΔR²rf,c = 0.29 of variance beyond SNP effects (CI99.9% 0.08–0.52). Conversely, early growth traits (D and H) accounted for an additional ΔR²rf,c = 0.22 of
variation in SW after controlling for outlier SNP associations (CI99.9% 0.04–0.55). However, permutation tests indicated that these conditional trait effects

were not statistically separable from SNP-associated variation (p = 0.92–0.99).

In P. mexicana, the PC1 of the principal component analysis including the ten outlier SNPs revealed significant positive associations with D (rs = 0.44, p = 
0.00008) and H (rs = 0.42, p = 0.0002), contrasting sharply with the negative associations observed in P. martinezii. Unlike P. martinezii, only the SNPs
51510:145, 5754:95 and 9021:109 showed moderate significant positive associations with D (rs = + 0.37–0.38) after Bonferroni correction (p < 0.004)
(Table 2). MLM confirmed the preselected SNPs 65739:66 (p = 0.04) and 4124:36 (p = 0.06). The CI99.9% of R²rf for the largest multivariate association (i.e. for
D, H, and SW with the ten outlier SNPs) were [0.08–0.37], [0.16–0.42] and [0.0004–0.17], respectively, demonstrating that D and H show meaningful single-
SNP associations. For SW, however, the CI99.9% extended almost to zero, indicating that the data do not provide strong support for a genuine association. In

contrast to P. martinezii, ΔR²rf,c revealed markedly stronger phenotypic integration among D, H and SW. The phenotypic variable blocks explained between
47% and 64% additional variance beyond single-SNP models, with consistently positive and relatively narrow bootstrap confidence intervals. Permutation
tests in P. mexicana yielded lower p-values than in P. martinezii, particularly for the effect of early growth traits on seed weight (p = 0.26).

Annotation of candidate genes in Picea martinezii and P. mexicana

In the absence of reference genomes for P. martinezii and P. mexicana, the annotated P. abies genome was used to perform BLAST (Basic Local Alignment
Search Tool) searches and provide functional annotation of sequences containing outlier SNPs. With genetic similarities ranging from 80.89% to 99.60% (E-
values 10⁻⁵⁸ to 10⁻¹⁵⁷), the 160–377 bp (base pairs) DNA sequences including growth-associated SNPs (p < 0.05) in P. martinezii were located in sequences
of P. abies genes encoding the following: histone-lysine N-methyltransferase Arabidopsis trithorax (ATX4)-like (MA_10433638g0010), tobacco mosaic virus
(TMV) resistance N-like protein (MA_11646g0010), AP2 (APETALA2)-like ethylene-responsive transcription factor ANT (AINTEGUMENTA)
(MA_10434193g0010), gibberellin-regulated family protein (MA_10269445g0010), cytokinin hydroxylase-like (MA_130655g0010), water-stress inducible
protein (MA_19119g0010), lipase-like PAD4 (Phytoalexin Deficient 4) (MA_9176g0010), beta-catenin 1 (MA_132337g0010), glutamine synthetase
(MA_10429533g0010), cytochrome c oxidase subunit 2 (MA_10435788g0010), cytochrome P450 CYP76AA22 (MA_8449754g0010), kinesin KP1
(MA_10268978g0010) and ATP synthase F1 assembly factor 2 (MA_93821g0010). Moreover, four of the significantly growth-associated SNPs (p < 0.001)
were found in P. abies genes with no documented functionality. Finally, 12 of these SNPs did not correspond to P. abies genes (Table 2).

In P. mexicana, with genetic similarities ranging from 88.66% to 97.58% (E-values 10⁻²⁴ to 10⁻¹¹³), growth-associated SNPs (p < 0.05) were located in P. abies
genes encoding: mediator of RNA polymerase II transcription subunit 15a-like (MA_10430289g0010), suppressor of auxin resistance 1 SAR1/NUP160
(Nucleoporin 160) (MA_10427978g0010), 2-oxoglutarate and Fe(II)-dependent oxygenase superfamily protein (MA_10427396g0010), Class I glutamine
amidotransferase-like superfamily protein (MA_19064g0010) and ER membrane protein DUF962 (Domain of Unknown Function 962) (MA_116398g0010).
Finally, six of the growth-associated SNPs (60%; p < 0.004) lacked reliable matches to P. abies genes (Table 2).

Population-level validation of genotype-phenotype associations
Population-level genomic analyses revealed significant differences in the frequency of homozygous minor-allele genotypes (aa) at growth (i.e. seedling D, H
and SW)- related SNPs in both spruce species. In P. martinezii, the La Encantada (LE) population showed the significantly highest median aa frequency
(41.5%) together with the almost always significantly lowest median seedling diameter (1.2 mm), height (8.9 cm), and seed weight (0.37 g per 1000 seeds).
By contrast, the Agua Fría (AF) population exhibited an aa frequency close to zero (0.0%) and in many cases the significantly highest median diameter (1.4
mm), height (11.9 cm) and seed weight (0.52g per 1000 seeds). In P. mexicana, the El Mohinora (EM) population displayed the significantly highest, but not
significantly different, aa frequency (43.0%) and the significantly highest median seedling diameter (1.3 mm) and height (8.3 cm). Conversely, the El
Coahuilón (EC) population showed the significantly lowest aa frequency (9.6%) along with the significantly lowest diameter (1.1 mm) and height (6.9 cm).
The La Marta (LM) population exhibited intermediate values for both genotype frequencies (25.2%) and growth traits (Tables 1, S2, S3, S4, S5).

Discussion
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The study findings support our hypothesis that integrating tree growth-related traits and genomic data will enable the identification of key genes involved in
dendrogenomic growth mechanisms [3]. In P. martinezii, significant associations were detected between 32 outlier SNPs and variations in seedling basal
diameter (D) and height (H) after 12 months of growth under common-garden conditions and also in seed weight (SW). This indicates that both early growth
traits and the maternal provisioning trait (influencing early growth) (up to r�,PC1 = -0.52, p < 0.00001 in P. martinezii) [23] may contribute to the genomic
signatures of growth. Similarly, in P. mexicana, three outlier SNPs and PC1 (up to r�,PC1 = + 0.44, p < 0.0001) were significantly and positively correlated with
early growth traits, further substantiating the hypothesized link between the growth phenotype and the underlying genomic variation (Table 2). Conditional
variance partitioning (ΔR²rf,c) indicated that these conditional trait effects were not statistically separable from SNP-associated variation, reflecting
extensive shared explanatory structure between growth traits, maternal provisioning and SNP-based predictors, rather than independent additive
contributions.

Despite the observation of putative SNP–trait associations (Tables 1 and 2), evidence for adaptive divergence remains limited. Thus, only 19 of the 32 SNPs
in P. martinezii (but none of the three SNP loci in P. mexicana) (Table 2) were jointly identified by PCAdapt and LFMM2, and these signals were not supported
by additional outlier tests. Together with the restricted genomic coverage of GBS [61], this substantially weakens confidence in strong selection.
Nonetheless, the overall pattern is more compatible with locally varying selective pressures (local adaptation) acting across heterogeneous environments
than with balancing selection, which typically maintains variation within more uniform populations [62, 63]. Population-based results support local adaptation
by selection at these putatively growth-related SNP loci. Both the LE (P. martinezii) and EM (P. mexicana) populations showed a strongly increased proportion
of aa homozygotes. The LE population, characterized by low growth (i.e. small D and H) and small SW, was the P. martinezii population growing at the highest
elevation. The EM population, with above average growth and very large SW, was the P. mexicana population growing at the lowest elevation [20] (Table S4,
Fig. 1).

Beyond these methodological constraints, false positive associations in GWAS can also arise from circular inference when the same data are used for both
SNP discovery and validation, as well as from confounding effects of population structure and genetic drift [32]. However, the biological plausibility of the
candidate genes mitigates these concerns: the 17 genes identified in P. martinezii and six identified in P. mexicana form clusters in functional categories with
well-established roles in growth regulation, including defense-growth trade-offs, hormonal signaling (gibberellins, cytokinins, ethylene), epigenetic control and
energy metabolism. Although not structural growth genes per se, these genetic categories are linked to key regulatory and metabolic bottlenecks that
modulate growth in long-lived forest trees. Considered together, these modules suggest that variation in growth is driven by integrated gene regulatory
networks rather than isolated effects of individual growth genes [62].

In P. martinezii, growth-associated SNPs clustered into four major functional modules: (1) defense and stress perception, primarily located at the plasma
membrane and cytoplasm, which likely modulates growth through trade-offs between protection and biomass accumulation (Calcium-dependent kinase [64],
disease resistance protein TIR-NBS-LRR class [65], TMV resistance N-like [66], lipase-like PAD4 [67], water-stress inducible protein [68], GPI-anchored adhesin
PGA55 related to cell adhesion [69], cytochrome P450 CYP76AA22 [70]; (2) hormonal signaling pathways controlling cell division and elongation (gibberellin-
regulated family protein [71]; cytokinin hydroxylase-like [74]; AP2-like ethylene-responsive transcription factor ANT [72]; beta-catenin 1 [73]); (3) epigenetic
regulators shaping the stability and responsiveness of growth programs (histone-lysine N-methyltransferase ATX4-like [75]; and (4) mitochondrial and
chloroplast energy metabolism (cytochrome c oxidase subunit 2 [76]; ATP synthase F1 assembly factor 2 [77]; glutamine synthetase [78]; kinesin KP1 [79]),
which constrains carbon and nitrogen allocation to growth. Additional genes are involved in protein turnover in nucleus and cytoplasm (E3 ubiquitin-ligase
Praja-2) [80]). Among the candidates identified, the AP2-like ethylene-responsive transcription factor ANT stands out as the most prominent growth-related
gene, given its well-established role in controlling cell proliferation, organ size and overall plant growth, with additional support from gibberellin- and
cytokinin-associated genes that directly regulate cell division and elongation [71, 74, 72]. Both a SNP in the Calcium-dependent kinase gene and in the
disease resistance protein TIR-NBS-LRR gene were verified by the MLM approach, reinforcing the robustness of these associations (p = 0.01). Notably, one
SNP showed homology to a sequence annotated as Internalin A in PlantGenIE (Table 2). Although Internalin A was originally characterized as an adhesion
protein in the bacterium Listeria monocytogenes [81], its detection here likely reflects a plant homolog containing conserved leucine-rich repeat (LRR)
domains. Such LRR-containing proteins are widespread in plants and function in cell-cell adhesion and receptor-mediated signaling pathways [82, 83, 84].

By contrast, the six annotated genes are linked to growth-associated SNPs in P. mexicana mapped to transcriptional regulation in the nucleus and
endoplasmic reticulum (mediator of RNA polymerase II transcription subunit 15a-like protein (MED15a) [85]; suppressor of auxin resistance 1 (SAR1) [86]),
signal transduction at the plasma membrane (receptor kinase [87]), metabolic flexibility in cytoplasm and chloroplasts (2-oxoglutarate oxygenase [88];
glutamine amidotransferase [89]), and ER membrane function (DUF962 [90]). Therefore, the growth-associated SNPs detected in P. mexicana could primarily
affect regulatory and metabolic pathways that modulate growth indirectly through plastic responses and resource allocation (plasticity-driven strategy)
rather than a growth-defense trade-off strategy. Notably, both a SNP in the receptor kinase and 2-oxoglutarate (2OG) and in the Fe(II)-dependent oxygenase
superfamily protein gene were also verified by the MLM approach, supporting the biological relevance of these associations.

From an adaptive perspective, growth-associated SNPs related to defense, hormonal signaling, epigenetic regulation, transcriptional control and energy
metabolism likely reflect selection on resource-allocation strategies rather than growth per se. In long-lived conifers, growth variation results from how
carbon, nitrogen and energy are allocated between growth, stress defense and maintenance in a process tightly regulated by hormonal networks and
epigenetic mechanisms [28]. Such allocation-mediated control of growth is key to local adaptation in heterogeneous and stressful environments [91].

Comparison of the findings of this study and the large-scale GWAS conducted in Picea abies [15] highlights the contrasting dynamics of continental versus
relict population genomics. While the high genetic heterogeneity across the European range of P. abies typically dilutes effect sizes, the unique demographic
history of relict species may facilitate the detection of adaptive signals. Genetic drift and strong directional selection in marginal habitats could concentrate
adaptive alleles, making them detectable even with moderate sample sizes [3]. Specifically, the identification of key regulatory genes, such as the AP2-like
transcription factor ANT (Table 2), suggests genuine genomic mechanisms of growth regulation. These signals likely reflect the long-term demographic
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purging of deleterious alleles following historical population collapses, dated to ~ 30 ka for P. martinezii and ~ 800 ka for P. mexicana [22]. The finding that
three of four MLM-verified SNPs lack annotation was expected, given the immense complexity and incomplete characterization of the 20-Gb conifer genome
[17]. By identifying a high-confidence genomic signal linked to key growth regulators, this study provides a robust foundation for understanding the genomic
mechanisms of early development in these endangered spruces.

Although separated by oceanic barriers for 20–25 million years (late Oligocene/early Miocene), the great similarity of 80.9–99.6% (93% on average, Table 2)
between genomic sequences containing growth-related outlier SNPs from the two Mexican spruces and P. abies could arise from evolutionarily conserved
genes, parallel evolution and shared selective pressure [92, 16]. This aligns with patterns in other widespread conifer genera (Pinus, Abies), in which stress-
responsive genes exhibit greater conservation than lineage-specific traits like reproductive timing and terpene profiles [28].

Beyond these direct functional interpretations, several alternative explanations should be considered for the observed associations. First, linkage
disequilibrium may play a role, where the observed SNPs could be linked to neighboring genes that influence seedling growth, rather than being the causal
variants themselves [91]. Furthermore, the observed signals may reflect pleiotropic effects, where some loci influence multiple traits through shared
regulatory networks, a known constraint in the evolution of adaptive phenotypes [93]. The influence of epigenetic mechanisms on gene expression related to
growth traits should also not be overlooked [94]. Finally, recurrent mutation could also explain the maintenance of certain variants, whereby specific loci or
genomic regions may have a higher probability of change due to their inherent sequence characteristics [95].

While the pre-selection of outlier SNPs can introduce statistical bias [32], this risk was mitigated through a rigorous validation framework. The
implementation of a conservative Mixed Linear Model (MLM) alongside the block-wise conditional variance partitioning for multivariate association
modeling enabled disentanglement of genetic signals from maternal effects (SW) and kinship structures. The stringency of this approach is evidenced by the
fact that only four core SNPs originally identified through outlier pre-selection maintained nominal significance (p < 0.05) under the MLM framework
(Table 2).

The robustness of these multivariate associations was further confirmed by CI99.9% of the pseudo-RF coefficient of determination, which remained
significantly higher than zero, ensuring the precision of the genomic predictors. Factors such as the highly polygenic architecture of growth [96], limited GBS
coverage and relatively small sample sizes [29] predispose the analysis to the Beavis effect [97] and inherently constrain the detection of small-effect loci.
However, the consistency across non-parametric, linear and multivariate models confirmed the validity of the findings. Notably, the absence of any detectable
heterozygote advantage in these candidate SNPs suggests that the observed growth variations are likely driven by additive genetic effects, in a pattern
consistent with the previously described demographic purging in these fragmented populations [22]. Consequently, the convergence between statistical
validation, variance partitioning and functional plausibility indicates that these loci represent robust candidates for local adaptation in Mexican spruces,
rather than mere statistical artifacts.

Conclusion
This study provides the first analysis of associations between growth traits in the endangered endemic spruces P. martinezii and P. mexicana using
genotyping-by-sequencing, extending dendrogenomic approaches to relict conifer populations. Despite small sample sizes, of 77 and 74 families, we
identified 32 and 10 outlier SNPs yielding respectively 17 and six annotated candidate genes with contrasting multivariate associations (Table 2). This finding
suggests species-specific growth regulation: defense-oriented in P. martinezii and plasticity-driven in P. mexicana. Notably, several of the candidate detected
genes encode key components of growth hormone pathways (including gibberellin-regulated protein, cytokinin hydroxylase and the AP2-like transcription
factor ANT). This finding provides direct mechanistic links between genetic variation and hormonal control of cell proliferation and organ size. While no
single approach establishes causality, the convergence of population-genomic signals, parent-genotype–dependent effects, machine-learning patterns and
functional annotation increases confidence that the identified SNPs and genes represent biologically meaningful candidates influencing growth.

Integrating these findings with the contrasting demographic histories of the two spruce species reveals how population bottlenecks enhance the detection of
growth-associated variants by reducing background genetic variation. These genomic resources provide information for prioritizing conservation measures
and assisted gene flow to maintain adaptive potential under climate change conditions and also for designing future breeding programs. With 80.9–99.6%
sequence identity to conserved P. abies homologs, the applicability of these genomic markers may extend across the genus, facilitating comparative
conservation genomics approaches in other threatened spruce species.

Abbreviations
D
seedling basal diameter
H
seedling height
SW
seed weight
SNP
single nucleotide polymorphism
GBS
genotyping-by-sequencing
GWAS
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genome-wide association study
PCA
principal component analysis
MLM
mixed linear model
RF
Random Forest
BLAST
Basic Local Alignment Search Tool
LFMM
latent factor mixed model
LOF
local outlier factor
PC1
first principal component.
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Figures

Figure 1

Location of P. martinezii populations (yellow circles) in the Sierra Madre Oriental (Nuevo León) and of P. mexicana populations (green circles) in the Sierra
Madre Oriental (Coahuila) and Sierra Madre Occidental (Chihuahua). The pie charts indicate the proportion of observed heterozygosity (yellow) and
homozygosity (green) at growth-associated SNP loci. The inset shows a detailed view of the eastern populations.
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