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Abstract

Rice (Oryza sativa L.) is an important staple crop in Mozambique, and understanding its genetic
diversity is essential for crop improvement, genetic resources management and conservation.
However, molecular characterization of Mozambican rice germplasm remains limited. This study
assessed genetic diversity and population structure of 40 lowland rainfed rice genotypes using 3473
high-quality single nucleotide polymorphism (SNP) markers generated through DArTseq™
genotyping-by-sequencing platform. Results revealed moderate genetic diversity with a mean
polymorphism information content of 0.25, indicating moderate marker informativeness. Unbiased
expected heterozygosity (uHe = 0.314) was higher than observed heterozygosity (Ho = 0.125),
reflecting the inbreeding nature of rice (Fis = 0.357). Model-based admixture analysis identified four
subpopulations, with 20% of genotypes classified as admixed. Substantial genetic differentiation was
observed among these subpopulations (Fsr = 0.267), which was broadly consistent with the principal
coordinate analysis and the neighbor-joining tree. Furthermore, a high mean Manhattan dissimilarity
index (0.70), indicated strong genetic divergence across the panel. Analysis of molecular variance
revealed significant variation among subpopulations (32.90%) and within subpopulations (67.10%).
These findings provide foundational genetic insights to guide Mozambican rice breeding programs
and support the long-term conservation of local germplasm.

Keywords: DArTseq; genetic diversity; lowland rainfed rice; population structure; SNP markers

1. Introduction

Rice (Oryza sativa L.) is a strategic food and commercial crop, important for food security and
employment across sub-Saharan Africa (SSA) [1]. It contributes to caloric intake and supports the
livelihoods of millions, with growing role as more households participate in the rice value chain [2,3].
The harvested rice area in SSA increased from 12 to 18 million hectares between 2014 and 2024, with
production rising from 26 to 38 million tons [4]. Yet, productivity stagnated at about 2t/ha over the
same period [4]. Amid rising per capita consumption, this highlights the need to close the yield gap
through improved breeding and genetic resource management [5].
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In Mozambique, rice is a staple crop [6]. In 2024, production reached 169,311 tons, second to
maize (2.1 million tons) among cereal crops, ranking fifth in Southern and Eastern Africa, behind
Madagascar, Tanzania, Uganda and Kenya [4]. Cultivation is dominated by smallholder farmers in
rainfed lowland systems of the Zambezi river basin in the central region [7]. Farms are typically small
(<1 ha), with limited fertilizers use and poor soil and water management. Reliance of unimproved
local landraces contributes to low overall rice productivity [7-9].

Mozambican consumers prefer the aroma and grain texture of local landraces [9]. However,
these landraces are underutilized in breeding due to limited genetic characterization and the need
for extensive pre-breeding, a pattern observed across sub-Saharan Africa [10,11]. Breeding programs
therefore rely on germplasms from the International Rice Research Institute and AfricaRice. While
these varieties offer uniformity and proven performance, they may lack specific attributes preferred
by local farmers [12,13]. Research on rice genetic diversity in Mozambique remains limited, with most
data derived from regional analyses rather than country-specific investigations [14,15]. Recent
morphological evaluations [16,17] are addressing this gap, yet molecular marker studies are still
scarce.

Quantifying genetic diversity is essential for informing targeted breeding. While diversity can
be assessed using morphological and molecular approaches, morphological markers alone are often
constrained by growth stage and the complexity of gene interactions such as epistasis and pleiotropy
[18]. In contrast, molecular markers such as single nucleotide polymorphisms (SNP), provide a robust
germplasm characterization, minimizing environmental effects and offering higher resolution [19].
SNPs detect genome-wide variations, enabling precise genotype discrimination, trait mapping and
population structure analysis [20]. Diversity is commonly quantified using parameters such as
heterozygosity, while population structure and genetic differentiation are assessed using fixation
indices, analysis of molecular variance, and model-based admixture [21]. Genetic relationships are
further explored using principal coordinate analysis and neighbor-joining trees to identify distinct
groups [22]. High diversity indicates strong breeding potential and supports the identification of
suitable parental lines for crossing. These approaches have been successful applied in rice genetic
diversity studies [23,24]. Building on these analytical approaches, this study assessed the genetic
diversity and population structure of 40 lowland rainfed rice genotypes from Mozambique using
single nucleotide polymorphism markers. It provides insights into the extent and distribution of
genetic variation, supporting parental selection, genetic improvement, and conservation.

2. Results
2.1. SNP Markers Distribution and Quality

A total of 22046 SNPs was initially obtained from 40 rice genotypes. After filtering criteria, a total
of 3473 SNP markers spanning a cumulative physical length of 371.39 Mb across the 12 rice
chromosomes (Chr) were retained for genetic diversity analyses (Figure 1A). The distribution of SNP
markers showed a moderate heterogeneity, ranging from 6.94 SNP/Mb (Chr10) to 10.53 SNP/Mb
(Chr3) (Figure 1B). The highest marker densities were observed on Chr3 (10.53), Chr2 (10.41) and
Chr1 (10.29), indicating relatively dense marker coverage in these regions. In contrast, lower densities
were observed on Chrl0 (6.94), Chr9 (7.59) and Chr8 (7.82). Chrl harbored the highest number of
SNP markers 445, while Chr10 had the lowest (161). Overall, SNPs were well distributed across the
genome.

Among the retained SNP markers, 65.8% had a call rate above 98%, while 34.2% had a call rate
of 97% (Figure 2).

Analysis of rice genome revealed that 63.2% of mutations were transitions (A/G and C/T) and
36.8% were transversions (A/C, A/T, G/C, G/T), resulting in a Ts/Tv ratio of 1.72 (Figure 3). Among
transitions for A/G and C/T accounted for 31.4% and 31.8% of polymorphisms, respectively, while
transversions were distributed as 10.2% (A/C), 9.7% (G/T), 9.4% (A/T) and 7.5% (G/C).
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Figure 1. Distribution of SNP markers across the 12 rice chromosomes showing variation in marker count and
density.
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Figure 2. SNP markers by call rate proportion after applying filtering criteria (call rate >95% and MAF >5%).
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Figure 3. The distribution of SNP transitions and transversions mutation types across the genomes of the 40 rice
genotypes.
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2.2. Genetic Diversity Parameters and Visualization

A total of 98.04% of retained loci were polymorphic (Table 1). Polymorphic information content
(PIC) ranged from 0.000 to 0.375 averaging 0.250. Unbiased expected heterozygosity (uHe) varied
from 0.000 to 0.506 with a mean of 0.314, whereas, observed heterozygosity (Ho) was lower, ranging
from 0.000 to 0.750, with mean of 0.125 (Supplementary File S1; Figures S3-S5).

Table 1. Genetic diversity parameters across 40 rice genotypes using 3473 SNP markers.

Parameter Minimum Maximum Mean *= SE
Observed heterozygosity (Ho) 0.000 0.750 0.125 + 0.001
Unbiased expected heterozygosity (uHe) 0.000 0.506 0.314 +0.003
Polymorphic information content (PIC) 0.000 0.375 0.250 + 0.002
Total number of SNP 3473
% of polymorphic loci 98.04

e  Principal coordinate analysis (PCoA) and Neighbor-joining (NJ) tree

Principal coordinate analysis (PCoA) and neighbor-joining (N]J) tree constructed based on a
Manhattan dissimilarity index derived from 3473 SNP markers revealed clear genetic structuring
among the 40 rice genotypes. The pairwise dissimilarity index ranged from 0.05 to 1.00, with a mean
value of 0.70 (Supplementary File S1; Figure S7). The lowest dissimilarity (0.05) was observed
between genotypes G33 and G52, whereas the highest dissimilarity (1.00) was recorded between
genotypes G36 and G65. For PCoA (Figure 4), the first two principal coordinates both had eigenvalues
greater than 1 and together explained 48.29% of the total variation (PCol = 34.21%; PCo2 = 14.08%)
and were therefore used to visualize genetic relationships among genotypes (Supplementary File S1;
Table S2). The resulting scatterplot resolved the genotypes into three distinct clusters (Supplementary
File S1; Figure S6). Landraces were distributed across all clusters, whereas improved lines were
confined to cluster 1. This cluster was clearly separated from clusters 2 and 3, indicating greater
genetic divergence. Differences in within-cluster dispersion were also observed, with cluster 2
forming a compact grouping, while cluster 1 showed a wider spread (Supplementary File S1; Table
S1). The NJ tree clustering pattern was mostly consistent with the principal coordinate analysis
(Figure 5).
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Figure 4. Principal coordinate analysis, illustrating the genetic relationships among rice genotypes. Ellipses

represent 95% confidence intervals of the spread. Genotypes names are listed in Table 5.
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Figure 5. SNP-based Neighbor-Joining tree showing the genetic relationships among 40 rice genotypes. The
major clusters are indicated by different colors. Genotypes names are listed in Table 5.

2.3. Population Structure Analysis

e  Admixture

The optimal number of subpopulations was K =4, as determined by the minimum cross-entropy
criterion (Supplementary File S1; Figure S8). At this level, four distinct subpopulations and an
admixed group were identified (Figure 6). Subpopulation I comprised 10 genotypes (G44, G48, G49,
G56, G59, G65, G66, G67, G68 and G69), while Subpopulation II included 11 genotypes (G06, G14,
G18, G25, G36, G38, G40, G50, G51, G54 and G60). Subpopulation III consisted of 3 genotypes (G27,
G39 and G58), and Subpopulation IV contained 8 genotypes (G07, G11, G12, G17, G19, G33, G45 and
G52). The admixed group comprised 8 genotypes (G02, G21, G34, G41, G42, G53, G55 and G62)
(Supplementary File S1; Table S3). No completely pure subpopulation was observed, as all four
subpopulations exhibited average ancestry coefficients ranging from 80% to 90%, indicating varying
degree of shared ancestry. In contrast, the admixed group showed a lower average ancestry
coefficient of about 50%, reflecting substantial genetic admixture. The inferred population structure
did not fully correspond with the clustering patterns observed in the neighbor-joining tree and
principal coordinate analysis. However, broadly consistent patterns were evident, as most genetically
related individuals were grouped together across the different analytical approaches.
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Figure 6. Population structure inferred from admixture analysis at K = 4. Each individual is represented by a
vertical bar portioned into color segments corresponding to estimated ancestry proportions (Q-values) across
the four clusters.
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e Population genetic diversity parameters

Subpopulation III was the most genetically diverse, recording the highest values for observed
heterozygosity (Ho = 0.320), unbiased expected heterozygosity (uHe = 0.313), and nucleotide
diversity (m = 0.313), however this subpopulation consists of only three genotypes (Table 2). In
contrast, Subpopulation IV was the least diverse exhibiting the lowest values for Ho (0.061), uHe
(0.132), 7 (0.132), and percentage of polymorphic loci (45.93%). Polymorphic information content
(PIC) values were generally low across subpopulations, ranging from 0.082 in Subpopulation IV to
0.161 in Subpopulation I, while the admixed group exhibited slightly higher value (0.172). Across all
subpopulations and the admixed group, unbiased expected heterozygosity (uHe) generally exceeded
observed heterozygosity (Ho), resulting in overall positive inbreeding coefficient (Fis = 0.357).
Subpopulation II exhibited the highest level of inbreeding (Fis = 0.551), whereas Subpopulation III
had the lowest (Fis = -0.064).

Table 2. Population genetic diversity parameters (mean + SE) calculated for each subpopulation and admixed
group.

Parameter n Ho uHe PIC %P Fis 14
SubpopI 10  0.120+£0.002  0.283+0.003 0.161 +0.002 78.52 +0.70 0.528 +0.006 0.283 + 0.003
SubpopII 11  0.081+0.002  0.226 +0.004 0.130 +0.002 65.65+0.81 0.551 +0.006 0.226 + 0.004
Subpop III 3 0.320+0.005  0.313 +0.004 0.156 +0.002 67.81 +0.79 -0.064 + 0.008 0.313 + 0.004
Subpop IV 8 0.061 +0.002  0.132 +0.003 0.082 +0.002 45.93 +0.85 0.414 +0.008 0.132 + 0.003
Admixed 8 0.183 +0.003  0.309 +0.003 0.172 +0.002 81.57 +0.66 0.355 +0.006 0.309 + 0.003
Overall 40 0.153+0.003 0.253 +0.004 0.140 +0.002 67.90 +0.76 0.357 +0.007 0.253 + 0.003

Key: n = number of genotypes; Ho = observed heterozygosity; uHe = unbiased expected heterozygosity; PIC =

polymorphic information content; %P = percentage of polymorphic loci; Fis = inbreeding coefficient; n =

nucleotide diversity; Subpop = subpopulation.

e  Pairwise fixation index (Fsr) and Nei’s genetic distance

Genetic differentiation among the four subpopulations was further assessed using pairwise
fixation index (Fst) and Nei’s genetic distance (Table 3). The overall Fsracross all groups was 0.267,
indicating a substantial level of population structure. The pairwise Fsr values ranged from 0.170 to
0.458, with the highest genetic differentiation between Subpopulation I and IV (Fsr = 0.458), and the
lowest between Subpopulation I and III (Fsr = 0.170). The admixed group showed low levels of
differentiation from Subpopulation II and III. These results were largely consistent with the pattern
obtained for Nei’s genetic distance analysis which ranged from 0.131 to 0.284, with an overall value
of 0.154. The greatest divergence was again detected between Subpopulations I and IV (0.284),
whereas the lowest was between II and III (0.131).

Table 3. Pairwise estimates of genetic differentiation among the four subpopulations and the admixed group,

with Fst values presented below the diagonal and Nei’s genetic distances shown above the diagonal.

Nei’s genetic distance

Subpopulation I i 11 v Admixed
I 0 0215 0.155 0.284 0.146
e I 0.336 0 0.131 0.148 0.058
I 0.170 0.184 0 0.229 0.094
v 0.458 0.347 0.443 0 0.077
Admixed 0.200 0.077 0.056 0.163 0

Key: Fst = pairwise fixation index.

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202604.1491.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 22 April 2026

e Analysis of molecular variance

Analysis of Molecular Variance (AMOVA) revealed that 32.90% of the total genetic variation
was attributable to differences among subpopulations (variance component = 311.36), whereas
67.10% occurred within subpopulations (variance component = 635.11) (Table 4). The variation
among subpopulations was significance based on Monte Carlo permutation test with 999 replicates
(p = 0.001), with the observed variance component (311.36) exceeding the expected variance under
random distribution (-0.22).

Table 4. Analysis of molecular variance (AMOVA) showing the partitioning of genetic variation among

subpopulations and within subpopulations.

Source df SS MS Est. var % variation ®@-statistics P-value
Among subpopulations 4  12208.30 3052.07 311.36 32.90 0.329 0.001
Within subpopulations 35 22228.81  635.11 635.11 67.10
Total 39 34437.10 883.00 946.47 100

Key: df = degree of freedom; SS = sum squares; MS = mean squares; Est. var = estimated variance.

3. Discussion

This study used single nucleotide polymorphism (SNP) markers to assess genetic diversity and
population structure among 40 rice genotypes. SNP markers estimate genetic relatedness and allelic
variation to inform breeding decisions. The observed genetic diversity can be leveraged to broaden
the genetic base and improve germplasm utilization by guiding parental selection.

Stringent filtering retained 3473 SNPs across 12 rice chromosomes (Chr) and 371 Mb, providing
good genome coverage. Moderate SNP density, higher on Chrl — Chr3 and lower on Chr8 — Chr10,
likely reflected differences in recombination, gene distribution, or selection pressures. However, this
variation suggested no major chromosomal bias affecting diversity estimates. Similarly, author [25],
reported higher SNP density on Chrl and lower on Chr9 using 15020 SNPs across 373 Mb. Differences
in SNP numbers may arise from genotyping platforms, sample quality, and filtering criteria,
influencing diversity and population structure estimates [23]. High call rates confirm reliability, while
the predominant transition over transversion mutations aligns with DArTseq studies [26], further
supporting marker quality.

Polymorphisms are allelic or chromosomal variations that underpin genetic diversity [27]. The
high proportion of polymorphic loci indicated substantial genetic variability within the panel. Mean
polymorphic information content showed moderate informativeness, consistent with bi-allelic SNP
expectations [28], supporting their reliability for diversity and population structure analyses. The
heterozygosity deficit (uHe>Ho) may be attributed to inbreeding, population structure, or self-
pollinating nature of rice. Although autogamy reduces individual heterozygosity, Oryza sativa
maintains considerable allelic diversity at the population level due to its complex domestication and
evolutionary history [29,30]. These findings align with previous reports [31,32], confirming the
expected genetic structure of self-pollinating rice.

Principal coordinate analysis (PCoA) and the neighbor-joining (NJ) tree are used to assess
genetic relationships among genotypes [33]. PCoA reduced SNP dimensionality and grouped
genotypes into three distinct clusters, supported by a high average Manhattan dissimilarity index.
These clusters likely reflected evolutionary divergence, historical selection, or breeding practices
shaping the panel’s genetic structure. The NJ tree confirmed the PCoA grouping, indicating robust
genetic relationships. These findings align with author [26], who identified three groups among 94
rice genotypes using principal component analysis, and author [34], who classified 365 rice landraces
into two groups using PCoA. Despite differences in methods and population size, the results
highlight the reliability of ordination-based approaches in revealing population structure. The
clusters represent distinct genetic pools useful for parental selection and broadening the genetic base.
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Model-based admixture analysis estimates ancestry and allows partial membership across
populations, making it effective for resolving germplasm with mixed breeding histories [35]. Using
a 60% ancestry threshold (Q > 60%), genotypes were grouped into four subpopulations with 20%
classified as admixed. The fourth subpopulation, undetected by PCoA and the NJ tree, highlighted
the method’s sensitivity to subtle genetic structure. The admixed group reflected mixed ancestry from
historical gene flow and recombination, making these genotypes valuable for breeding and
association studies due to enhanced detection of loci controlling key agronomic traits [36]. Similar
thresholds (Q > 60%) have been used to classify rice genotypes into subpopulations and admixed
groups [21,23], supporting this approach for population structure analysis.

Differences between distance and model-based approaches are expected. Distance methods
capture broad genetic divergence, whereas admixture analysis partitions ancestry to detect finer-
scale structure [37]. Similar inconsistencies have been reported in rice [38]. Thus, these methods are
complementary: distance-based clustering identifies divergent parents, while admixture analysis
reveals ancestry, gene flow, and stratification, essential for introgression and association mapping
[39,40].

Clustering of most improved lines within Subpopulation I suggested a narrow genetic base
among breeding materials, although overlap with landraces indicated potential introgression.
Subpopulation III showed the highest heterozygosity and nucleotide diversity, indicating potential
as an allelic reservoir; however, these estimates should be interpreted cautiously due to the small
sample size (n = 3), which may increase sampling bias as noted by authors [41] and [42]. Nevertheless,
evidence from maize suggests that heterozygosity and genetic differentiation (Fsr) can be reliably
estimated using high-density SNP datasets (>1000), with few individuals, although inbreeding
coefficients remain less reliable [43].

Based on conventional Fsr thresholds proposed by author [44], values of 0.15 — 0.25 and >0.25
indicate moderate and strong genetic differentiation, respectively [45]. The observed Fsr value (0.267)
therefore indicated strong differentiation among subpopulations, confirming substantial genetic
structure within the panel. Pairwise comparisons further revealed high differentiation between
Subpopulations I and 1V, suggesting their suitability as divergent parental pools for breeding. In
contrast, the low differentiation among Subpopulations II, III, and the admixed group indicated
closer genetic relatedness, with most genotypes from these groups clustering together in the PCoA
and NJ tree. Overall, these results confirm structured genetic diversity within the panel, a
characteristic feature of Oryza sativa germplasm that has been widely reported in previous studies
[26,46,47].

The population structure was further supported by the analysis of molecular variance, which
revealed that most genetic variation occurred within rather than among subpopulations. Although
Oryza sativa is predominantly self-pollinating with low heterozygosity, the high within
subpopulations variation likely reflected allelic richness rather than heterozygosity per se. This
pattern is typical of selfing species, where diversity is partitioned into homozygous lineages, and
population differentiation is mostly driven by allele frequency differences [48]. The high within-
subpopulation variation may also reflect historical admixture, introgression, and the use of diverse
germplasm in breeding [49]. Nevertheless, the significant among subpopulations variance indicated
meaningful differentiation, consistent with the observed pairwise fixation index. Overall, these
patterns highlight structured diversity of the panel, providing divergent parents and a broad genetic
base for selection. These findings align with trends reported in other rice germplasm studies [34,37].

4. Materials and Methods
4.1. Plant Materials

Forty lowland rainfed rice genotypes were evaluated in this study (Table 5). Among these, 34
were landraces cultivated for many years in the Zambezi valley of central Mozambique, while six
were improved lines introduced by the International Rice Research Institute and AfricaRice. All
genotypes are conserved at the Regional Centre for Rice Leadership and Research (CLIPA) of the
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Mozambique Agricultural Research Institute (ILAM), located in Namacurra, Zambezia, Mozambique
(17°29'35.1" S, 37°00'34.0" E).

Table 5. List of forty rice genotypes evaluated in the present study.

Entry No. Genotype Name Origin Type Notes
G02 Fardamento ITIAM Landrace Rainfed lowland
G06 Mpulo IIAM Landrace Rainfed lowland
G07 Mamima IIAM Landrace Rainfed lowland
Gl11 Mucabo IIAM Landrace Rainfed lowland
G12 Nhacungo IIAM Landrace Rainfed lowland
Gl14 Muindeia IIAM Landrace Rainfed lowland
G17 Paulo IIAM Landrace Rainfed lowland
G18 Chinchurica IIAM Landrace Rainfed lowland
G19 Ercidji ITAM Landrace Rainfed lowland
G21 Muluabo ITAM Landrace Rainfed lowland
G25 Sabuadigae IIAM Landrace Rainfed lowland
G27 Mucamba IIAM Landrace Rainfed lowland
G33 Nene IIAM Landrace Rainfed lowland
G34 Canduacafri IIAM Landrace Rainfed lowland
G36 Angelo IIAM Landrace Rainfed lowland
G38 Mucandra IIAM Landrace Rainfed lowland
G39 Nasoco IIAM Landrace Rainfed lowland
G40 Nasaia IIAM Landrace Rainfed lowland
G41 Mwenhe IIAM Landrace Rainfed lowland
G42 Mutanzania ITAM Landrace Rainfed lowland
G44 Mexoeira IIAM Landrace Rainfed lowland
G45 Bridhan P-14 ITAM Landrace Rainfed lowland
G48 Sinabibi ITAM Landrace Rainfed lowland
G49 Simao IIAM Landrace Rainfed lowland
G50 Namapupa IIAM Landrace Rainfed lowland
G51 Tacabina IIAM Landrace Rainfed lowland
G52 Chupa IIAM Landrace Rainfed lowland
G53 Agulha IIAM Landrace Rainfed lowland
Gb4 Carrungo IIAM Landrace Rainfed lowland
G55 Indamula IIAM Landrace Rainfed lowland
Gb56 Balachao IIAM Landrace Rainfed lowland
G58 Vitinho IIAM Landrace Rainfed lowland
G59 Aviao Branco ITAM Landrace Rainfed lowland
G60 Namurawani IIAM Landrace Rainfed lowland
G62 B1P15 Africa rice Line Rainfed lowland
G65 B1P02 Africa rice Line Rainfed lowland
G66 B1P11 Africa rice Line Rainfed lowland
G67 B1P01 Africa rice Line Rainfed lowland
G68 IRB1P21 IRRI Line Rainfed lowland
G69 IRB1P26 IRRI Line Rainfed lowland

4.2. Genotyping

e  Sample Preparation and DNA Extraction

Five grams of rice seeds per genotype were submitted to SEQART AFRICA for genotyping
(International Livestock Research Institute, Nairobi, Kenya). Genomic DNA was extracted from
young leaf tissue using the NucleoMag Plant DNA extraction kit (Macherey-Nagel, Diiren, Germany)
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per manufacturer protocols. The concentration of the extracted DNA ranged between 50 and 100
ng/uL. DNA quality and quantity were assessed by electrophoresis on 0.8% agarose gel.

e  Library preparation and sequencing

Genotyping libraries were prepared using the DArTseq™ Genotyping-by-Sequencing platform,
based on the complexity reduction method [50]. Genomic DNA was digested with Pstl and Msel
restriction enzymes, followed by ligation of barcoded adapters to the digested fragments. Adapter-
ligated fragments were amplified by polymerase chain reaction (PCR) to selectively enrich fragments
and generate sequencing-ready libraries. The amplified libraries were sequenced using single-read
runs (138 cycles) on the NovaSeq X platform (Illumina Inc.).

e SNP calling and alignment to rice reference genome

Raw reads were processed using DArTsoft14 [50]. After filtering and demultiplexing, identical
sequences were collapsed into unique tags and aligned to identify SilicoDArT and SNP markers.
SilicoDArT and SNP Markers were scored in binary format (1 = presence; 0 = absence) of the
restriction fragment with the marker sequence in genomic representation of the sample. Additionally,
markers were aligned to the Rice_v9 reference genome, originally obtained from the Phytozome
database, to determine their chromosomal positions and distribution.

e  SNP filtering and quality control

Raw SNP data in Variant Call Format (VCF) were imported into R using the vcfR package
version 1.15.0 [51]. The VCF file contained 70 genotypes; however, only 40 genotypes (Table 5),
previously used in a drought tolerance screening study by authors [17] were extracted for further
analysis. Criteria for quality control included removal of unknown chromosomes, non-informative
monomorphic loci, and loci with more than 10% missing data. SNP markers with minor allele
frequency >0.05 and call rate >95% were retained (Supplementary File S1; Figures S1 and S2).

4.3. Data Analysis

SNP markers distribution across the 12 rice chromosomes was characterized, and marker quality
was evaluated based on polymorphic information content (PIC), and call rate using custom R
functions. Genetic diversity was assessed using standard parameters, including observed
heterozygosity (Ho), unbiased expected heterozygosity (uHe) [52], minor allele frequency, and
percentage of polymorphic loci using the adegenet package version 2.1.11 [53]. Genetic relationships
among genotypes were examined using the Manhattan dissimilarity index, followed by principal
coordinate analysis [54] and construction of a neighbor-joining tree [55] using the ape package
version 5.8.1 [56].

Population structure and admixture were inferred using sparse non-negative matrix
factorization to estimate the ancestry of the 40 rice genotypes, implemented in the LEA package
version 3.22.0 [57]. Genotypes were assigned to subpopulations based on their maximum ancestry
coefficient (Q); those with Q > 60% were classified into a specific subpopulation, while genotypes
with Q <60% were considered admixed. The optimum number of subpopulation (K) was determined
by testing K=1-10, with 10 iterations per K value, and selecting the K with the lowest cross-entropy
criterion.

The following parameters were estimated for each subpopulation: observed heterozygosity and
unbiased expected heterozygosity using the adegenet package, inbreeding coefficient (Fis) and
pairwise differentiation (Fsr) [58], Nei’s standard genetic distance [59] using the hierfstat package
version 0.5.11 [60], while nucleotide diversity [61] was calculated using the pegas package version
1.4 [62]. Genetic differentiation among populations was assessed using analysis of molecular variance
[63], implemented in the poppr version 2.9.8 [64]. Data analyses were performed in R version 4.5.1
[65] (Supplementary File S2; R scripts).
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5. Conclusions

This study demonstrated that DArTseq SNP markers effectively revealed moderate genetic
diversity among Mozambican rice genotypes, defining four distinct subpopulations with 20%
admixture. Significant differentiation among subpopulations, together with substantial allelic
variation within genotypes, provides a rich foundation for crop improvement. Subpopulations I and
IV represent promising parental pools for enhancing heterosis and broadening the genetic base. The
observed population structure likely reflects the combined effects of selection pressure, historical
divergence, and gene flow. Overall, this study provides a framework for the conservation,
management, and strategic use of rice germplasm in Mozambique. The findings offer practical
guidance for parent selection and the development of cultivars adapted to lowland rainfed systems,
supporting efforts to improve rice productivity and food security in Mozambique.

Supplementary Materials: The following supporting information can be downloaded at: Preprints.org,
Supplementary File S1: Additional Results; Supplementary File S2: R Scripts used for data analysis.
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