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Abstract 12 

Accurate characterization of genetic variation is fundamental to genomics. While long-read 13 
sequencing technologies promise to resolve complex genomic regions and improve variant 14 
detection, their application in polyploid and complex genomes remains challenging. Here, 15 
we systematically investigate the factors influencing variant calling accuracy using long 16 
reads. Using human trio data with known variants to simulate variable ploidy levels (diploid, 17 
tetraploid, hexaploid), we demonstrate that while variant sites can often be identified 18 
accurately, genotyping accuracy significantly decreases with increasing ploidy due to allelic 19 
dosage uncertainty. This highlights a specific challenge in assigning correct allele counts in 20 
polyploids even with high depth, separate from the initial variant discovery. We then 21 
assessed variant detection performance in genomes with varying complexity: the relatively 22 
simple diploid Fragaria vesca, the tetraploid Solanum tuberosum, and the highly repetitive 23 
diploid Zea mays. Our results reveal that overall variant calling accuracy correlates more 24 
strongly with inherent genome complexity (e.g., repeat content) than with ploidy level alone. 25 
Furthermore, we identify a critical mechanism impacting variant discovery: structural 26 
variations between the reference and sample genomes, particularly those containing 27 
repetitive elements, induce spurious read mapping. This leads to false variant calls, 28 
constituting a distinct and more dominant source of error than allelic-dosage uncertainty. 29 
Our findings underscore the multifaceted challenges in long-read variant analysis and 30 
highlight the need for ploidy-aware genotypers, complexity-informed variant callers, and 31 
bias-aware mapping strategies to fully realize the potential of long reads in diverse 32 
organisms. 33 
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 34 

Background 35 

The comprehensive identification and genotyping of genetic variants, including single 36 
nucleotide variants (SNVs), small insertions/deletions (indels), and structural variations 37 
(SVs), are crucial for understanding genotype-phenotype relationships, population genetics, 38 
and evolutionary processes [1]. The advent of long-read sequencing technologies, such as 39 
Pacific Biosciences (PacBio) and Oxford Nanopore Technologies (ONT), has significantly 40 
advanced variant detection capabilities. Long reads can span repetitive regions, resolve 41 
complex structural rearrangements, and facilitate haplotype phasing, overcoming limitations 42 
inherent to short-read sequencing [2,3]. 43 
 44 
Third-generation long-read sequencing technologies, namely Pacific Biosciences HiFi 45 
(high-fidelity) and Oxford Nanopore duplex reads, have recently transformed variant 46 
detection capabilities. PacBio HiFi reads (~15–20 kb in length) now exceed 99.9% per-47 
base accuracy [2], and Nanopore duplex sequencing (reading both DNA strands) achieves 48 
a similar level of quality [4]. These improvements allow reads to span and disambiguate 49 
many repetitive regions and structural variants, markedly enhancing variant calling 50 
sensitivity in regions that were previously “difficult” [5]. 51 
 52 
Despite these advantages, accurate variant calling in non-model organisms, particularly 53 
those with polyploid or highly complex genomes, remains a significant hurdle [6]. 54 
Polyploidy, the state of having more than two complete sets of chromosomes, is 55 
widespread in plants and also occurs in some animals and fungi. It introduces challenges 56 
related to discriminating between homologous, paralogous, and homeologous sequences, 57 
and accurately determining allelic dosage (the number of copies of each allele at a 58 
heterozygous site) [7]. While long reads can help distinguish haplotypes, accurately 59 
genotyping variants remains difficult [8]. 60 
 61 
Genome complexity, encompassing factors like high repeat content, elevated 62 
heterozygosity, segmental duplications, and large repertoires of SVs relative to the 63 
reference, further complicates variant analysis irrespective of ploidy [9]. These features can 64 
lead to ambiguous read mapping, collapsed assemblies, and erroneous variant calls [10]. 65 
While long reads are expected to ameliorate some mapping issues associated with 66 
repeats, the interplay between ploidy, inherent genome complexity, and the accuracy of 67 
long-read based variant calling requires systematic investigation. Specifically, it is unclear 68 
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whether ploidy itself or the associated/independent genome complexity is the primary 69 
determinant of performance degradation. 70 
 71 
Furthermore, reference genomes often represent only one haplotype or accession, while 72 
significant structural variation exists between individuals or accessions within a species 73 
[11]. The impact of such reference-sample divergence, particularly SVs containing repetitive 74 
elements, on long-read mapping fidelity and subsequent variant discovery (identifying the 75 
presence of a variant allele) needs careful characterization. Mis-mapping influenced by SVs 76 
could potentially create false variant signals or mask true variants, representing a distinct 77 
error source from genotyping uncertainty. 78 
 79 
Accurate variant calling in polyploids is notably complicated by issues such as read 80 
mapping errors and allelic dosage uncertainty stemming from their complex genomic nature 81 
[12]. However, despite the promise of long-read sequencing to potentially mitigate some of 82 
these challenges, the specific impact of polyploidy on long-read variant calling accuracy, 83 
particularly the precise nature of remaining obstacles and overall performance benchmarks, 84 
remains largely uninvestigated. 85 
 86 
This study aims to dissect the relative contributions of ploidy, genome complexity, and 87 
reference-sample structural divergence to the accuracy of variant calling using long reads. 88 
We leverage human trio data with high confidence variant calls as a ground truth to assess 89 
the specific impact of allelic dosage uncertainty in simulated polyploid scenarios. We then 90 
compare variant calling performance across plant genomes exhibiting different levels of 91 
ploidy and complexity. Finally, we investigate the mechanisms by which SVs between 92 
reference and sample genomes affect read mapping and variant discovery accuracy. 93 
 94 
Results 95 
Reassessing Variant Calling Parameters for Long-read Alignments 96 
Popular variant-calling tools, GATK and Freebayes, have consistently shown stable 97 
software performance even when analyzing polyploids using long-read mapping data, and 98 
were therefore selected for this study. Although AI-based methods optimized specifically for 99 
diploid genotyping using long-read mapping data have been developed and have 100 
demonstrated remarkable performance [13–15], these approaches currently remain 101 
inapplicable to polyploid genotyping. Optimized parameter settings and filtration methods 102 
for PacBio HiFi data have been previously reported for GATK. Therefore, we first evaluated 103 
whether these recommended settings would also be applicable to Freebayes, for which 104 
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comparable community guidelines currently do not exist for highly accurate long read data. 105 
HiFi-GATK removes reads with a mapping quality (MQ) lower than 60, whereas Freebayes 106 
probabilistically down-weights low-MQ reads to retain as much information as possible. 107 
Therefore, we applied a post-hoc filtering step to Freebayes results by varying MQM 108 
thresholds. When low-MQ reads were included as input to GATK, the results were largely 109 
unchanged, although a very slight decrease in F1 score was observed. Therefore, we 110 
retained the parameter setting for HiFi-GATK. For Freebayes, although no changes were 111 
observed at threshold 50, raising MQM to 60 slightly increased precision but considerably 112 
reduced recall, resulting in an overall decrease in the F1 score. FreeBayes achieved an 113 
overall F1 of 0.943 (precision 0.920, recall 0.967). Increasing the MQM threshold to 60 114 
slightly lowered F1 (Figure 1). We also evaluated whether the variant-type-specific filtration 115 
approach adopted by HiFi-GATK could improve the performance of Freebayes. However, 116 
this approach resulted in only a slight increase in precision accompanied by a larger 117 
reduction in recall (Figure 1). Overall, parameters and filtration methods used in the 118 
previous study demonstrated the best performance; thus, we retained the parameters 119 
default for Freebayes [16]. 120 
 121 

 122 

Figure 1 Imposing input constraints yields no appreciable improvement in the FreeBayes 123 
model. 124 
 125 
We also examined statistics pertaining to the alignments. Upon evaluating alignment 126 
quality, we found that the average mapping rate was consistently high (>99%) across all 127 
genomes, although F. vesca showed a slightly lower rate at 98%. Interestingly, among 128 
mapped reads, the proportion with a mapping quality (MQ) score of 60 was slightly higher 129 
in plant genomes (F. vesca: 96.5%, S. tuberosum: 97.0%, Z. mays: 96.5%) compared to 130 
the human genome (94.1%). This result contrasts with our expectation that mapping quality 131 
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would decrease in more complex plant genomes. Additionally, while the proportion of reads 132 
with MQ=0 was low in all species, reads with MQ=1 were slightly more prevalent in human 133 
(3%) compared to plant genomes (~1%). The implications of these MQ characteristics on 134 
variant calling will be discussed in a later section. 135 
 136 
Allelic Dosage Uncertainty Limits Genotyping Accuracy in Polyploids 137 
To distinguish between sequence-based features and allele-dosage uncertainty arising 138 
from polyploidy, we performed evaluations using the well-established human trio genome 139 
as a standard reference. Following the approach established in a previous study [16], we 140 
constructed synthetic polyploid test samples with known truth using the Ashkenazi trio 141 
(HG002/HG003/HG004 from Genome in a Bottle) (see Methods). In brief, we merged the 142 
parental genomes to simulate an autotetraploid (4x) and combined both parents plus child 143 
for a hexaploid (6x) genomes. PacBio HiFi reads for the relevant individuals were pooled 144 
and randomly subsampled to generate 10, 30, 50, 70, and 90× coverage for each synthetic 145 
polyploid. Variants were then called on these datasets assuming ploidy 2, 4, or 6. 146 
 147 
Although performance declines as ploidy increases, ensuring sufficient coverage per 148 
haploid genome can partially mitigate this loss (Figure 2). GATK performance was 149 
comparable to, and only marginally better than, the Illumina results reported in prior studies 150 
[16]. Overall, GATK maintained high genotyping accuracy in diploids and, given adequate 151 
coverage, showed only a modest decline even in tetraploids. For FreeBayes, performance 152 
in diploids showed little variation, but it deteriorated markedly as ploidy increased (Figure 153 
2). Although sufficient sequencing depth is important, the results suggest additional factors 154 
that coverage alone cannot compensate for. Variant-type stratification revealed that 155 
FreeBayes’s performance decline is driven largely by indels (Figure S1 and S2). Indels are 156 
more susceptible than SNVs to platform-specific sequencing biases, which likely accounts 157 
for the reduction. 158 
 159 
Allele detection exhibited the same pattern. With GATK, reliable detection was achievable 160 
at lower sequencing depths, and once a moderate depth was reached, accuracy remained 161 
high irrespective of ploidy level (Figure 3). For allele detection, performance for both SNVs 162 
and indels reaches a plateau at about 30 × coverage (Figure S3). In tetraploids, however, 163 
raising coverage beyond this level for indels correlates with the calling of spurious variants 164 
and, intriguingly, a decline in precision (Figure S4). 165 
 166 
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 167 
Figure 2 Performance of small variant genotyping on the synthetic human polyploid 168 
genome using high-accuracy long reads. Precision, recall, and F1 scores are presented. 169 
 170 

 171 
Figure 3 Performance of small variant detection on the synthetic human polyploid genome 172 
using high-accuracy long reads. Precision, recall, and F1 scores are presented. 173 
 174 
Critically, one of major errors in the polyploid calls was genotyping errors. The variant was 175 
often flagged by the caller, but the exact genotype (allelic copy number) was mis-assigned. 176 
This aligns with theoretical expectations – as ploidy rises, each haplotype is covered by 177 
fewer reads on average, making it harder to distinguish a real low-frequency variant from 178 
sequencing error noise [12]. Nonetheless, the fact that precision and recall only dipped a 179 
few percentage points by tetraploidy indicates that allelic dosage uncertainty, while present, 180 
is manageable with GATK at typical coverage. A further salient issue is the difficulty of 181 
genotyping indels, a limitation most pronounced with FreeBayes. By contrast, for SNVs 182 
FreeBayes performs on par with, or marginally better than, GATK. SNV detection was 183 
reliable with both tools, and GATK proved more robust for indel calls. Encouraged by 184 
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evidence that performance remains strong even in highly polyploid genomes, we extended 185 
our analyses to genomes with distinct characteristics. 186 
 187 
Reference bias and repetitive sequences are the dominant sources of errors 188 
By employing synthetic polyploids derived from human genomes, we confirmed that variant 189 
detection performance remains robust and established a baseline for evaluating genotyping 190 
accuracy across increasing ploidy levels. Using these results as a reference, we further 191 
evaluated performance on genomes with sequence characteristics distinct from those of 192 
humans. To test whether the error patterns detected in the synthetic human benchmarks 193 
generalize to non-human genomes with contrasting architectures, we next analyzed three 194 
plant species chosen to span a gradient of size, ploidy, and repeat content—Fragaria vesca 195 
(220 Mb, diploid), Solanum tuberosum (840 Mb, tetraploid), and Zea mays (2.1 Gb, diploid 196 
but highly repetitive). These species also offer agronomic relevance and have recently 197 
obtained, near-complete reference assemblies, allowing variant calls to be assessed under 198 
conditions comparable to the human dataset. 199 
 200 
Even with long reads, alignment issues caused by an imperfect reference genome 201 
emerged as a primary contributor to false variant calls and missed variants. In the human 202 
dataset, which uses a high-quality reference (GRCh38) and where the sample is relatively 203 
well represented by that reference, difficult regions were limited. In the case of non-human 204 
organisms, a more significant concern likely arises from biases caused by differences 205 
between the reference genome and the genome under investigation. Whenever the sample 206 
genome contained an insertion or deletion not present in the reference, the aligner could 207 
introduce misalignments, causing reads to become gapped or clipped [12]. Consequently, 208 
the variant caller might identify spurious single-base differences adjacent to these 209 
alignment gaps. This phenomenon is a manifestation of reference bias, where the 210 
alignment favors the reference structure of the genome [17]. Given concerns that such 211 
reference-bias may pose practical challenges in non-human genomes [12], we proceeded 212 
with further validation analyses using the selected genomes.  213 
 214 
To define high-confidence variants relative to the reference genome, we obtained long-read 215 
sequencing data derived from the same individual used for a recently published, high-216 
quality genome assembly. Although completely eliminating sequencing errors is still 217 
challenging, recent genome assemblies have expected error rates below 1%, a level 218 
sufficiently low that it does not substantially impact the performance evaluations conducted 219 
in this study. We performed chromosome-level comparisons between these highly accurate 220 
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genome assemblies and representative reference sequences from the same species. A 221 
similar approach has already been adopted for benchmarking human genomes [18,19]; 222 
with the recent availability of high-quality genome assemblies, this methodology has 223 
become increasingly practical for wide range of organisms. By defining high-confidence 224 
genomic regions based on these comparisons, we established variants within these regions 225 
as benchmarks for subsequent analyses (Figure 4). 226 
 227 

 228 
Figure 4 Schematic overview of a semi-automated method for species lacking benchmark 229 
data 230 
 231 
To test performance in real-world complex genomes, we applied our long-read variant 232 
calling pipeline to the three plant genomes of increasing complexity. These genomes span 233 
a range from ~220 Mb (strawberry) to ~2.1 Gb (maize) and illustrate different challenges 234 
(Table 1). F. vesca has 2 sets of 7 chromosomes (2n=14) and a compact genome with 235 
relatively low repetitive content [20]. Cultivated potato is 2n=4x=48 (consisting of four 236 
homologous sets of 12 chromosomes) with a genome around 840 Mb; it contains a 237 
moderate proportion of repeats and high heterozygosity between homeologous 238 
chromosomes [21]. Maize, while diploid (2n=20), has a very large genome (~88% 239 
transposable elements) and high structural variation between different inbred lines [22,23]. 240 
We aligned reads to the respective reference genomes (the Fragaria vesca v6.0 reference 241 
genome, the Solanum tuberosum DM1-3 516 R44 v6.1 reference genome, and the Zea 242 
mays B73 v5 reference genome). Variant calling was performed with both GATK and 243 
FreeBayes (with ploidy set to 2 for strawberry and maize, 4 for potato). We evaluated the 244 
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resulting variant calls against a set of putative truth variants for each species (see Methods 245 
for truth set derivation). 246 
 247 
Table 1 Summary of plant genomes used for benchmarking analyses. 248 

Species 

(common name) 
Ploidy 

Assembly version 

(accession/Database) 
Haploid size (Mb) 

Estimated 

repeat 

content (%) 

Reference 

Fragaria vesca 

(woodland 

strawberry) 

2 × 

drFraVesc1  

(GCA_964146915,1/G

CA_964165485.1) 

220 ~35 [24] 

Solanum tuberosum 

(potato) 
4 × 

Otava v1.0 

(Spud DB) 
840 ~66 [21,25] 

Zea mays 

(maize) 
2 × 

Mo17 CAU T2T 

(GCA_022117705.1) 
2,100 ~88 [26] 

 249 
 250 
As anticipated, variant calling accuracy showed an inverse correlation with genome 251 
complexity. For the simplest genome, F. vesca, we obtained accuracy on par with human 252 
benchmarks: Overall F1 was lower than that of human, and SNV F1 was ~95% (Figure 5 253 
and S5-S7). This suggests that a high-quality diploid plant genome of small size can be 254 
surveyed for variants with nearly the same confidence as a human genome using long 255 
reads. The errors that did occur in F. vesca were mainly in small repetitive sequences and 256 
collapsed tandem repeats. In tetraploid potato, performance was clearly reduced relative to 257 
F. vesca and synthetic-tetraploid human results. SNV precision was ~70% and recall ~85% 258 
in the potato sample, indicating a huge drop in both metrics (Figure 5 and S8-S10). Finally, 259 
maize showed the greatest challenges. Because of Zea mays’ highly complex genome, 260 
vcfeval failed to process VCF file containing indels, preventing their assessment. For SNVs, 261 
genotyping performance in Zea mays fell sharply compared with diploid human and F. 262 
vesca. The decline was driven mainly by lower precision—that is, a large increase in false-263 
positive SNV calls (Figure S11). Under the same analysis pipeline, Z. mays produced false-264 
positive calls at rates tens of times higher than those observed for either the human or F. 265 
vesca genomes. The trend was clear – as genome size, repeat content, and structural 266 
heterogeneity increased, variant calling accuracy decreased (Figure 5).  267 
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 268 

Figure 5 Performance of SNV genotyping (F1 score) in Fragaria vesca, Solanum 269 
tuberosum, and Zea mays. The corresponding results for the synthetic human datasets are 270 
displayed as a semi-transparent reference trace. F1 scores for each species are presented. 271 
 272 
Notably, the maize results underscore that a highly repetitive, structurally variable diploid 273 
can be even more challenging for variant calling than a less repetitive polyploid even using 274 
accurate long reads. The maize line Mo17 (an inbred distinct from B73) carries many 275 
structural variants relative to the B73 reference [26]. Decades of maize genomic research 276 
have documented that any two maize lines can differ by presence/absence of thousands of 277 
genomic segments [27]. Our variant calling analysis reflected this: many false positives in 278 
maize were in regions where the sample’s reads were erroneously aligned due to 279 
sequence present in Mo17 but absent in the B73. In potato, the reference genome is a 280 
doubled monoploid line (essentially a haploid-derived assembly) that is divergent from the 281 
heterozygous tetraploid cultivar Otava [21]. Therefore, potato also exhibited reference-282 
mismatch issues, though on a smaller scale than maize. In summary, our analyses of plant 283 
genomes demonstrate that, with residual read and base calling errors largely mitigated by 284 
HiFi and likely ONT duplex sequencing, the principal constraint on variant-calling accuracy 285 
is how faithfully the reference genome reflects the sample genome’s repetitive and complex 286 
architecture. 287 
 288 
PAV between reference and sample induces false variant calls 289 
To better understand the errors in the plant genome variant calls, we performed a detailed 290 
error analysis, focusing on false positives unique to the long-read calls. A consistent finding 291 
was that many false SNV/indel calls were concentrated around unmodeled structural 292 
variations between the reference and the sample genome. In the maize dataset, for 293 
example, we observed clusters of false SNVs in the vicinity of large presence/absence 294 
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variants. One illustrative case was a ~55 kb SV present in the chromosome 1 of Mo17 but 295 
absent in B73 reference (Figure 6). In the alignment, reads from the large variant site 296 
partially aligned into the reference transposon sequence. The variant caller then reported 297 
numerous SNVs and small indels in that region – all of which were artifacts caused by the 298 
reads being aligned against sequence that the sample doesn’t actually have. Essentially, 299 
the alignment constrained the reads to fit the reference, and the variant caller interpreted 300 
the resulting mismatches as true variants. This is a classic case of reference bias leading to 301 
false positives. Had the transposon absence in the sample been accounted for, those reads 302 
would simply not align there (or would be gapped out), and no spurious SNVs would be 303 
called. Such alignment artefacts were a leading cause of false variant calls in maize and 304 
also contributed in the potato analysis. Although far less common, clusters of these false-305 
positive SNVs were also detected in F. vesca. 306 
 307 

 308 
Figure 6 Repeat sequences originating from a large structural variant evade existing filters 309 
and become mixed with true alignments. The light-blue arrow marks a 55 kbp insertion in 310 
Mo17, and the light-blue box highlights reads derived from this insert. 311 
 312 
The repetitive nature of plant genomes exacerbates these issues. Because maize is ~88% 313 
transposable elements [22], many of these structural differences occur in repetitive 314 
contexts. If a repeat is not present in the reference at a given locus but is present in the 315 
sample, reads may align to a homologous repeat elsewhere or in a mis-oriented way, 316 
generating spurious variant signals. 317 
 318 
To verify this directly, we simulated reads from the Mo17 genome and subjected them to 319 
the same analytical workflow. We produced whole-genome data at ~10 and 30× coverage 320 
whose length and quality profiles matched those of PacBio HiFi reads. A read was retained 321 
if more than 50 % of its bases mapped to regions where sequence homology between 322 
Mo17 and B73 could be unambiguously established. Reads that failed to meet this 323 
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threshold were discarded, because they were likely to originate predominantly from 324 
presence/absence-variation (PAV) segments. Because this threshold is deliberately 325 
conservative, the sensitivity is lower than would be expected for a diploid genome; the 326 
critical point, however, is that the precision rises to the desired level (Figure 7). 327 
Furthermore, because alignments that would otherwise generate false positives have been 328 
filtered out, the atypical decline in performance observed at high read depth has been also 329 
eliminated. 330 

 331 
Figure 7 Substantial performance improvement through additional read filtering. Simulated 332 
reads originating from regions devoid of PAV achieved the expected precision and 333 
improved recall. Precision, recall, and F1 scores are presented. 334 
 335 
In F. vesca, the closely related reference and lower repeat content meant structural variant-336 
induced errors were smaller. The majority of false positives in F. vesca were small indels in 337 
homopolymer runs or microsatellites where the exact alignment of a read could shift, a 338 
much more localized issue. Taken together, our analyses indicate that structural variants 339 
between the reference and sample, especially in repetitive regions, are a major driver of 340 
false variant calls. This finding reinforces the importance of high-quality reference genomes 341 
that capture population diversity. In crops like maize, where any given accession can have 342 
unique sequence content not in the reference (and vice versa) [27], a single reference 343 
genome will inevitably cause reference-bias artifacts in variant calling. Long-read 344 
sequencing improves read placement compared to short reads, but as our results show, it 345 
does not completely solve the reference divergence problem. These issues need to be 346 
addressed through improved algorithms or reference representations to avoid spurious 347 
variant calls that could mislead downstream analysis. 348 

 349 
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Discussion 350 

Our study demonstrates both the power and the remaining limitations of long-read 351 
sequencing for small variant detection in complex genomes. On the positive side, we show 352 
that PacBio HiFi, and likely ONT duplex long reads, enable highly accurate SNV calls even 353 
in polyploid genomes. In our human-based simulations, variant detection performance 354 
remained accurate from diploid to hexaploid, indicating that modern variant calling 355 
algorithms can accommodate the additional allele diversity with minimal loss of sensitivity 356 
or precision. This is an encouraging result for researchers working with polyploid species 357 
as it suggests that the fundamental task of identifying SNVs does not break down simply 358 
because there are more allele copies. Traditional short-read studies had hinted at decent 359 
performance in polyploids given sufficient depth [16], but long reads make this even more 360 
attainable by providing clearer haplotype information and fewer ambiguities per variant site. 361 
We found that genotype (allelic dosage) errors are the main issue in polyploid calling, 362 
rather than outright missed variants. This means that for many applications, simply knowing 363 
that a variant exists (regardless of exact zygosity) is possible with high confidence. If 364 
precise dosage is needed (e.g., distinguishing 1/4 vs 2/4 allele in a tetraploid), one may 365 
need higher coverage or specialized algorithms to reduce those errors. Although 366 
genotyping accuracy still has room for improvement, the ability to generate haplotype-367 
aware assemblies suggests that phasing-oriented strategies, such as local de novo 368 
assembly, would be particularly effective. Nonetheless, the ability to get >95% recall and 369 
precision for SNV discovery in a tetraploid like potato using ~30× long-read data is a 370 
significant step forward for plant genomics. 371 
 372 
The more sobering finding is that genome complexity, particularly the abundance of repeats 373 
and structural variation, remains the critical bottleneck of variant calling. Our analyses 374 
across strawberry, potato, and maize, albeit to varying degrees, consistently point to 375 
reference bias and repetitive sequence alignment problems as the major sources of error, 376 
even with accurate long reads. This implies that simply generating longer reads is not a 377 
complete solution; the bioinformatics must also evolve to tackle these challenges. The 378 
inter-species differences in variant-calling accuracy observed in this study appear to stem 379 
greatly from structural divergence from the reference and from species-specific repeat 380 
loads. Paradoxically, however, our initial alignment survey showed a slightly higher fraction 381 
of MQ 60 reads in the plant genomes than in the human genome. This pattern cannot be 382 
explained by overall genome complexity alone and likely reflects a composite effect of 383 
reference quality, mapper heuristics, and read characteristics. One possibility is that certain 384 
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high-copy repeat families in the human genome create greater mapping ambiguity than the 385 
more diverse repeat landscape of the plants. If that interpretation is correct, then our 386 
genotyping and simulation results together imply that the mapping-quality metric does not 387 
fully penalize the alignment ambiguity introduced by the dispersed repeat elements that 388 
pervade plant genomes. This shortcoming could account for the inflated proportion of MQ 389 
60 reads. Although a detailed investigation is beyond the scope of the present work, these 390 
findings underscore the need for caution when interpreting mapping-quality statistics. 391 
Another implication for future research is the importance of developing or using pangenome 392 
references or graph-based alignment approaches. A single linear reference is a bottleneck: 393 
if an accession’s genome differs significantly (as in maize), the aligner contorts reads to fit 394 
the reference, leading to mistakes. Graph genome representations, which incorporate 395 
alternate haplotypes, can in principle reduce reference bias by allowing reads to align to the 396 
correct version of a sequence present in the population [28,29].  397 
 398 
Another area for improvement is the handling of repetitive and multi-copy regions. Our 399 
results suggest that variant callers could benefit from explicitly modeling repeat copies or 400 
using read-based partitioning to distinguish paralogous loci. For instance, if reads were 401 
tagged by haplotype (using algorithms that phase reads, or “haplotagging”), one could 402 
potentially separate reads originating from different homeologs in a polyploid and align/call 403 
variants on each separately. This approach has been used in diploid assemblies and could 404 
be extended to polyploids. In fact, some studies have shown that haplotagging PacBio 405 
reads and then running DeepVariant can yield very high accuracy for diploid genomes [15], 406 
essentially because the reads are grouped by haplotype. For polyploids, grouping by 407 
haplotype (or subgenome) might reduce the misalignment of reads between similar copies. 408 
New variant callers such as Octopus (which was designed with polyploid support) are also 409 
incorporating statistical models to better distinguish true variant signals from sequencing 410 
noise across multiple allele copies (e.g., using probabilistic genotyping models). Continued 411 
innovation in these algorithms will be important. Our use of GATK and FreeBayes was 412 
partly due to their availability and maturity; however, newer tools and machine learning 413 
models could potentially improve genotyping of complex regions if adapted for polyploidy. 414 
 415 
It is worth noting that we excluded DeepVariant from our comparisons because it does not 416 
natively support ploidies above 2. DeepVariant has exhibited excellent performance in 417 
diploid human studies, setting a high benchmark for SNV/indel calling. Extending such 418 
deep learning methods to polyploid organisms is a tantalizing prospect. If a model could be 419 
trained to call variants in, say, a tetraploid potato, it might better utilize read evidence 420 
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across the four alleles and learn to recognize patterns of allele balance that indicate true 421 
variants versus errors. At present, the lack of polyploid training data and the complexity of 422 
multi-allelic genotype output are barriers. Another future direction is improving indel calling 423 
in homopolymer/repeat contexts. We observed that indels remain harder than SNVs to call 424 
using GATK/Freebayes that are developed for short reads. Techniques that realign reads 425 
locally (as done in the Longshot algorithm for diploids [17]) or incorporate de novo 426 
assembly refinement might help resolve complex indel representations. 427 
 428 
From an applied perspective, our findings have practical ramifications for crop genomics 429 
and breeding. For a crop like potato, our results imply that one can achieve very reliable 430 
variant calls across most of the genome using long-read sequencing, which is great for 431 
genome-wide association studies or marker discovery in polyploids. Caution is needed in 432 
highly duplicated gene families or in regions where the reference might be missing some 433 
cultivars’ sequence – those will need extra validation. For maize and other large-genome 434 
cereals, it’s clear that relying on a single reference genome will introduce erroneous 435 
variants. A pangenome approach (which the maize community has already begun building) 436 
will likely be the way forward; our data provides quantitative evidence of how much 437 
improvement is needed. In essence, the accuracy of small variant detection in complex 438 
plant genomes is now largely a function of reference quality and completeness. As 439 
reference genomes become more representative (e.g., the recent telomere-to-telomere 440 
assemblies and pan-genome drafts), variant calling will correspondingly improve. 441 
 442 
A critical point is that the problem observed in this study is not automatically remedied by 443 
simply adopting a pangenome reference. If a sample genome contains regions that are 444 
absent from the pangenome graph, the mapper’s scoring scheme can still place reads from 445 
those regions on graph nodes that share only local similarity, thereby perpetuating the 446 
alignment errors and reference bias we seek to avoid. The pangenome graph must span 447 
the widest possible range of genomic diversity. Equally important, mapping and variant-448 
calling algorithms need safeguards that catch the mis-alignments and false calls that can 449 
still slip through, even with a well-built pangenome. 450 
 451 
In conclusion, long-read sequencing technologies have substantially closed the gap in 452 
small-variant detection accuracy between model and non-model genomes. We achieved 453 
near-human diploid levels of variant calling performance in a tetraploid and demonstrated 454 
the feasibility of SNV/indel discovery in ultra-repetitive genomes like maize. Challenges 455 
remain predominantly in the bioinformatic domain: overcoming reference bias and correctly 456 
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parsing repetitive sequence signals. Addressing these will require community efforts in 457 
assembling diverse genomes, adopting graph/pangenome references, and enhancing 458 
sequence analysis algorithms. The outcome will directly benefit plant and animal genomics 459 
research, enabling more accurate genotyping for evolutionary studies, crop improvement, 460 
and beyond. 461 
 462 

Materials and Methods 463 

Data sets and genome references 464 
Human polyploid benchmarking data 465 
We used the well-characterized NA12878 Ashkenazi trio from the Genome in a Bottle 466 
(GIAB) project for our human variant calling benchmarks. High-quality variant truth sets are 467 
available for the child (HG002) and parents (HG003, HG004) on the GRCh38 reference 468 
genome. We obtained PacBio HiFi whole-genome sequencing reads (CCS reads) for these 469 
samples from public human pangenome consorthium releases (coverage ~30+× per 470 
genome) [2,30]. The GRCh38 reference assembly (with decoy sequences and ALT contigs 471 
removed) was used for alignment and evaluation. High-confidence variant calls for HG002, 472 
HG003, HG004 (GIAB v4.2.1) were downloaded to serve as ground truth [31]. 473 
 474 
Plant genomes and sample selection 475 
We selected three plant species to represent a gradient of genome complexity. Fragaria 476 
vesca (woodland strawberry) is a diploid plant with a small genome (~240 Mb, 7 477 
chromosomes); we used the F. vesca reference genome ver. 6 [32] and used a recently 478 
released independent assembly as a proxy for the sample under investigation. Solanum 479 
tuberosum (potato) is an autotetraploid (4n=4x=48) with a ~840 Mb genome; we used the 480 
DM1-3 516 R44 v6.1 reference (a doubled monoploid line [33]) and tetraploid variety Otava 481 
that has been assembled in a haplotype aware methodology [21]. Zea mays (maize) is 482 
diploid (2n=20) with an ~2.3 Gb genome rich in repeats (~88% transposable elements); we 483 
used the B73 ver. 5 reference genome and selected another inbred line Mo17 as a target 484 
genome. 485 
 486 
Construction of synthetic polyploids and truth sets 487 
For the human benchmark, we created synthetic polyploid truth sets by leveraging the 488 
known high-confidence variants of the GIAB trio. The tetraploid truth set was defined by 489 
taking the union of variant sites from HG003 and HG004 (the two parents), restricted to 490 
regions where both had confident calls. Similarly, the hexaploid truth set was the union of 491 
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HG002, HG003, HG004 variant sites. This approach follows Cooke et al. (2022) who 492 
merged GIAB callsets to benchmark polyploid calling [16]. Because the GIAB truth data are 493 
highly reliable, we treated this union as ground truth for variant existence. We simulated the 494 
sequencing of these polyploids by combining reads: all HiFi reads from HG003 and HG004 495 
were merged into one dataset for the tetraploid, and adding HG002 reads to that for the 496 
hexaploid. The read depth per haplotype was thereby roughly equal (e.g., ~15× per 497 
haplotype in the tetraploid, summing to 60× total coverage).  498 
For the plant genomes, establishing a truth set is more challenging due to lack of a priori 499 
ground truth. We aligned the high-quality assemblies to the reference genome and defined 500 
small variants located within the most confidently aligned regions as benchmarks for 501 
downstream analyses [18]. We used dipcall ver. 0.3 for the analysis. Because dipcall was 502 
originally developed for diploid genomes, we extended its functionality to enable similar 503 
analyses for the tetraploid potato genome. F. vesca is self-compatible and known for its low 504 
heterozygosity. Additionally, a haplotype-resolved genome assembly was recently released 505 
by the Tree of Life Project (specific accession details were not provided). We utilized this 506 
haplotype-resolved assembly for comparative analysis, using the representative accession, 507 
Hawaii-4, as the reference genome [20]. For S. tuberosum, we performed a similar analysis 508 
by aligning the recently reported haplotype-resolved assembly of the Otava cultivar [21] to 509 
the reference genome of doubled monoploid DM1-3 516 R44 [33]. For Z.mays, we took 510 
advantage of the availability of a reference-quality telomere-to-telomere assembly of the 511 
Mo17 inbred [26]. We aligned the Mo17 assembly to the 5th version of B73 reference to 512 
derive a comprehensive set of variants. In all cases, we restricted our precision/recall 513 
calculations to regions deemed high confidence for truth. For human, this was the GIAB 514 
high-confidence regions. These evaluation masks ensure that we are not unfairly penalizing 515 
the variant callers for variants that are essentially unresolvable or not represented in our 516 
truth data. 517 
 518 
HiFi simulation for the Zea mays genome. 519 
To simulate HiFi from ccs calling step, subreads were simulated from the Z. mays inbred 520 
line Mo17 to a depth of 30 × using PBSim3 [34] using quality score model under whole-521 
genome-shotgun settings (mean template length = 1,200 bp; pass-num = 10). Circular 522 
consensus sequence (CCS) reads were then generated from the simulated subreads with 523 
ccs command in SMRT Link 12. 524 
 525 
Alignment and variant calling pipeline 526 
Read alignment 527 
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We aligned long reads to their respective reference genomes using minimap2 ver. 2.24 528 
[35]. For PacBio HiFi reads, we used the same parameters applied in pbmm2, which 529 
employs sensitive settings for high-accuracy reads. Alignments were output in SAM/BAM 530 
format and sorted and indexed with samtools. Distribution of mapping quality was 531 
computed using stats subcommand in samtools ver. 1.17. 532 
 533 
Variant calling 534 
We evaluated two variant calling tools that support polyploid genotyping: GATK 535 
HaplotypeCaller (from GATK ver. 4.1.4) and FreeBayes (v1.3.2) [36,37]. GATK 536 
HaplotypeCaller was executed with ploidy set to the appropriate value for each sample (i.e., 537 
-ploidy 2 for diploids) and ‘-pcr-indel-model AGGRESSIVE‘ and ‘-minimum-mapping-quality 538 
60‘ [2]. FreeBayes was run with the --ploidy parameter similarly set, and the other 539 
parameters were set to default. For the human trio-derived datasets, we ran variant calling 540 
in three scenarios: diploid (ploidy=2), tetraploid (ploidy=4), and hexaploid (ploidy=6) on the 541 
synthetic merged read sets. We did not include DeepVariant in our pipeline because it is 542 
designed for diploid/haploid cases only and cannot output polyploid genotypes. For 543 
reference, we did run DeepVariant on the diploid F. vesca and maize datasets as a 544 
supplementary experiment, and it achieved similar SNV results to GATK, but we focus on 545 
GATK/FreeBayes for consistency across ploidies. 546 
 547 
Variant filtering 548 
The raw variant calls were filtered to produce high-confidence call sets for evaluation. We 549 
applied hard filters on variant quality metrics. For GATK, we applied the community-550 
recommended per-type QD hard filters: variants were filtered if QD < 2 for SNVs and indels 551 
greater than 1 bp, and QD < 5 for 1-bp indels. FreeBayes documentation states that hard 552 
input cut-offs seldom improve accuracy and recommends post-hoc site filtering. Pilot tests 553 
confirmed that raising the MQM threshold to 60 or applying per-type QD filters, as done in 554 
GATK, consistently resulted in reduced F1 scores (Table S1). We therefore applied the 555 
same hard-read filters for FreeBayes as previously described [16]. We also did not evaluate 556 
any variant calls in regions of low reliability: specifically, we extracted variants with intervals 557 
that had reliable alignments between reference and target genome assemblies using 558 
minimap2 called by dipcall. 559 
 560 
Evaluation metrics and analysis 561 
We calculated precision, recall, and F1-score for variant calls by comparing the caller’s 562 
VCF to the truth set VCF for each sample. RTG Tools vcfeval was applied for 563 
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benchmarking, which account for potential left-shifting or equivalent representations of 564 
indels. Genotype concordance (the correctness of allele dosage) was evaluated for the 565 
polyploid human samples by comparing the called genotype to the truth genotype. To 566 
investigate error causes, we manually inspected alignments and variant calls in IGV for a 567 
number of discordant sites, especially clusters of false positives in the plant genomes. We 568 
annotated whether false calls coincided with structural variants or repeats.  569 
 570 
All analysis code, including custom scripts for merging truth sets and evaluating polyploid 571 
calls, is available in a public GitHub repository (to be provided upon publication). By 572 
combining controlled experiments on human data with real-world tests on plants, our 573 
methods provide a general template for assessing variant calling in non-model genomes, 574 
and our pipeline can be readily adapted to other species or sequencing technologies in 575 
future work. 576 
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