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1 ABSTRACT

2 Pangenomes are transforming genomics by revealing extensive sequence variation across

3 populations and species [1,2]. A central pursuit of pangenomics is connecting this variation to

4 phenotypic diversity across evolutionary scales. Here we present Panagram, an ultrafast,

5 alignment-free framework for pangenome analysis that uses pan-k-mer profiles to quantify

6 shared and divergent sequence patterns across genomes. This approach enables scalable

7 comparisons of structurally complex genomes without requiring computationally intensive

8 whole-genome multiple alignment. In plants, Panagram identified 1,361 gene-environment

9 associations across 160 globally diverse Arabidopsis thaliana genomes [3—5], implicating genes
10 involved in flowering and environmental responses. In Solanum, Panagram identified widespread
11 introgressions involving stress-response and agronomically important loci in crop and
12 wild-relative pangenomes [6,7]. In animals, analysis of a 51-haplotype Canis pangenome,
13 including six newly assembled dog genomes, revealed extensive breed-specific and nonreference
14 sequence variation and identified haplotypes associated with facial furnishings and other
15 morphological traits. Finally, across 605 vertebrate genomes from the Zoonomia and Bird 10,000
16 Projects [8], Panagram identified shared and lineage-specific patterns of genomic variation
17 associated with differences in body mass, longevity, and metabolism. Together, these results
18 show that pan-k-mer profiles reveal the pangenomic architectures associated with phenotypic

19 diversity across populations, species, and deep evolutionary timescales.
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20 INTRODUCTION

21 Pangenomes are transforming genomics by capturing sequence diversity across individuals,
22 populations, and species beyond what can be represented by a single reference genome [2,9,10].
23 Recent advances in long-read sequencing and de novo genome assembly have enabled the

24 construction of high-quality pangenomes for dozens of major plant and animal systems.

25 Pangenome analyses in humans [11], tomato [7], maize [12], and ruminants [13], together with
26 clade-wide resources from the Zoonomia and Bird 10,000 consortia [8,14], have revealed

27 extensive structural and nonreference sequence variation associated with phenotypic diversity.
28 These resources offer opportunities to investigate how crops adapt to environmental stresses,

29 how domestication reshapes plant and animal traits, and how species evolve striking differences
30 in body size, lifespan, and metabolism. However, connecting this genomic diversity to

31 phenotypic variation across populations and species remains a central challenge for comparative

32 pangenomics.

33 Existing analytical approaches capture complementary dimensions of pangenomic sequence
34 diversity. Methods focusing on gene content and synteny, such as GENESPACE and

35 OrthoFinder, reveal variation in gene repertoires and chromosomal organization [15,16], while
36 whole-genome alignment methods, such as Progressive Cactus, resolve sequence and structural
37 relationships across evolutionary lineages [8]. Graph-based methods, including minigraph, pggb
38 and vg, organize alternative sequence paths within a shared genomic framework [17-19], while
39 alignment-free methods, including PanKmer and Mumemto, enable efficient comparisons of

40 shared sequence content [20,21]. Together, these approaches provide a foundation for identifying
41 shared and lineage-specific sequences, resolving complex variation, and investigating genome
42 evolution. However, translating these representations of sequence diversity into quantitative

43 associations with functional annotations and phenotypic variation, while accounting for

44 population structure and relatedness, remains challenging, particularly for comparisons spanning

45 both closely related individuals and deeply diverged species.

46 A major opportunity is to develop methods that connect phenotypic variation to underlying
47 pangenome architectures, defined as the organization of shared and divergent sequences across
48 genomes, haplotypes, and genomic regions. At individual loci, these patterns can distinguish

49 alternative haplotypes, while across chromosomes, they can reveal dispersed regions with similar

50 sequence-sharing profiles, potentially reflecting shared evolutionary histories or functional
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51 relationships. Characterizing these pangenomic architectures and associating them with

52 phenotypes requires a scalable framework that captures both core and accessory sequences,
53 supports comparisons in repetitive regions and across broad evolutionary distances, and

54 integrates genomic variation with functional annotations and phenotypic data, while enabling

55 interactive exploration of these relationships.

56 Addressing this need, we present Panagram, an ultrafast, alignment-free framework for

57 comparative pangenome analysis that uses pan-k-mer profiles to quantify shared and divergent
58 sequence patterns across genomes (Fig. 1). Each pan-k-mer represents a short fixed-length

59 sequence, a k-mer from one of the genomes, together with its distribution across the genomes in
60 a pangenome. Panagram projects these sequence-sharing patterns along individual genomes,

61 generating profiles that support quantitative analysis and interactive exploration of sequence

62 variation in relation to genes, other annotations, and phenotypes (Fig. 1a, Supplementary Fig.
63 1). By avoiding computationally intensive whole-genome multiple alignments, Panagram scales
64 to comparisons of hundreds of plant and animal genomes across broad evolutionary distances.
65 We applied Panagram to diverse pangenomes spanning population-scale variation, introgression,
66 domestication, and deep vertebrate evolution, including Arabidopsis thaliana (n=160 genomes),
67 Solanum crops and wild relatives (n=36 genomes), domesticated and wild Canis genomes (n=51
68 haplotypes), and 605 vertebrate genomes from the Zoonomia and Bird 10,000 Projects

69 (Extended Data Fig. 1a). Together, these applications demonstrate how pan-k-mer profiles

70 characterize pangenome architectures and identify candidate genomic regions associated with

71 phenotypic variation across evolutionary scales.

72 RESULTS

73 Panagram enables rapid, alignment-free analysis of pangenome architectures

74 Panagram quantifies local sequence similarity across pangenomes using shared k-mer

75 content, enabling scalable representation and characterization of pangenome architecture without
76 computationally intensive whole-genome multiple alignments (Fig. 1b). Within Panagram, each
77 genome is decomposed into k-mers, and the presence or absence of each k-mer across the

78 genomes is encoded into compact pan-k-mer bitvectors. These bitvectors are then projected

79 along the sequences of each genome to form pan-k-mer bitmaps summarizing local and global

80 sequence similarity across the pangenome (Methods). Like a traditional multiple sequence
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g1 alignment, this representation organizes pangenomic relationships along genomic coordinates,
82 revealing the extent of sequence similarity and distinguishing core sequence from variation

83 restricted to particular genomes or lineages. Panagram computes two complementary metrics of
84 pangenome sequence sharing and similarity: pan-k-mer multiplicity, the number of genomes

85 containing a given k-mer, and pan-k-mer containment, an estimate of local sequence similarity
86 between pairs of genomes. Clustering and association analyses of these profiles enable

87 comparisons of local haplotypes, identification of candidate introgressed regions, and tests of

88 associations with phenotypes (Fig. 1c¢).

89 Pan-k-mer containment is based on the containment index [22], a measure widely used in
90 genomics [23,24] to estimate pairwise sequence similarity from the fraction of k-mers in an
91 anchor genome present in a target genome (see Methods). In addition to genome-wide similarity,
92 Panagram also computes pan-k-mer containment for genes, other annotated features, and
93 user-defined chromosomal regions, enabling rapid analysis of sequence similarity at individual
94 loci. To evaluate how closely pan-k-mer containment reflects alignment-derived sequence
95 similarity, we compared it with estimates from minimap2 [25] across multiple pangenomes and
96 genomic interval sizes (Fig. 1d, Extended Data Fig. 1b—e). Pan-k-mer containment was
97 strongly correlated with alignment-derived estimates (r*=0.848-0.878 for 10 kbp windows;
98 0.919-0.942 for 1 Mbp windows; 0.959-0.968 for whole chromosomes; Supplementary Figs.
99 2,3), although the agreement was lower for highly repetitive or more divergent sequences
100 (Extended Data Fig. 1c-e). Moreover, sampling every 100th k-mer across 10 kbp and 1 Mbp
101 windows produced containment estimates nearly identical (1*>.994) to those generated using
102 every k-mer, enabling rapid and memory-efficient processing of large regions in selected

103 Panagram modes (Supplementary Fig. 4).

104 We next evaluated how k-mer length, genome size, and the number of genomes affected

105 database size, runtime, and memory usage (Extended Data Fig. 1a,f—j). Increasing k-mer length
106 generally reduced compressed output file sizes but increased memory requirements and runtime,
107 reflecting the tradeoft between sequence specificity, storage, and computational efficiency.

108 Compressed output file size and runtime scaled linearly with pangenome size and genome count
109 (Fig. 1e). A major advantage of Panagram is that it is highly parallelizable: individual genomes
110 can be preprocessed independently, pan-k-mer bitvectors can be constructed and merged in

111 parallel, and anchor-specific profiles can be finalized concurrently across genomic intervals
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112 (Supplementary Fig. 5). The resulting pan-k-mer bitmaps are compressed while retaining rapid
113 random-access queries through tabix indexing [26], enabling efficient storage and retrieval at
114 pangenome scale. Finally, unlike many other pangenome tools, Panagram supports incremental
115 addition or removal of genomes by updating the pan-k-mer bitmaps and bitvectors without

116 rebuilding the entire pangenome representation from scratch.

117 Together, these optimizations enabled Panagram to construct the CHM13-anchored

118 pan-k-mer profile from 605 vertebrate genomes in approximately one day on a single compute
119 node using 40 CPU cores (<2000 CPU hours). For context, constructing a whole-genome

120 multiple alignment of these vertebrate genomes using Progressive Cactus previously required
121 months of cloud computation and 2.1 million CPU hours [8], while Mumemto [21], minigraph
122 [19], and pggb [18] did not complete under the tested conditions (Supplementary Table 1). We
123 next applied Panagram to investigate environmental associations in Arabidopsis, introgression in
124 Solanum, morphological variation in dogs, and relationships between sequence diversity and

125 organismal traits across vertebrates.
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127 Figure 1 | Panagram enables efficient, alignment-free characterization of pangenome

128 architecture. a, Conceptual overview of the Panagram framework. Core and lineage-specific
129 (“private”) k-mers collectively define local pangenomic sequence-sharing patterns across

130 samples. b, Overview of pan-k-mer profile construction. Genome assemblies are decomposed
131 into constituent k-mers, whose presence or absence across genomes is encoded in pan-k-mer

132 bitvectors that are subsequently projected along individual genomes to generate pan-k-mer

133 bitmaps that support several pangenomic analyses. ¢, Applications of pan-k-mer similarity

134 profiles. Dimensionality reduction and clustering of pan-k-mer bitmaps enable characterization
135 of local pangenome architectures (top), identification of candidate introgressed or

136 lineage-specific regions through local sequence-sharing patterns (middle), and association

137 testing between local pan-k-mer profiles and phenotypes (bottom). d, Comparison of pan-k-mer
138 containment and minimap2-derived sequence similarity across whole chromosomes at different
139 k-mer lengths (1> > 0.95). e, Panagram runtime scales with pangenome size in both A. thaliana
140 (green) and human (blue) pangenomes.

141
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143 Extended Data Figure 1 | Panagram is computationally efficient across a wide range of
144 evolutionary distances. a, Table summarizing the runtime, memory usage, and disk space
145 requirements for Panagram across five pangenomes, listed in the order presented in the

146 manuscript. b, Comparison of pan-k-mer containment and minimap2-derived sequence

147 divergence across 200-kbp windows of Arabidopsis thaliana genomes. Shades of green represent

148 different k-mer lengths. ¢, Comparison of pan-k-mer containment and minimap2-derived
149 sequence divergence across 200-kbp windows at k=51, colored by the percentage of each

150 window covered by minimap?2 alignments. The two measures are generally strongly correlated,
151 with greater deviations in windows having limited alignment coverage. d, Same comparison as
152 in ¢, colored by the percentage of unique k-mers within each window. Windows with a higher
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153 percentage of unique k-mers showed stronger agreement between containment and

154 alignment-derived divergence estimates. e, Comparison of pan-k-mer containment and

155 minimap2-derived sequence divergence after excluding repetitive regions and windows with low
156 alignment coverage. f, Pangenome input size (total base pairs) is linearly related to the Panagram
157 anchor directory size in both Arabidopsis (ATHAL) and human (HPRC) pangenomes. g,

158 Pangenome input size (total base pairs) is linearly related to peak memory usage during

159 Panagram execution. h, Panagram anchor directory size as a function of k-mer length across four
160 pangenomes (ATHAL, Arabidopsis; ZOO, Zoonomia; SOL, Solanum; HPRC, human). i,

161 Panagram wall-clock runtime as a function of k-mer length across the same four pangenomes. j,
162 Peak resident memory usage as a function of k-mer length across the same four pangenomes.

163

164 Pangenome analysis of 160 A. thaliana accessions identifies pangenome architectures
165 associated with environmental variation

166 To evaluate whether Panagram could resolve biologically meaningful pangenome

167 architectures across multiple genomic scales, we analyzed the pangenome of 160 globally

168 diverse Arabidopsis thaliana accessions spanning Europe, Africa, and Asia (Fig. 2a,

169 Supplementary Table 2). Hierarchical clustering of the Panagram pan-k-mer bitmaps

170 recapitulated known population structure and revealed patterns of chromosomal organization

171 across the accessions. Genome-wide pan-k-mer containment scores were strongly correlated with
172 alignment-derived similarity estimates across multiple k-mer lengths (k =51, > =0.968; k = 71,

173 12 =0.965; k =101, r> = 0.959) (Extended Data Fig. 1b-e).

174 Using UMAP embeddings and DBSCAN clustering of pan-k-mer bitmaps (see Methods),
175 Panagram identified clusters corresponding to major chromosomal compartments, including

176 chromosome arms, pericentromeric regions, centromeres, telomeres, and the previously

177 characterized ~600 kbp nuclear mitochondrial insertion (NUMT) on chromosome 2 [27] adjacent
178 to the centromere (Fig. 2b,c, Supplementary Table 3). These large-scale pangenome

179 architectures were also evident in a PCA-based embedding (Extended Data Fig. 2a), and the

180 clustering patterns were consistent across multiple k-mer lengths (k =17, 51, and 101),

181 indicating that the pan-k-mer profiles robustly capture chromosome-scale sequence organization
182 (Extended Data Fig. 2b). Similar patterns were observed across all five chromosomes, revealing
183 consistent partitioning of structurally and evolutionarily distinct genomic regions within the 4.
184 thaliana pangenome (Extended Data Fig. 2¢). Genome wide pan-k-mer clustering revealed 18

185 distinct clusters across the Columbia-0 accession. GO enrichment analysis of the genes contained
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186 in each cluster revealed clusters enriched for processes related to cellular defenses (cluster ID 9,
187 p = 2.45e-9), enriched for phenolpropanoid-related metabolism (cluster ID 17, p = 1.41e-06), and
188 the mitochondria (cluster ID 8, p = 3.24¢-6) (Supplementary Table 6, Methods 4.2).

189 We next examined how sequence diversity varied across genomic annotations, extending the
190 analysis from chromosome-scale organization to individual genomic features. Despite their

191 repetitive nature, different classes of transposable elements displayed distinct pan-k-mer

192 multiplicity profiles: k-mers from long terminal repeat (LTR) retrotransposons were generally
193 shared across large numbers of accessions, whereas LINE elements were shared among fewer
194 accessions (Fig. 2d and Extended Data Fig. 2d), consistent with differences in the evolutionary
195 and transposition histories of these TE superfamilies [28,29]. Protein-coding exons were

196 typically widely shared across the pangenome; however, exons belonging to nucleotide-binding
197 leucine-rich repeat (NLR) immune receptor genes were substantially more variable than

198 non-NLR exons (Fig. 2e). This elevated sequence diversity is consistent with the rapid evolution

199 and balancing selection commonly observed at plant immune receptor loci [30].

200 The global distribution of A. thaliana accessions encompassed diverse climatic and

201 ecological environments spanning gradients of precipitation, seasonal temperature, frost

202 exposure, cloud cover, sunlight, and elevation (Fig. 2f, Methods, Supplementary Table 2).

203 Previous studies have documented rapid adaptation to variable climates in outdoor-grown 4.

204 thaliana accessions [31] and associations between climatic conditions and genomic variation
205 [32]. To investigate whether local genomic architectures were associated with environmental
206 variation, we performed a gene-level pan-k-mer association analysis across all 28,691 annotated
207 genes and 40 environmental variables derived from the accession sampling locations (Methods).
208 For each gene, we grouped accessions by their local pan-k-mer profiles and tested whether

209 environmental measurements differed between groups, using a generalized least squares model
210 to account for genome-wide relatedness. Across all tested environmental variables, Panagram
211 identified 1,361 significant gene-environment associations after accounting for population

212 structure and multiple testing (raw p < 6.75e-5, equivalent to adjusted p < 0.05) (Fig. 2g-i,

213 Supplementary Table 4). Notably, we observed that several genes associated with precipitation
214 related conditions were significantly associated with root related GO terms (precipitation in the
215 fall "root development", p < 0.033099 ; "root system development", p < 0.03358; “root

216 morphogenesis”, p < 0.04594), which mirrors previous results that connected aridity ("root hair
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217 initiation", p < 0.008), frost-free days ("maintenance of root meristem identity", p < 0.00047;
218 "root epidermal cell differentiation”, p < 0.003), seasonal precipitation ("maintenance of root
219 meristem identity", p < 0.00115), and precipitation in the driest months ("maintenance of root

220 meristem identity", p < 0.00036) to root associated GO terms [32].

221 Among the strongest associations, the pangenomic architecture within the AINTEGUMENTA
222 gene (ANT) was significantly associated with elevation (adj. p = 4.154e-07), full sunshine in fall
223 months (adj. p = 6.837e-05), and summer frost levels (adj. p = 2.076e-04) (Fig. 2j,k). These

224 findings are consistent with ANT s established roles in regulating cell growth and floral organ
225 development, including flower organ size in Arabidopsis [33,34]. In addition, ANT has been

226 shown to mediate seed size in response to drought conditions [35]. Importantly, elevation

227 encompasses multiple correlated environmental gradients, including temperature, precipitation,
228 frost exposure, and growing-season length, raising the possibility that the association with ANT
229 reflects genetic variation associated with one or more of these environmental factors rather than
230 elevation itself. Intraspecies variation in flower size across elevations has been documented in
231 other species, including G. lawrencei var. farreri and Senecio subalpinus, where individuals of
232 the same species at higher elevation have been reported to produce larger flowers [36-38].

233 Although these observations do not establish a causal relationship between ANT variation and
234 altitude-dependent floral morphology, they highlight the potential relevance of developmental

235 variation to environmental differences across populations.

236 Several additional associated genes belong to families involved in organ development and
237 environmental response. In particular, ARF23 (Auxin response factor 23) and ELF4-L3 (Early
238 flowering 4 like 3) were associated with elevation. Auxin response factors regulate

239 developmental and growth pathways that integrate environmental signals [39] and some ARF
240 genes have shown evidence for selection during European barley breeding [40]. ELF4-family
241 genes contribute to circadian clock function in Arabidopsis [41], and the integration of

242 environmental light and temperature signals [42]. The recurrence of elevation associations

243 among genes involved in developmental regulation, circadian rhythms, and environmental

244 signaling is particularly intriguing given that elevation captures multiple correlated

245 environmental factors relevant to plant growth and development. The major flowering-time gene
246 TSF (TWIN SISTER OF FT) showed the strongest association before correction for population
247 structure (raw p = 4.165¢-22; Extended Data Fig. 2h), although its association was substantially
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248 attenuated after correction (adj. p = 0.025). This attenuation underscores the importance of
249 controlling for population structure in gene—environment association analyses of geographically
250 structured populations, even for genes with established roles in integrating environmental and

251 endogenous signals controlling flowering time [43].

252 To determine whether associations were also detectable within coding regions, we examined
253 the pan-k-mer profiles of individual exons, identifying associations involving many of the same
254 genes (Extended Data Fig. 2e,f, Supplementary Table 5). The most significant exon

255 association was within CYCBI, 1, a cyclin B gene implicated in abiotic stress responses (ad;.

256 p=9.73e-12 for elevation) (Extended Data Fig. 2g) [44-46], while ANT exons were among the
257 most significantly associated with elevation and frost. These exon-level results demonstrate that
258 Panagram can localize environmental associations to finer genomic intervals while retaining the
259 same underlying sequence-sharing representation used for chromosome- and gene-level analyses.
260 Although linkage disequilibrium may account for some of the associations at nearby loci, many
261 of the strongest gene- and exon-level associations involved genes previously implicated in

262 flowering time, development, and environmental response. Together, these results demonstrate
263 that a unified pan-k-mer representation can resolve pangenome architectures across genomic

264 scales, from chromosomal compartments to individual exons, while identifying sequence

265 variation associated with environmental factors and prioritizing candidate loci for functional

266 investigation.

267
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268

269 Figure 2 | Pangenome architecture analysis across 160 globally diverse Arabidopsis thaliana
270 accessions. a, Hierarchical clustering of 160 accessions based on genome-wide pan-k-mer

271 profiles (k = 51), revealing broad geographic population structure across continental groups. Tip
272 labels correspond to Supplementary Table 2. b, Profiles of pan-k-mer multiplicity and

273 containment across chromosome 2 identify major chromosomal compartments, including
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274 chromosome arms, pericentromeric regions, centromeres, telomeres, ribosomal DNA arrays, and
275 the previously characterized nuclear mitochondrial insertion (NUMT). Colors in the annotation
276 track indicate clusters defined by UMAP and DBSCAN analysis in panel c. ¢, UMAP embedding
277 of local pan-k-mer bitmaps reveals distinct clusters corresponding to major chromosomal

278 compartments, highlighting large-scale organization of pangenomic architecture across the

279 chromosome. d, Distinct genomic annotations display characteristic pan-k-mer multiplicity

280 profiles across the pangenome. Different transposable element classes exhibit distinct

281 distributions of pan-k-mer multiplicity. e, Nucleotide-binding leucine-rich repeat (NLR) immune
282 receptor genes show lower pan-k-mer multiplicity than non-NLR exons. f, Environmental

283 variables associated with accession sampling locations span broad gradients of precipitation,

284 seasonal temperature, frost exposure, cloud cover, sunlight exposure, and elevation across

285 Europe, Africa, and Asia. g, Gene-level pan-k-mer association analysis identifies significant

286 associations with numerous environmental variables, including precipitation, frost, cloud cover,
287 vapor pressure, sunlight, and temperature. Gene-environment associations were tested using

288 generalized least squares to account for genome-wide relatedness, with significance defined by
289 FDR-adjusted p < 0.05. h, Number of significant gene-environment associations per

290 environmental variable. i, Distribution of significant associations across environmental variable
291 groups. j, Genome-wide distribution of gene-environment association significance for elevation
292 (top row) and summer frost (bottom row) across the Columbia-0 reference genome. k, Local
293 pan-k-mer profiles within ANT define two groups of accessions with significantly different

294 elevations. Median and interquartile range (Q25-Q75) of elevation for group 1 (purple) and

295 group 2 (green) are overlaid on the scatterplot. Clade 2 samples were generally found at higher
296 elevations, illustrating how local pangenomic architectures can be linked to environmental

297 variation.

298
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300 Extended Data Figure 2 | Pangenome architecture analysis across 160 globally diverse
301 Arabidopsis thaliana accessions. a, Principal component analysis (PCA) of local pan-k-mer
302 profiles across chromosome 2 of Columbia-0 in 150-kbp windows. Points are colored by the
303 UMAP/DBSCAN-defined clusters shown in Fig. 2¢. b, UMAP embedding and DBSCAN
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304 clustering of local pan-k-mer profiles across chromosome 2 of Columbia-0 with k =17 (top

305 row) and k = 101 (bottom row). ¢, Pan-k-mer profiles across chromosomes 1, 3, 4, and 5 of the
306 Columbia-0 accession. The pan-k-mer bitmap is shown below the corresponding summary

307 profiles for each chromosome. d, Distributions of pan-k-mer multiplicity across different

308 transposable element classes, revealing distinct sequence-sharing patterns. e, Genome-wide

309 distribution of gene-environment association significance across all five chromosomes of the
310 Columbia-0 reference genome. f, Number of significant exon-environment associations across
311 environmental variable groups, with an exon of CYCB1;1 showing the strongest association. g,
312 Local pan-k-mer profiles within exon 4 of CYCB1;1 define two groups associated with

313 elevation. Gray vertical lines indicate the median elevation of accessions in each group. h, Local
314 pan-k-mer profiles within TSF define two groups associated with summer precipitation. Gray
315 vertical lines indicate the median precipitation associated with accessions in each group.

316

317 Solanum pangenomes reveal widespread introgressions encompassing environmental
318 response and crop improvement genes

319 Introgressions, the incorporation of chromosomal DNA from one species into another, occur
320 widely across plants and animals and can contribute to adaptation and crop improvement. For
321 example, in tomato, introgressions have enabled the introduction of disease resistance alleles
322 from wild relatives into domesticated varieties, strengthening resilience against pathogens [7],
323 and in humans, Neanderthal introgressions at the OAS locus influence innate immune responses
324 in modern humans [47]. The key computational challenge for detecting introgressed regions

325 within a multi-species pangenome is distinguishing true introgressions from background

326 genomic variation and accurately identifying their boundaries.

327 To address this, we implemented an introgression identification algorithm within Panagram
328 that identifies candidate introgressed regions from the pan-k-mer bitmaps (Methods). In “2-way
329 mode,” Panagram identifies genomic regions with localized reduced pan-k-mer containment

330 relative to a reference genome, revealing divergent regions that may reflect introgression or other
331 concentrated sources of variation (Fig. 3a). In “3-way mode,” Panagram additionally tests for
332 elevated containment relative to candidate donor genomes, providing more specific

333 donor-sharing evidence consistent with introgression (Fig. 3b). Both methods incorporate

334 normalization techniques, such as bitmap smoothing and mean adjustment, to enhance detection

335 of candidate introgressed regions (Methods).

16


https://paperpile.com/c/4sQoVx6z/jvd4
https://paperpile.com/c/4sQoVx6z/k7Po
https://doi.org/10.64898/2026.10.21.760756
http://creativecommons.org/licenses/by/4.0/

bioRxiv preprint doi: https://doi.org/10.64898/2026.10.21.760756; this version posted October 22, 2026. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under a CC-BY 4.0 International license.

336 We first benchmarked the approach using simulated 4. thaliana genomes containing known
337 introgressed regions across increasing genomic distances from a reference genome

338 (Supplementary Fig. 6). Compared with a previously described structural variant (SV)-based
339 introgression caller [7], Panagram achieved comparable performance. The 3-way caller achieved
340 an average area under the precision-recall curve (PRAUC) of 0.95 across simulated genomes
341 with up to 6% average nucleotide divergence from reference. We next evaluated the method in a
342 tomato pangenome containing a total of 16 domesticated and wild accessions, including

343 well-characterized introgressions on chromosome 11 (Extended Data Fig. 3a). Using SV-based
344 introgression calls for comparison, Panagram yielded PRAUC values of 0.83 and 0.85 for the
345 2-way and 3-way modes, respectively (Extended Data Fig. 3e). Discrepancies between the

346 SV-based and Panagram approaches were primarily localized near candidate introgression

347 boundaries, along with additional discordant regions elsewhere in the genome. Many of the

348 discordant regions showed local decreases in pan-k-mer containment to the reference and/or the
349 wild accessions, and the discrepancies were primarily attributable to small indels and SNPs

350 excluded from the SV-based analysis, demonstrating that pan-k-mer profiles capture sequence
351 differences beyond structural variants. Together, the simulations and real-genome comparisons
352 support Panagram’s use for identifying candidate introgressed regions across evolutionary

353 distances.

354 We next analyzed a 20-genome pangenome of African eggplant (S. aethiopicum) and its wild
355 progenitor (S. anguivi) to investigate introgression in this important but understudied crop [6]
356 (Fig. 3¢). The pangenome comprised 19 S. aethiopicum genomes: the Saet3 reference assembly,
357 ten publicly available PacBio HiFi assemblies [6], and eight newly generated assemblies derived
358 from long-read Oxford Nanopore (ONT) sequencing data. The S. aethiopicum accessions

359 spanned three cultivar groups: Gilo (n = 7), grown for fruit; Shum (n = 4), grown for leaves; and
360 Aculeatum (n = 8), grown ornamentally (Fig. 3d). We also included the previously published

361 genome of S. anguivi [6] as a candidate donor to identify genomic regions potentially

362 introgressed from the wild progenitor into cultivated S. aethiopicum.

363 Before evaluating candidate introgressions, we examined sequence variation across
364 assemblies generated using different long-read technologies and found that ONT-based
365 assemblies contained substantially more short indel variants than HiFi-based assemblies relative

366 to the Saet3 reference, consistent with reports of higher rates of residual errors in ONT
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367 assemblies [48] (Fig. 3e). We then applied both Panagram introgression detection modes to the
368 African eggplant pangenome and evaluated their agreement with the SV-based approach.

369 Panagram yielded a PRAUC of 0.88 for the 2-way mode and 0.83 for the 3-way mode (Fig. 3f),
370 with discrepancies between methods again primarily affecting introgression boundaries (Fig.
371 3g-i). Agreement with the SV-based calls was generally lower for ONT than HiFi assemblies.
372 Residual assembly errors reduce pan-k-mer containment, potentially complicating parameter
373 tuning and classification, particularly in 3-way mode, which requires normalization and

374 comparison across recipient, reference, and donor genomes. When the 3-way results were

375 stratified by sequencing platform, the PRAUC was 0.85 for HiFi accessions and 0.78 for ONT
376 accessions. These results demonstrate the applicability of Panagram to pangenomes assembled
377 using different long-read technologies while highlighting the sensitivity of pan-k-mer-based

378 introgression detection to residual assembly errors.

379 We next examined the genomic distribution and functional annotations of candidate

380 introgressed regions in S. aethiopicum, which were detected across all chromosomes (Fig. 3j).
381 We explored the genes within these regions using Gene Ontology (GO) enrichment analysis [49]
382 for one accession from each cultivar group: SolaetSID104850 (PI 441884, Gilo), Solaetbc2060
383 (PI 374695, Aculeatum), and SolaetSID104852 (PI 441906, Shum). These accessions were

384 selected for having the highest Matthews correlation coefficients (MCCs) relative to the

385 SV-based calls within their respective groups. Within the candidate introgressed regions, we
386 found enrichment for genes associated with response to abiotic stimulus (GO:0009628, p =

387 4.622e-2 in SolaetSID104850, p = 1.698e-9 in Solaetbc2060, p = 1.652e-11 in

388 SolaetSID104852). All three accessions contained candidate introgressed regions overlapping
389 several heat shock-related genes, such as HSP21, associated with heat stress response and fruit
390 reddening [50]. Several CAB family genes were also located within candidate introgressed

391 regions, including CAB13 in Solaetbc2060 and SolaetSID 104852, which has been associated

392 with light tolerance and increased yields in S. lycopersicum [51].

393 Across the pangenome, candidate introgressions overlapped genes of all 15 major

394 orthogroups previously implicated in domestication and crop improvement in S. aethiopicum [6].
395 These included regions encompassing 7M3 (flowering and inflorescence branching), STM3

396 (inflorescence branching), SIWOX9 (inflorescence branching and fruit growth), and CLV3

397 (meristem size and fruit size) across all Shum accessions, and SP5G (flowering time) across all
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398 accessions. Of particular interest, the CLV3 locus is associated with locule number and fruit size
399 in S. aethiopicum, including a previously characterized deletion-fusion allele implicated in

400 domestication [6]. SP5G is also a key domestication-related gene associated with faster harvest
401 and compact growth in tomatoes [52]. Deletions affecting the coding sequence and the 3° UTR
402 of SP5G were recently identified in domesticated S. melongena and S. lycopersicum,

403 respectively, using Panagram [53], providing further examples of flowering-time variation

404 associated with domestication across Solanum crops. Together, these findings identify

405 widespread candidate introgressed regions encompassing genes involved in environmental

406 responses and agronomic traits, suggesting potential contributions of introgressed variation to

407 domestication and crop improvement in S. aethiopicum.
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409 Figure 3 | Solanum aethiopicum pangenome reveals candidate introgressed regions

410 encompassing agronomically important genes. a, Schematic of Panagram’s two-way method
411 for identifying candidate introgressed regions from localized reductions in pan-k-mer

412 containment relative to a reference genome. b, Schematic of the three-way method, which

413 additionally requires increased sequence sharing with a candidate donor genome. ¢, Example
414 fruits from three S. aethiopicum cultivar groups and S. anguivi. Scale bars represent 1 cm. d,

415 Mash distance-based clustering of 19 S. aethiopicum accessions along with one S. anguivi

416 accession, Solang8. e, Distribution of indel lengths (excluding SNPs) across HiFi and ONT S.
417 aethiopicum accessions. f, Precision-recall curves for 1-Mbp bin-level detection of candidate
418 introgressed regions in S. aethiopicum accessions, comparing two-way and three-way Panagram
419 modes using SV-based introgression calls as the reference. g, Pan-k-mer containment per 1-Mbp
420 bin along chromosome 12 between each accession and the reference Saet3, after removing fixed
421 k-mers. Rows correspond to individual accessions and columns to consecutive 1-Mbp bins on the
422 chromosome. Similar patterns of reduced containment are observed in S. anguivi and the

423 following ten accessions. H: HiFi; O: ONT. h, Number of structural variants identified using the
424 assembly-based algorithm PAV [54], displayed in the same genomic bins as panel g, showing
425 higher SV counts for the top 11 accessions. Counts exclude SNVs and small indels. i, Per-bin
426 comparison of SV-based introgression calls and Panagram’s three-way predictions using a

427 threshold of 0.04, which maximized the Matthews correlation coefficient (MCC). j, Candidate
428 introgressed regions identified using the three-way method at a threshold of 0.04 for

429 representative Gilo (green), Aculeatum (orange), and Shum (pink) accessions. Highlighted are
430 the locations of major domestication- and improvement-related genes overlapping candidate

431 introgressed regions shared by all accessions within one or more cultivar groups.

432

21


https://paperpile.com/c/4sQoVx6z/7hnS
https://doi.org/10.64898/2026.10.21.760756
http://creativecommons.org/licenses/by/4.0/

bioRxiv preprint doi: https://doi.org/10.64898/2026.10.21.760756; this version posted October 22, 2026. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made

a Introgressions across M82

- CEEE)

- CEED
ome () 1)
ors »

ovs (D

- B

1@ Introgressed [ Non-introgressed

433

available under a CC-BY 4.0 International license.

b

BGV007989
BGV007931
BGV006865

BGV006775
LA1588]
PAS014479

Fla8924|
Floradadel
LYC1410)
M8z
Brandywine

EA00371
EA00990)
P1169588|
P\303721

Flag8924|
Floradade
LYC1410
ma2
Brandywine
EA00371
EA00980
PI169588
PI303721

K-mer similarity in 1 Mb bins

Chr11

© o W@
- - S

=]
<
Posmnn (Mbp

Comparison to SV-based
introgressions

Chr11

True Negative
W False Negalive

M True Positive
False Positive

W N ©® o YT DN L QT ®
A & & ® ™ F S F

Position (Mbp)

-
o
=}

on B
S566

Precision

% Containment

c SV count in 1 Mb bins

0.8

b
o

<
=

0.2

(=]

Chr11

£y

T 0 N ©® O ¥ D N @

o T ©
A NN ©® @ T T T

o
s}

Pasition (Mbp)

Mean precision-recall
for introgression detection

—— 2-way Caller (AUC = 0.83)
—— 3-way Caller (AUC = 0.85)

0 02 0.4 06 08 1
Recall

434 Extended Data Figure 3 | Tomato pangenome analysis. a, Candidate introgressed regions
435 identified using Panagram’s three-way mode with a threshold of 0.2 in the S. lycopersicum

436 accession M82. b, Pan-k-mer containment per 1-Mbp bin along chromosome 11 between each
437 accession and the SL4 reference genome, after removing fixed k-mers. Wild accessions are
438 shown in the top block (three S. lycopersicum var. cerasiforme accessions followed by three S.
439 pimpinellifolium accessions), with domesticated S. lycopersicum accessions shown below.

440 Similar patterns of pan-k-mer containment are observed across wild and several domesticated
441 accessions. ¢, Number of structural variants identified using PAV, displayed in the same genomic
442 bins as panel b. d, Per-bin comparison of SV-based introgression calls and Panagram’s three-way
443 predictions using a threshold of 0.2, which maximized the Matthews correlation coefficient
444 (MCC). e, Precision-recall curves for 1-Mbp bin-level detection of candidate introgressed
445 regions in S. lycopersicum accessions, comparing two-way and three-way Panagram modes
446 using SV-based introgression calls as the reference.

447
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448 Canine pangenome analysis identifies established and candidate loci associated with body
449 size and coat characteristics

450 To evaluate Panagram in an animal system, we next examined sequence variation across

451 domesticated dogs and their wild relatives. Dogs (Canis lupus familiaris) were among the

452 earliest domesticated species, and have evolved to live alongside humans for at least 10,000

453 years [55]. Their domestication from wolves (Canis lupus) involved a complex genetic history
454 spanning thousands of years [55]. There is some evidence of humans intentionally breeding dogs
455 starting roughly 2000 years ago [56,57], but modern dog breeds, which are defined by

456 conformation to a physical ideal and purity of lineage, are a Victorian invention less than 160
457 years old (~50 to 80 generations) [58]. This recent emphasis on appearance and ancestry

458 provides a context for examining how breed classifications relate to genome-wide sequence

459 divergence and local trait-associated variation.

460 To examine these relationships, we assembled and analyzed a canine pangenome with 51
461 haplotypes representing 37 individual animals spanning breeds recognized by the Continental
462 Kennel Club (single-breed dogs), mixed-breed dogs (dogs with ancestry from more than one
463 breed), and other canids. For this study, we assembled haplotype-resolved genomes from PacBio
464 HiF1i reads for six dogs (12 haplotypes), comprising three mixed-breed and three single-breed
465 dogs, using the well-established Galaxy-based Vertebrate Genomes Project assembly pipeline
466 [59]. These included the first chromosome-scale diploid assemblies for Sheepadoodle,

467 Bernedoodle, Doberman Pinscher, Greenland Village Dog, and an American Mutt, as well as a
468 fully phased assembly of a Labrador Retriever generated using a trio-binning approach with
469 parental sequencing data (Fig. 4a, Methods). We also included publicly available genomes

470 representing 21 additional single-breed domesticated dogs, two dingos, a New Guinea singing
471 dog, and seven other canid individuals representing grey wolf, Mexican wolf, coyote, golden
472 jackal, and painted dog (Fig. 4b, Supplementary Table 12). For these samples, we combined
473 individual phenotype measurements for the six newly sequenced dogs with breed- or

474 species-level estimates and coat annotations for the remaining samples (Methods). The canids
475 included in our pangenome vary widely in the five phenotypic traits examined here: BMI (20.3
476 to 118.2 kg/m?), height (16.5 to 78.7 cm), weight (2.7 to 64.7 kg), coat length (short, medium,
477 long), and facial furnishings (with and without) (Fig. 4b). We selected highly contiguous

478 genomes for analysis, and the newly assembled genomes had an average contig N50 of 49.5
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479 Mbp, exceeding that of most previously published assemblies in the comparison, including the

480 reference genome of “Tasha” (Fig. 4¢).

481 This canine pangenome revealed extensive sequence similarity among domestic dogs from
482 different breed backgrounds (Fig. 4b). Embedding and clustering of pan-k-mer profiles anchored
483 on one haplotype of the Sheepadoodle (“Appa”) genome identified 100 distinct clusters (Fig.
484 4d). GO enrichment analysis identified several clusters enriched for genes involved in olfaction
485 and sensory processing, consistent with previous studies on olfactory receptor diversity in

486 domesticated and wild canids [60]. Another cluster was significantly enriched for keratin-related
487 terms, consistent with variation in genes involved in hair structure (Extended Data Fig. 4a).

488 Genomic regions assigned to the same pan-k-mer clusters also generally grouped together in a
489 PCA of the same data, indicating that these patterns were consistent across the two

490 dimensionality-reduction methods (Extended Data Fig. 4b). Together, these analyses revealed
491 distinct patterns of local sequence sharing across the canine pangenome, including regions

492 enriched for genes involved in olfaction and hair structure.

493 Previous studies have identified several genomic loci underlying canine coat characteristics
494 and body size. Variants in three genes, RSPO2, FGF5, and KRT71, accounted for much of the
495 coat variation examined in domesticated dogs, with RSPO?2 primarily governing the presence or
496 absence of furnishings, while combinations of FGF5, KRT71, and RSPO? alleles modulated coat
497 texture, curl, and length [61]. Height and weight also have a strong genetic basis, with mapping
498 studies identifying a relatively small number of loci that explain substantial variation in body

499 size and skeletal dimensions across dog breeds [62]. For example, markers near six

500 growth-related genes, IGF1, IGFIR, GHR, HMGA2, SMAD2, and STC2, are reported to

501 collectively explain approximately half of the variation in standard breed weight [63].

502 Given the importance of physical traits to dog domestication and breeding, we tested local
503 pan-k-mer profiles across annotated exons, as well as a genome-wide scan of overlapping 200bp
504 windows for an annotation-independent scan, for associations with each of the available

505 phenotypes, using a generalized least squares model accounting for genome-wide relatedness and
506 applying false discovery rate correction (Fig. 4e, Extended Data Fig. 4c, Methods). The

507 strongest associations involved three exons within RSPO2, recovering its established association
508 with facial furnishings, the longer hair forming a moustache and eyebrows (p-value reported as

509 0.0 due to a numerical underflow of p<107** on a 64-bit architecture, Fig. 4f). The connection
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510 between furnishings and RSPO?2 haplotype architecture was also evident in the pan-k-mer bitmap

511 (Supplementary Fig. 7).

512 In addition to RSPO2, we found 283 significant exon-trait associations. Among these, exon
513 profiles within /VD, encoding isovaleryl-CoA dehydrogenase, and ACO2, encoding

514 mitochondrial aconitase, were significantly associated with BMI. Both genes participate in

515 mitochondrial metabolism, and in humans, pathogenic mutations in /D can cause a severe

516 metabolic disorder called isovaleric acidemia [64]. The established roles of ACO2 in cellular

517 metabolism and adipogenesis provide biological context for its association with BMI [65,66].

518 For furnishings, we also identified significant associations involving EMC2 (ER membrane

519 protein complex subunit 2). Five variants in EMC2 were recently identified as significantly

520 associated with hair length in Korean Sapsaree dogs [67], a related but distinct coat phenotype.
521 For coat length, exon profiles within CCDC150 (Coiled-Coil Domain Containing 150) were

522 strongly associated in our canine pangenome. Variants in this gene have also been associated

523 with fiber length in cashmere goats [68], suggesting a possible role in hair-length variation across
524 mammals. Although the six previously reported body-size genes were not significantly correlated
525 with weight, the genomewide window-based analysis identified significant height associations
526 overlapping /GF 1, height associations overlapping and downstream of HMGA?2, and a height

527 association downstream of SMAD?2, consistent with known roles of these genes in growth and
528 body-size variation. We also observed a significant coat-length association upstream of GHR

529 (Growth Hormone Receptor) and a furnishing association within an intron of 7NR (Tenascin-R);
530 however, given that GHR and TNR are not known as primary coat-length or furnishing genes,

531 these signals may instead reflect linkage or correlations among breed-level traits. The

532 genomewide window approach also preserved the exon-level associations described above, with
533 10,823 total significant windows found across the genome (Supplementary Table 17, Extended
534 Data Fig. 4d). Together, these analyses recovered an established canine coat-trait locus and

535 identified additional candidate genes associated with body size and coat characteristics.
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a. Six newly assembled Canis lupus familiaris included in a dog pan-genome
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537 Figure 4 | Canine pangenome analysis identifies pangenomic architectures associated with
538 morphological traits. a, Six newly assembled Canis lupus familiaris genomes (12 haplotypes),
539 spanning three admixed and three single-breed individuals. b, Hierarchical clustering of 51

540 haplotypes from domestic dogs and related canids, representing 37 individuals, with

541 corresponding phenotype annotations and pairwise sequence-similarity estimates. The first

542 column shows the pan-k-mer multiplicity distribution (log; o scale) for each haplotype, the next
543 three columns show phenotypic annotations, and the triangular heatmap shows pairwise average
544 nucleotide identity (ANI) computed by Mash [69]. ¢, Assembly contiguity (N-chart) for all

545 genomes included in the pangenome. Contig lengths are plotted in descending order against their
546 cumulative assembly span. Haplotypes from the six newly assembled dogs are marked in orange,
547 while the reference is in blue and all other assemblies are shown in gray. d, UMAP embedding
548 and DBSCAN clustering of local pan-k-mer profiles anchored to Appa haplotype 1, with Gene
549 Ontology (GO) enrichment analysis of the resulting clusters. The ten clusters with the strongest
550 GO enrichment are highlighted and annotated. e, False discovery rate (FDR)-adjusted association
551 testing between exon-level pan-k-mer profiles and morphological phenotypes. Three RSPO2

552 exons are denoted with asterisks because their calculated p-values underflowed to zero in

553 floating-point arithmetic. f, Hierarchical clustering of local pan-k-mer profiles for an exon of

554 RSPO2, showing that all four dogs with facial furnishings cluster together.

555
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a. Pan-k-mer clusters are annotated with GO terms b. Pan-k-mer UMAP cluster annotations
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557 Extended Data Figure 4 | Canine pangenome analysis identifies pangenomic architectures
558 associated with breed-specific morphological traits. a, Gene Ontology (GO) enrichment

559 analysis of clusters defined by local pan-k-mer profiles anchored to Appa haplotype 1. The most
560 significantly enriched GO terms for each of the three highlighted clusters are shown. Point size
561 represents the number of genes associated with each GO term. b, Principal component analysis
562 (PCA) of local pan-k-mer profiles anchored to Appa haplotype 1, with points colored by the

563 corresponding UMAP/DBSCAN-defined clusters. ¢, Exon-level pan-k-mer associations with
564 individual morphological phenotypes. The top four genes for each phenotype are labeled. d,

565 False discovery rate (FDR)-adjusted association testing between window-level pan-k-mer

566 profiles and morphological phenotypes.
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567 Analysis of 605 vertebrate genomes reveals pangenomic architectures associated with
568 organismal traits

569 Finally, to investigate pangenomic architectures across deep evolutionary timescales, we

570 analyzed the 605 amniote genomes from the Zoonomia and Bird 10,000 Projects previously

571 studied through a Progressive Cactus analysis [8,14]. This collection includes 242 mammalian
572 and 363 avian genomes spanning hundreds of millions of years of evolution (Fig. Sa, Extended
573 Data Fig. Sa, Supplementary Fig. 8 ). The mammals are further organized into three major

574 groups: Euarchontoglires (n = 103), which includes primates and rodents; Laurasiatheria (n =

575 123), which includes carnivores and ungulates; and the non-Boreoeutheria (n = 16), which

576 includes elephants, armadillos, and marsupials (Fig. Sb). Pan-k-mer containment was calculated
577 across 500 kbp windows of the human CHM 13 genome, and pan-k-mer clustering identified 150
578 discrete clusters of genomic intervals with similar pangenome profiles across mammals and birds
579 (Fig. 5¢). Of these, GO enrichment analysis identified 81 clusters significantly enriched for

580 biological processes, molecular functions, or cellular components, with the strongest enrichments
581 involving olfactory signaling, immune function, and ribosomal activity, alongside clusters

582 associated with microRNAs, cell-to-cell adhesion, and the epidermis (Extended Data Fig. 5b).
583 Genomic regions within the functionally enriched clusters were not restricted to individual

584 chromosomes but instead spanned multiple chromosomes throughout the human genome,

585 demonstrating that functionally related regions can exhibit similar pangenome profiles despite

586 their dispersed genomic locations (Fig. 5d, Extended Data Fig. 5c¢).

587 To explore how these patterns varied across genomic features, we calculated the mean and
588 standard deviation of the pan-k-mer multiplicity for every annotated human exon in the CHM13
589 genome (Fig. Se). We focused on individual exons to characterize local sequence-sharing

590 patterns independently of variation across the often extensive intronic regions of mammalian
591 genes. The distribution of mean exon multiplicity peaked near 240 genomes, consistent with
592 extensive sharing of human exon k-mers among the 242 sampled mammals and more limited
593 sharing between mammals and birds. In contrast, pan-k-mer multiplicity patterns differed

594 markedly among repeat classes, with simple repeats having significantly higher multiplicity

595 compared to other repeat classes (t-test, p reported as 0.0 due to a numerical underflow of

596 p<107** on a 64-bit architecture) and satellites displaying a bimodal pattern (Fig. 5f). The

597 bimodal distribution of satellite multiplicity reflects two major satellite classes: higher

29


https://paperpile.com/c/4sQoVx6z/FXd7+xodC
https://doi.org/10.64898/2026.10.21.760756
http://creativecommons.org/licenses/by/4.0/

bioRxiv preprint doi: https://doi.org/10.64898/2026.10.21.760756; this version posted October 22, 2026. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under a CC-BY 4.0 International license.

598 multiplicity primarily corresponds to centromeric alpha satellites, whereas lower multiplicity

599 corresponds mainly to the more dispersed beta satellites, potentially reflecting the low beta

600 repeat content in avian genomes compared to other vertebrates [70]. Taken together, these results
601 show how pan-k-mer multiplicity distinguishes patterns of sequence sharing across coding

602 regions and repetitive genomic elements.

603 We next investigated whether local sequence-sharing patterns across mammals and birds
604 were associated with seven organismal traits collated from published sources: brain mass, body
605 mass, brain-to-body mass ratio, longevity quotient, maximum longevity, metabolic rate, and

606 mass-specific metabolic rate (Supplementary Table 18). Previous studies of lifespan and brain
607 size in 46 mammals linked immune system function to maximum longevity [71], and studies of
608 exceptional lifespans in long-lived mammals identified genetic changes in pathways related to
609 oxidative stress, mitochondrial function, and tumor suppression [72]. Previous studies have also
610 found a connection between genes involved in oxygen-dependent reactions and mass-specific
611 metabolic rate in mammals and birds [73]. For each exon, we grouped species according to their
612 local pan-k-mer profiles and tested for associations with organismal traits using a generalized
613 least squares model accounting for genome-wide sequence similarity among species (Methods).
614 After false discovery rate correction, we identified 7,724 exons spanning 6,421 distinct genes
615 whose local pangenomic structure was significantly associated with at least one trait (adj. p <
616 0.05) (Fig. Sg, Extended Data Fig. 5d). Exons associated with metabolic rate had significantly
617 lower average multiplicity than other exons (t-test, p < 1.06e-12) and exons associated with

618 mass-specific metabolic rate had higher average multiplicity than other exons (t-test, p <

619 1.29e-64) (Fig. Sh). Significant associations were detected for all seven traits (Fig. 5i) and the

620 associated exons included both protein-coding and IncRNA annotations (Fig. 5j).

621 Several associations involved genes with previously reported functions relevant to the tested
622 traits, including exons within CASK associated with brain-to-body mass ratio (adj. p =

623 2.819¢-09), MLKL with maximum reported longevity (adj. p = 3.728e-06), and SMAD1 with
624 longevity quotient (adj. p = 1.622e-06). The association involving CASK is consistent with its
625 established role in brain development, including disorders characterized by microcephaly and
626 pontocerebellar hypoplasia [74]. Similarly, MLKL has been implicated in hepatocyte aging [75],
627 reproductive aging in male mice [76], and aging in hematopoietic stem cells [77]. Additionally,

628 SMADI has been implicated in age-related diseases, including heart disease [78,79] and cancer
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629 [80], and other SMAD genes have been associated with longevity in studies of human

630 centenarians [81]. Among the strongest associations, an FXR2 exon was associated with body
631 mass (adj. p =2.543e-17) (Fig. 5k). FXR2, a gene in the fragile X-related gene family, encodes
632 an RNA-binding protein that is involved in glucose homeostasis in mice; mice with defective

633 FXR2 genes have metabolic defects such as abnormal fat deposits and altered insulin levels [82].
634 At the gene level, MIR1224 was associated with body mass (adj. p = 1.803e-10) (Extended Data
635 Fig. 5e,f), consistent with previous reports of MIR1224 upregulation in adipose tissue of obese

636 mice [83].

637 Together, these analyses demonstrate that Panagram can characterize local sequence-sharing
638 patterns across hundreds of vertebrate genomes spanning deep evolutionary timescales. The

639 resulting pangenome profiles distinguish genomic features with different patterns of sequence
640 sharing, identify regions enriched for related biological functions, and nominate candidate loci
641 associated with organismal traits. Together with the analyses of plant and canine pangenomes,
642 these results establish Panagram as a scalable framework for investigating genomic diversity and

643 its biological associations across evolutionary scales.
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646 Figure 5 | Pangenome architectures across 605 vertebrate genomes reveal associations with
647 organismal traits. a, Relationship between genome size and mean pan-k-mer multiplicity across
648 605 vertebrate genomes, colored by major evolutionary group. Birds form a distinct cluster

649 characterized by smaller genome sizes and higher mean pan-k-mer multiplicity relative to

650 mammals. Mammalian groups (non-Boreoeutheria mammals = yellow, Laurasiatheria = purple,
651 Euarchontoglires = pink, human = black) exhibit similar pan-k-mer multiplicity but greater

652 variation in genome size. b, Distribution of shared 17-mers across major vertebrate clades

653 represented in the pangenome. ¢, Clustering of local pan-k-mer profiles identifies distinct groups
654 of genomic intervals with similar sequence-sharing patterns across vertebrates. Highlighted

655 clusters are enriched for biological processes related to immune function, olfaction, ribosomes,
656 organelles, cell-cell junctions, miRNAs, and the epidermis. d, Pan-k-mer clusters are broadly
657 distributed across the human genome rather than confined to individual loci. Colored regions

658 indicate genomic intervals belonging to functionally enriched pan-k-mer clusters spanning

659 multiple chromosomes. e, Distribution of the mean and standard deviation of pan-k-mer

660 multiplicity across annotated human exons. f, Distribution of mean pan-k-mer multiplicity across
661 all CHM 13 exons (blue), repetitive elements (red), satellites (brown), and simple repeats

662 (yellow). g, Pan-k-mer association testing identifies 7,724 significant exon-trait associations. h,
663 Distributions of mean pan-k-mer multiplicity for exons significantly associated with each trait. i,
664 Distribution of association significance (—log;o FDR-adjusted p-values) across traits. j,

665 Annotation classes of exons significantly associated with each trait. Protein-coding exons

666 predominate across all traits, followed by long noncoding RNA (IncRNA) exons, whereas the
667 relative contributions of microRNAs (miRNAs), small nucleolar RNAs (snoRNAs), and primary
668 transcripts differ among traits. k, Local pan-k-mer profiles surrounding exon 10 of FXR2 are

669 significantly associated with body mass. Gray bars indicate the median body mass of individuals
670 within each pan-k-mer-defined haplotype group.

671
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Mash distance across 605 Zoonomia samples c. Pan-k-mer cluster annotations are dispersed across human genome
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673 Extended Data Figure S | Vertebrate-scale pangenomic analysis across 605 genomes from
674 the Zoonomia Project. a, Mash distance-based dendrogram of all 605 vertebrate genomes,
675 reflecting genome-wide k-mer similarity. b, Gene Ontology (GO) enrichment analysis of three
676 pan-k-mer clusters associated with immune function, olfaction, and ribosomal processes. The
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677 most significantly enriched GO terms are shown for each cluster, and circle size indicates the
678 number of genes associated with each term. ¢, Genomic distribution of pan-k-mer clusters

679 projected onto the CHM 13 reference genome. Red stars indicate the locations of exons with the
680 strongest trait associations. d, Summary of the organismal traits analyzed, indicating missing
681 phenotype data across species. e, Genes and noncoding RNAs associated with organismal traits
682 across birds and mammals. MIR 1224 exhibits the strongest association with body mass. f,

683 Clustering local pan-k-mer profiles across MIR1224 define groups associated with body mass
684 across birds and mammals. Gray bars indicate the median body mass of species within each

685 group.

686

687 DISCUSSION

688 Pangenomes are rapidly expanding our view of genomic diversity, yet connecting this

689 variation to evolutionary processes and phenotypic diversity remains a central challenge. Here
690 we present Panagram, an efficient, alignment-free framework that uses pan-k-mer profiles to
691 characterize genomic architectures across populations and species. Across diverse plant and
692 animal pangenomes, Panagram identified environmental associations in Arabidopsis, mapped
693 candidate introgressed regions encompassing domestication- and improvement-related genes in
694 Solanum crops and their wild relatives, recovered canine sequence-sharing patterns associated
695 with morphological traits, and linked vertebrate genomic architectures to variation in body size,
696 longevity, and metabolism. Pan-k-mer clustering grouped loci with shared biological functions
697 across different chromosomes, suggesting that patterns of pangenomic sequence sharing can

698 reveal functional relationships beyond physical proximity.

699 Unlike single-variant tests, pan-k-mer profiles summarize combinations of sequence

700 differences across genomic intervals, potentially capturing complex haplotypes and structural
701 variation. The associations identified here include both established trait loci, such as the

702 association for RSPO?2 and furnishings, and candidate loci with biological support from previous
703 studies, including the developmental functions of ANT and metabolic roles of FXR2 and

704 MIR1224. Differences from published GWAS signals may reflect sampling, phenotype

705 definitions, statistical power, and variant representation. Moreover, as with conventional GWAS,
706 these associations do not establish causal variants or mechanisms. Rather, they identify intervals
707 for targeted sequence comparison, fine-mapping, and functional validation. Future extensions

708 could incorporate improved phylogenetic models, nonlinear effects, interactions among loci, and
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709 integration with variant-based fine-mapping. Recent genomic foundation models such as
710 GPN-Star [84] illustrate the potential of learning from evolutionary sequence relationships.
711 Panagram’s alignment-free profiles could provide complementary inputs for machine-learning

712 models, especially in structurally complex or lineage-specific regions.

713 A core feature of Panagram is that pan-k-mer containment closely mirrors alignment-derived
714 sequence similarity while remaining computationally tractable across large, structurally complex
715 pangenomes. This builds on the growing body of literature demonstrating the utility of

716 k-mer-based analysis for fast and accurate analysis of sequencing reads [85], pairwise genome
717 similarity [69], association testing [86], and genebank selection [87], although several

718 opportunities for future development remain. While Panagram robustly captures local sequence
719 similarity and patterns associated with structural variation, it has limited sensitivity to

720 copy-number variation arising from recent duplications whose copies have not yet accumulated
721 distinguishing sequence differences. Future extensions incorporating k-mer abundances could
722 improve sensitivity to copy-number variation, while adaptively increasing k-mer length could
723 help distinguish repeat copies by extending into unique flanking sequences or spanning

724 copy-specific differences. These approaches could improve characterization of tandem arrays,
725 segmental duplications, and other complex genomic regions. More broadly, pan-k-mers

726 correspond to nodes in a colored de Bruijn graph of the pangenome with their bitvectors

727 encoding genome membership, creating opportunities to integrate additional graph-aware data
728 structures and analysis algorithms into the framework [88]. Combining pan-k-mer profiles with
729 local graph visualization or targeted alignment refinement could further improve resolution of

730 complex haplotypes and structural rearrangements.

731 Looking ahead, pangenomes are exposing a vast landscape of genomic variation extending
732 far beyond simple SNPs and small indels. By connecting local sequence-sharing patterns to

733 genome evolution and biological function, Panagram offers opportunities across diverse

734 biological systems. In agriculture, Panagram could help identify genomic regions associated with
735 climate resilience, productivity, and disease resistance. Across animals, comparative analyses

736 could reveal shared and lineage-specific genomic features associated with lifespan, body size,
737 metabolism, and other complex traits. By making these patterns accessible across populations

738 and evolutionary timescales, Panagram provides a foundation for investigating how genomic

739 diversity contributes to phenotypic variation and adaptation.
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754 Acknowledgments

755 We would like to thank Adam Phillippy, Ben Langmead, Alex Sweeten, Stephen Hwang, Vikram
756 Shivakumar, and Kamil S. Jaron for their helpful discussions, Tera Bowers and PacBio for

757 supporting the dog genome sequencing, Lucas Moreira, Kristin Laidre, Timothy Lin, Kathryn
758 Lord, Frances Chen, Tera Bowers, Susan Porteous and their dogs, the Cold Spring Harbor

759 Sequencing Core for sequencing the Solanum genomes, and the Broad Genomics Platform for
760 sequencing the dog genomes. First and corresponding authors acknowledge using ChatGPT and
761 Claude to improve grammar and readability of specific phrases and sentences in the manuscript.
762 All authors reviewed and edited later drafts. This work was supported through funding received
763 from NSF awards 2216612 (ZBL, MCS) and 2419522 (MCS), NIH awards U0O1HGO013744

764 (MCS), U24HG010263 (MCS) and U41HG006620 (MCS, AN). I.LH. and K.M.J. acknowledge
765 ERC grant 101142254 EvoPanCen. E.K.K. and M.C.S acknowledge support from the Colossal
766 Foundation. M.B. acknowledges financial support from the Plant Health and Environment

767 department of the French National Institute for Agriculture, Food and Environment (INRAE).

37


https://solpangenomics.com/dist/pages/downloads/index.php
https://cshl-lippmanlab.s3.amazonaws.com/SolPanGenomics/aethiopicum_ont_asms_panagram_2026.tar.gz
https://cshl-lippmanlab.s3.amazonaws.com/SolPanGenomics/aethiopicum_ont_asms_panagram_2026.tar.gz
http://data.schatz-lab.org/panagram/
https://github.com/kjenike/panagram
https://doi.org/10.64898/2026.10.21.760756
http://creativecommons.org/licenses/by/4.0/

bioRxiv preprint doi: https://doi.org/10.64898/2026.10.21.760756; this version posted October 22, 2026. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under a CC-BY 4.0 International license.

768 Broodbank research fellowship from the University of Cambridge to RB, and ZBL
769 acknowledges support from the Howard Hughes Medical Institute.

770 Author contributions
771 Conceptualization: KMJ, EKK, ZBL, IRH, MCS

772 Data curation: KMJ, NLB, DL, RB, FLC, HS, MB, TC, RFD, BF, IG, AH, RJ, BYHH, AO, SR,
773 KR, GMR, JWS

774 Formal analysis: KMJ, NLB, SK, DL, RB, FLC, HS, MB, TC, RFD, BF, IG, AH, RJ, BYHH,
775 AO, SR, KR, GMR

776 Funding acquisition: AN, EKK, ZBL, IRH, MCS

777 Investigation: KMJ, NLB, SK, DL, RB, FLC, HS, MB, TC, RFD, BF, IG, AH, RJ, BYHH, AO,
778 SR, KR, GMR, JWS

779 Methodology: KMJ, NLB, SK, DL, AN, EKK, ZBL, IRH, MCS
780 Project administration: KMJ, AN, EKK, ZBL, IRH, MCS

781 Software: KMJ, NLB, SK, MCS

782 Resources: AN, EKK, ZBL, IRH, MCS

783 Supervision: AN, EKK, ZBL, IRH, MCS

784 Validation: KMJ, NLB, SK, DL, RB, FLC, HS, MB, TC, RFD, BF, IG, AH, RJ, BYHH, AO, SR,
785 KR, GMR

786 Visualization: KMJ, NLB, SK
787 Writing-original draft: KMJ, NLB, SK, EKK, ZBL, IRH, MCS

788 Writing-review and editing: All authors

789

790 Competing interests

791 ZBL is a consultant for Inari Agriculture. All other authors declare no competing interests.
792

793 Additional information

794 The online version contains supplementary material available at https://doi.org/xxxxxx.

38


https://doi.org/10.64898/2026.10.21.760756
http://creativecommons.org/licenses/by/4.0/

bioRxiv preprint doi: https://doi.org/10.64898/2026.10.21.760756; this version posted October 22, 2026. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made

available under a CC-BY 4.0 International license.

795 Correspondence and requests for materials should be addressed to Michael C. Schatz

796 (mschatz@cs.jhu.edu)

797 REFERENCES

798 1.
799

800 2.
801
802

803 3.
804
805

806 4.
807

808 5.
809

810 6.
811
812

813 7.
814
815

816 8.
817
818

819 9.
820

821 10.
822

823 11.
824

825 12.
826
827

Ashraf H, Doerr D, Ebler J, Marschall T. Building and applying pangenome references to
capture genetic diversity. Nat Rev Genet. 2026; 1-17.

Taylor DJ, Eizenga JM, Li Q, Das A, Jenike KM, Kenny EE, et al. Beyond the Human
Genome Project: The age of complete human genome sequences and pangenome
references. Annu Rev Genomics Hum Genet. 2024;25: 77-104.

Lian Q, Huettel B, Walkemeier B, Mayjonade B, Lopez-Roques C, Gil L, et al. A
pan-genome of 69 Arabidopsis thaliana accessions reveals a conserved genome structure
throughout the global species range. Nat Genet. 2024;56: 982-991.

Wlodzimierz P, Rabanal FA, Burns R, Naish M, Primetis E, Scott A, et al. Cycles of
satellite and transposon evolution in Arabidopsis centromeres. Nature. 2023;618: 557-565.

Kang M, Wu H, Liu H, Liu W, Zhu M, Han Y, et al. The pan-genome and local adaptation
of Arabidopsis thaliana. Nat Commun. 2023;14: 6259.

Benoit M, Jenike KM, Satterlee JW, Ramakrishnan S, Gentile I, Hendelman A, et al.
Solanum pan-genetics reveals paralogues as contingencies in crop engineering. Nature.
2025;640: 135-145.

Alonge M, Wang X, Benoit M, Soyk S, Pereira L, Zhang L, et al. Major Impacts of
Widespread Structural Variation on Gene Expression and Crop Improvement in Tomato.
Cell. 2020;182: 145-161.e23.

Armstrong J, Hickey G, Diekhans M, Fiddes IT, Novak AM, Deran A, et al. Progressive
Cactus is a multiple-genome aligner for the thousand-genome era. Nature. 2020;587:
246-251.

Golicz AA, Bayer PE, Bhalla PL, Batley J, Edwards D. Pangenomics Comes of Age: From
Bacteria to Plant and Animal Applications. Trends Genet. 2020;36: 132—-145.

Sarawad A, Hosagoudar S, Parvatikar P. Pan-genomics: Insight into the Functional
Genome, Applications, Advancements, and Challenges. Curr Genomics. 2025;26: 2—14.

Liao W-W, Asri M, Ebler J, Doerr D, Haukness M, Hickey G, et al. A draft human
pangenome reference. Nature. 2022;617: 312-324.

Hufford MB, Seetharam AS, Woodhouse MR, Chougule KM, Ou S, Liu J, et al. De novo
assembly, annotation, and comparative analysis of 26 diverse maize genomes. Science.
2021;373: 655-662.

39


https://paperpile.com/b/4sQoVx6z/mqDt
https://paperpile.com/b/4sQoVx6z/mqDt
https://paperpile.com/b/4sQoVx6z/mwQG
https://paperpile.com/b/4sQoVx6z/mwQG
https://paperpile.com/b/4sQoVx6z/mwQG
https://paperpile.com/b/4sQoVx6z/g32S
https://paperpile.com/b/4sQoVx6z/g32S
https://paperpile.com/b/4sQoVx6z/g32S
https://paperpile.com/b/4sQoVx6z/DVpj
https://paperpile.com/b/4sQoVx6z/DVpj
https://paperpile.com/b/4sQoVx6z/cWnJ
https://paperpile.com/b/4sQoVx6z/cWnJ
https://paperpile.com/b/4sQoVx6z/3D6O
https://paperpile.com/b/4sQoVx6z/3D6O
https://paperpile.com/b/4sQoVx6z/3D6O
https://paperpile.com/b/4sQoVx6z/jvd4
https://paperpile.com/b/4sQoVx6z/jvd4
https://paperpile.com/b/4sQoVx6z/jvd4
https://paperpile.com/b/4sQoVx6z/xodC
https://paperpile.com/b/4sQoVx6z/xodC
https://paperpile.com/b/4sQoVx6z/xodC
https://paperpile.com/b/4sQoVx6z/Jvag
https://paperpile.com/b/4sQoVx6z/Jvag
https://paperpile.com/b/4sQoVx6z/a8ft
https://paperpile.com/b/4sQoVx6z/a8ft
https://paperpile.com/b/4sQoVx6z/rXep
https://paperpile.com/b/4sQoVx6z/rXep
https://paperpile.com/b/4sQoVx6z/6Pkm
https://paperpile.com/b/4sQoVx6z/6Pkm
https://paperpile.com/b/4sQoVx6z/6Pkm
https://doi.org/10.64898/2026.10.21.760756
http://creativecommons.org/licenses/by/4.0/

bioRxiv preprint doi: https://doi.org/10.64898/2026.10.21.760756; this version posted October 22, 2026. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made

828 13.

829
830

831 14.

832

833 15.

834
835

836 16.

837

838 17.

839
840

841 18.

842

843 19.

844

845 20.

846
847

848 21.

849

850 22.

851
852

853 23.

854

855 24,

856
857

858 25.

859

860 20.

861

available under a CC-BY 4.0 International license.

Chen L, Qiu Q, Jiang Y, Wang K, Lin Z, Li Z, et al. Large-scale ruminant genome
sequencing provides insights into their evolution and distinct traits. Science. 2019 [cited 7
Sept 2026]. doi:10.1126/science.aav6202

Zoonomia Consortium. A comparative genomics multitool for scientific discovery and
conservation. Nature. 2020;587: 240-245.

Lovell JT, Sreedasyam A, Schranz ME, Wilson M, Carlson JW, Harkess A, et al.
GENESPACE tracks regions of interest and gene copy number variation across multiple
genomes. Elife. 2022;11. doi:10.7554/eLife.78526

Emms DM, Kelly S. OrthoFinder: phylogenetic orthology inference for comparative
genomics. Genome Biol. 2019;20: 238.

Garrison E, Sirén J, Novak AM, Hickey G, Eizenga JM, Dawson ET, et al. Variation graph
toolkit improves read mapping by representing genetic variation in the reference. Nat
Biotechnol. 2018;36: 875-879.

Garrison E, Guarracino A, Heumos S, Villani F, Bao Z, Tattini L, et al. Building pangenome
graphs. Nat Methods. 2024;21: 2008-2012.

Li H, Feng X, Chu C. The design and construction of reference pangenome graphs with
minigraph. Genome Biol. 2020;21: 1-19.

Aylward AJ, Petrus S, Mamerto A, Hartwick NT, Michael TP. PanKmer: k-mer-based and
reference-free pangenome analysis. Bioinformatics. 2023;39.
doi:10.1093/bioinformatics/btad621

Shivakumar VS, Langmead B. Mumemto: efficient maximal matching across pangenomes.
Genome Biol. 2025;26: 169.

Broder AZ. On the resemblance and containment of documents. Proceedings Compression
and Complexity of SEQUENCES 1997 (Cat No97TB100171). IEEE Comput. Soc; 2002.
pp. 21-29.

Sweeten AP, Schatz MC, Phillippy AM. ModDotPlot-rapid and interactive visualization of
tandem repeats. Bioinformatics. 2024;40: btae493.

Ondov BD, Starrett GJ, Sappington A, Kostic A, Koren S, Buck CB, et al. Mash Screen:
high-throughput sequence containment estimation for genome discovery. Genome Biol.
2019;20: 232.

Li H. Minimap2: pairwise alignment for nucleotide sequences. Bioinformatics. 2018;34:
3094-3100.

Li H. Tabix: fast retrieval of sequence features from generic TAB-delimited files.
Bioinformatics. 2011;27: 718-719.

40


https://paperpile.com/b/4sQoVx6z/koMq
https://paperpile.com/b/4sQoVx6z/koMq
https://paperpile.com/b/4sQoVx6z/koMq
https://paperpile.com/b/4sQoVx6z/FXd7
https://paperpile.com/b/4sQoVx6z/FXd7
https://paperpile.com/b/4sQoVx6z/OEmjL
https://paperpile.com/b/4sQoVx6z/OEmjL
https://paperpile.com/b/4sQoVx6z/OEmjL
https://paperpile.com/b/4sQoVx6z/psgaI
https://paperpile.com/b/4sQoVx6z/psgaI
https://paperpile.com/b/4sQoVx6z/6obbt
https://paperpile.com/b/4sQoVx6z/6obbt
https://paperpile.com/b/4sQoVx6z/6obbt
https://paperpile.com/b/4sQoVx6z/qJEkW
https://paperpile.com/b/4sQoVx6z/qJEkW
https://paperpile.com/b/4sQoVx6z/u7gm
https://paperpile.com/b/4sQoVx6z/u7gm
https://paperpile.com/b/4sQoVx6z/67GbZ
https://paperpile.com/b/4sQoVx6z/67GbZ
https://paperpile.com/b/4sQoVx6z/67GbZ
https://paperpile.com/b/4sQoVx6z/zMrF
https://paperpile.com/b/4sQoVx6z/zMrF
https://paperpile.com/b/4sQoVx6z/Tavb
https://paperpile.com/b/4sQoVx6z/Tavb
https://paperpile.com/b/4sQoVx6z/Tavb
https://paperpile.com/b/4sQoVx6z/peEO
https://paperpile.com/b/4sQoVx6z/peEO
https://paperpile.com/b/4sQoVx6z/eg1d
https://paperpile.com/b/4sQoVx6z/eg1d
https://paperpile.com/b/4sQoVx6z/eg1d
https://paperpile.com/b/4sQoVx6z/GdR50
https://paperpile.com/b/4sQoVx6z/GdR50
https://paperpile.com/b/4sQoVx6z/2TwA
https://paperpile.com/b/4sQoVx6z/2TwA
https://doi.org/10.64898/2026.10.21.760756
http://creativecommons.org/licenses/by/4.0/

bioRxiv preprint doi: https://doi.org/10.64898/2026.10.21.760756; this version posted October 22, 2026. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made

862 27.

863
864

865 28.

866
867

868 29.

869
870

871 30.

872
873

874 31.

875

876 32.

877

878 33.

879

880 34.

881
882

883 35.

884
885

886 30.

887

888 37.

889

890 38.

891
892

893 39.

894
895

available under a CC-BY 4.0 International license.

Fields PD, Waneka G, Naish M, Schatz MC, Henderson IR, Sloan DB. Complete Sequence
of'a 641-kb Insertion of Mitochondrial DNA in the Arabidopsis thaliana Nuclear Genome.
Genome Biology and Evolution. 2022;14: evac059.

Quadrana L, Bortolini Silveira A, Mayhew GF, LeBlanc C, Martienssen RA, Jeddeloh JA,
et al. The Arabidopsis thaliana mobilome and its impact at the species level. Elife. 2016;5.
doi:10.7554/eLife.15716

Baduel P, Leduque B, Ignace A, Gy I, Gil J Jr, Loudet O, et al. Genetic and environmental
modulation of transposition shapes the evolutionary potential of Arabidopsis thaliana.
Genome Biol. 2021;22: 138.

Van de Weyer A-L, Monteiro F, Furzer OJ, Nishimura MT, Cevik V, Witek K, et al. A
Species-Wide Inventory of NLR Genes and Alleles in Arabidopsis thaliana. Cell. 2019;178:
1260-1272.e14.

Wu X, Bellagio T, Peng Y, Czech L, Lin M, Lang P, et al. Rapid adaptation and extinction in
synchronized outdoor evolution experiments of. Science. 2026;391: eadz0777.

Hancock AM, Brachi B, Faure N, Horton MW, Jarymowycz LB, Sperone FG, et al.
Adaptation to climate across the Arabidopsis thaliana genome. Science. 2011;334: 83-86.

Manchado-Rojo M, Weiss J, Egea-Cortines M. Validation of Aintegumenta as a gene to
modify floral size in ornamental plants. Plant Biotechnol J. 2014;12: 1053—1065.

Krizek BA, Bantle AT, Heflin JM, Han H, Freese NH, Loraine AE. AINTEGUMENTA and
AINTEGUMENTA-LIKES6 directly regulate floral homeotic, growth, and vascular
development genes in young Arabidopsis flowers. J Exp Bot. 2021;72: 5478-5493.

Meng L-S, Wang Z-B, Yao S-Q, Liu A. The ARF2-ANT-COR15A gene cascade regulates
ABA-signaling-mediated resistance of large seeds to drought in Arabidopsis. J Cell Sci.
2015;128: 3922-3932.

Kieltyk P. Patterns of floral allocation along an elevation gradient: variation in Senecio
subalpinus growing in the Tatra Mountains. Alp Bot. 2021;131: 117-124.

Wang M, Wang Z, Yang Y, Zhao X, Zhou H, Zhou S, et al. Influences of elevational
gradient on flower size and number of var. Ecol Evol. 2024;14: e11393.

Amoroso G, Motti R, Zotti M, Idbella M, Migliozzi A, Cozzolino A, et al. Elevation-driven
variation in flower size and leaf size among 41 plant species in the apennine mountains
(Italy). Plant Ecology. 2025;226: 1065—1080.

LiY, Shen L, Zhang W, Duan Y, Liu H, Shi B, et al. Genome-wide identification of Auxin
Response Factor (ARF) genes and their expression analyses under different biotic and
abiotic stresses in Helianthus annuus L. Int J Biol Macromol. 2025;322: 146543.

41


https://paperpile.com/b/4sQoVx6z/TFFwU
https://paperpile.com/b/4sQoVx6z/TFFwU
https://paperpile.com/b/4sQoVx6z/TFFwU
https://paperpile.com/b/4sQoVx6z/4xC1
https://paperpile.com/b/4sQoVx6z/4xC1
https://paperpile.com/b/4sQoVx6z/4xC1
https://paperpile.com/b/4sQoVx6z/MefC
https://paperpile.com/b/4sQoVx6z/MefC
https://paperpile.com/b/4sQoVx6z/MefC
https://paperpile.com/b/4sQoVx6z/pQSP
https://paperpile.com/b/4sQoVx6z/pQSP
https://paperpile.com/b/4sQoVx6z/pQSP
https://paperpile.com/b/4sQoVx6z/Q09o
https://paperpile.com/b/4sQoVx6z/Q09o
https://paperpile.com/b/4sQoVx6z/jM2p
https://paperpile.com/b/4sQoVx6z/jM2p
https://paperpile.com/b/4sQoVx6z/ypAU
https://paperpile.com/b/4sQoVx6z/ypAU
https://paperpile.com/b/4sQoVx6z/u5QH
https://paperpile.com/b/4sQoVx6z/u5QH
https://paperpile.com/b/4sQoVx6z/u5QH
https://paperpile.com/b/4sQoVx6z/Vf7B
https://paperpile.com/b/4sQoVx6z/Vf7B
https://paperpile.com/b/4sQoVx6z/Vf7B
https://paperpile.com/b/4sQoVx6z/t6Ve
https://paperpile.com/b/4sQoVx6z/t6Ve
https://paperpile.com/b/4sQoVx6z/sagl
https://paperpile.com/b/4sQoVx6z/sagl
https://paperpile.com/b/4sQoVx6z/wsC8
https://paperpile.com/b/4sQoVx6z/wsC8
https://paperpile.com/b/4sQoVx6z/wsC8
https://paperpile.com/b/4sQoVx6z/xIFv
https://paperpile.com/b/4sQoVx6z/xIFv
https://paperpile.com/b/4sQoVx6z/xIFv
https://doi.org/10.64898/2026.10.21.760756
http://creativecommons.org/licenses/by/4.0/

bioRxiv preprint doi: https://doi.org/10.64898/2026.10.21.760756; this version posted October 22, 2026. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under a CC-BY 4.0 International license.

896 40. Tan K, Guo Z, Schnurbusch T. Pan-genome analysis reveals hidden diversity and selection
897 signatures of auxin response factors (ARFs) associated with breeding in barley. Theor Appl
898 Genet. 2026;139. doi:10.1007/s00122-026-05234-5

899 41. Doyle MR, Davis SJ, Bastow RM, McWatters HG, Kozma-Bognar L, Nagy F, et al. The
900 ELF4 gene controls circadian rhythms and flowering time in Arabidopsis thaliana. Nature.
901 2002;419: 74-77.

902 42. Zhao H, Xu D, Tian T, Kong F, Lin K, Gan S, et al. Molecular and functional dissection of
903 EARLY-FLOWERING 3 (ELF3) and ELF4 in Arabidopsis. Plant Sci. 2021;303: 110786.

904 43. Brachi B, Faure N, Bergelson J, Cuguen J, Roux F. Genome-wide association mapping of
905 flowering time in Arabidopsis thaliana in nature: genetics for underlying components and
906 reaction norms across two successive years. Acta botanica Gallica : bulletin de la Societe
907 botanique de France. 2013;160. doi:10.1080/12538078.2013.807302

908 44. Hazelwood OS, Diehl KA, Hollenbeck V, Demura-Devore J, Herb D, Gallagher JP, et al.
909 Cell cycle follows “pause and play” mechanism in salt and cold stress recovery in diverse
910 plant species. New Phytol. 2026;250: 1689—1703.

911 45. Kanojia A, Yadav P, Jaiswal A, Taneja K, Yadav R, Mudgil Y. Hormonal and Molecular
912 Regulation of Root Traits in Arabidopsis in Response to Abiotic Stress: A Way Forward to
913 Climate-Smart Crop Improvement Program. Sustainable Crop Production. 2026; 59-93.

914 46. Ma Q, Dai X, Xu Y, Guo J, Liu Y, Chen N, et al. Enhanced tolerance to chilling stress in
915 OsMYB3R-2 transgenic rice is mediated by alteration in cell cycle and ectopic expression
916 of stress genes. Plant Physiol. 2009;150: 244-256.

917 47. Sams AJ, Dumaine A, Nédélec Y, Yotova V, Alfieri C, Tanner JE, et al. Adaptively
918 introgressed Neandertal haplotype at the OAS locus functionally impacts innate immune
919 responses in humans. Genome Biol. 2016;17: 246.

920 48. Cheng H, Qu H, McKenzie S, Lawrence KR, Windsor R, Vella M, et al. Efficient
921 near-telomere-to-telomere assembly of nanopore simplex reads. Nature. 2026;655:
922 166—-173.

923 49. Reimand J, Kull M, Peterson H, Hansen J, Vilo J. g:Profiler--a web-based toolset for

924 functional profiling of gene lists from large-scale experiments. Nucleic Acids Res. 2007;35:
925 W193-200.

926 50. Neta-Sharir I, Isaacson T, Lurie S, Weiss D. Dual role for tomato heat shock protein 21:
927 protecting photosystem II from oxidative stress and promoting color changes during fruit
928 maturation. Plant Cell. 2005;17: 1829-1838.

929 51. Velez-Ramirez Al, van Ieperen W, Vreugdenhil D, van Poppel PMJA, Heuvelink E,

930 Millenaar FF. A single locus confers tolerance to continuous light and allows substantial
931 yield increase in tomato. Nat Commun. 2014;5: 4549.

42


https://paperpile.com/b/4sQoVx6z/7Iba
https://paperpile.com/b/4sQoVx6z/7Iba
https://paperpile.com/b/4sQoVx6z/7Iba
https://paperpile.com/b/4sQoVx6z/Jn4L
https://paperpile.com/b/4sQoVx6z/Jn4L
https://paperpile.com/b/4sQoVx6z/Jn4L
https://paperpile.com/b/4sQoVx6z/vJjg
https://paperpile.com/b/4sQoVx6z/vJjg
https://paperpile.com/b/4sQoVx6z/sPu1B
https://paperpile.com/b/4sQoVx6z/sPu1B
https://paperpile.com/b/4sQoVx6z/sPu1B
https://paperpile.com/b/4sQoVx6z/sPu1B
https://paperpile.com/b/4sQoVx6z/dDJu
https://paperpile.com/b/4sQoVx6z/dDJu
https://paperpile.com/b/4sQoVx6z/dDJu
https://paperpile.com/b/4sQoVx6z/8Rdf
https://paperpile.com/b/4sQoVx6z/8Rdf
https://paperpile.com/b/4sQoVx6z/8Rdf
https://paperpile.com/b/4sQoVx6z/LBk4
https://paperpile.com/b/4sQoVx6z/LBk4
https://paperpile.com/b/4sQoVx6z/LBk4
https://paperpile.com/b/4sQoVx6z/k7Po
https://paperpile.com/b/4sQoVx6z/k7Po
https://paperpile.com/b/4sQoVx6z/k7Po
https://paperpile.com/b/4sQoVx6z/zPsc
https://paperpile.com/b/4sQoVx6z/zPsc
https://paperpile.com/b/4sQoVx6z/zPsc
https://paperpile.com/b/4sQoVx6z/VhhN
https://paperpile.com/b/4sQoVx6z/VhhN
https://paperpile.com/b/4sQoVx6z/VhhN
https://paperpile.com/b/4sQoVx6z/P2nxj
https://paperpile.com/b/4sQoVx6z/P2nxj
https://paperpile.com/b/4sQoVx6z/P2nxj
https://paperpile.com/b/4sQoVx6z/sv0A8
https://paperpile.com/b/4sQoVx6z/sv0A8
https://paperpile.com/b/4sQoVx6z/sv0A8
https://doi.org/10.64898/2026.10.21.760756
http://creativecommons.org/licenses/by/4.0/

bioRxiv preprint doi: https://doi.org/10.64898/2026.10.21.760756; this version posted October 22, 2026. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under a CC-BY 4.0 International license.

932 52. Soyk S, Miiller NA, Park SJ, Schmalenbach I, Jiang K, Hayama R, et al. Variation in the
933 flowering gene SELF PRUNING 5G promotes day-neutrality and early yield in tomato. Nat
934 Genet. 2017;49: 162—-168.

935 53. Shohat H, Ciren D, Arrones A, Gentile I, Ramakrishnan S, Hendelman A, et al. A

936 neofunctionalized flowering antagonist created an evolutionary contingency that channeled
937 Solanaceae adaptation. bioRxivorg. bioRxiv; 2026. p. 2026.02.20.707063.

938 doi:10.64898/2026.02.20.707063

939 54. Ebert P, Audano PA, Zhu Q, Rodriguez-Martin B, Porubsky D, Bonder MJ, et al.
940 Haplotype-resolved diverse human genomes and integrated analysis of structural variation.
941 Science. 2021;372. doi:10.1126/science.abf7117

942 55. Larson G, Karlsson EK, Perri A, Webster MT, Ho SYW, Peters J, et al. Rethinking dog
943 domestication by integrating genetics, archeology, and biogeography. Proc Natl Acad Sci U
944 S A.2012;109: 8878-8883.

945 56. Mazzorin J de G, Tagliacozzo A. Morphological and osteological changes in the dog from
946 the Neolithic to the Roman period in Italy. Dogs through time: an archaeological
947 perspective Oxford: Archaeopress. 2000; 141-161.

948 57. Mazzorin JDG, Tagliacozzo A. Dog remains in Italy from the Neolithic to the Roman
949 period. Anthropozoologica. 1997;25: 429.

950 58. Worboys M, Strange J-M, Pemberton N. The Invention of the Modern Dog: Breed and
951 Blood in Victorian Britain. JHU Press; 2018.

952 59. Lariviere D, Abueg L, Brajuka N, Gallardo-Alba C, Griining B, Ko BJ, et al. Scalable,
953 accessible and reproducible reference genome assembly and evaluation in Galaxy. Nat
954 Biotechnol. 2024;42: 367-370.

955 60. Mouton A, Bird DJ, Li G, Craven BA, Levine JM, Morselli M, et al. Genetic and
956 Anatomical Determinants of Olfaction in Dogs and Wild Canids. Mol Biol Evol. 2025;42.
957 doi:10.1093/molbev/msaf035

958 61. Cadieu E, Neff MW, Quignon P, Walsh K, Chase K, Parker HG, et al. Coat variation in the
959 domestic dog is governed by variants in three genes. Science. 2009;326: 150-153.

960 62. Boyko AR, Quignon P, Li L, Schoenebeck JJ, Degenhardt JD, Lohmueller KE, et al. A
961 simple genetic architecture underlies morphological variation in dogs. PLoS Biol. 2010;8:
962 e1000451.

963 63. Rimbault M, Beale HC, Schoenebeck JJ, Hoopes BC, Allen JJ, Kilroy-Glynn P, et al.
964 Derived variants at six genes explain nearly half of size reduction in dog breeds. Genome
965 Res. 2013;23: 1985-1995.

966 64. Vockley J, Ensenauer R. Isovaleric acidemia: new aspects of genetic and phenotypic
967 heterogeneity. Am J Med Genet C Semin Med Genet. 2006;142C: 95-103.

43


https://paperpile.com/b/4sQoVx6z/pDhY
https://paperpile.com/b/4sQoVx6z/pDhY
https://paperpile.com/b/4sQoVx6z/pDhY
https://paperpile.com/b/4sQoVx6z/FPgKv
https://paperpile.com/b/4sQoVx6z/FPgKv
https://paperpile.com/b/4sQoVx6z/FPgKv
https://paperpile.com/b/4sQoVx6z/FPgKv
https://paperpile.com/b/4sQoVx6z/7hnS
https://paperpile.com/b/4sQoVx6z/7hnS
https://paperpile.com/b/4sQoVx6z/7hnS
https://paperpile.com/b/4sQoVx6z/H3d3
https://paperpile.com/b/4sQoVx6z/H3d3
https://paperpile.com/b/4sQoVx6z/H3d3
https://paperpile.com/b/4sQoVx6z/pN9V8
https://paperpile.com/b/4sQoVx6z/pN9V8
https://paperpile.com/b/4sQoVx6z/pN9V8
https://paperpile.com/b/4sQoVx6z/f9GPC
https://paperpile.com/b/4sQoVx6z/f9GPC
https://paperpile.com/b/4sQoVx6z/SQhsD
https://paperpile.com/b/4sQoVx6z/SQhsD
https://paperpile.com/b/4sQoVx6z/GdDr
https://paperpile.com/b/4sQoVx6z/GdDr
https://paperpile.com/b/4sQoVx6z/GdDr
https://paperpile.com/b/4sQoVx6z/8RsO
https://paperpile.com/b/4sQoVx6z/8RsO
https://paperpile.com/b/4sQoVx6z/8RsO
https://paperpile.com/b/4sQoVx6z/VG9l
https://paperpile.com/b/4sQoVx6z/VG9l
https://paperpile.com/b/4sQoVx6z/3ccO
https://paperpile.com/b/4sQoVx6z/3ccO
https://paperpile.com/b/4sQoVx6z/3ccO
https://paperpile.com/b/4sQoVx6z/j9JH
https://paperpile.com/b/4sQoVx6z/j9JH
https://paperpile.com/b/4sQoVx6z/j9JH
https://paperpile.com/b/4sQoVx6z/6eIs
https://paperpile.com/b/4sQoVx6z/6eIs
https://doi.org/10.64898/2026.10.21.760756
http://creativecommons.org/licenses/by/4.0/

bioRxiv preprint doi: https://doi.org/10.64898/2026.10.21.760756; this version posted October 22, 2026. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under a CC-BY 4.0 International license.

968 65. Chen Y, Cai GH, Xia B, Wang X, Zhang CC, Xie BC, et al. Mitochondrial aconitase
969 controls adipogenesis through mediation of cellular ATP production. FASEB J. 2020;34:
970 6688—6702.

971 66. Sadat R, Barca E, Masand R, Donti TR, Naini A, De Vivo DC, et al. Functional cellular
972 analyses reveal energy metabolism defect and mitochondrial DNA depletion in a case of
973 mitochondrial aconitase deficiency. Mol Genet Metab. 2016;118: 28-34.

974 67. Haque MA, Kim N-K, Yeji R, Lee B, Ha J-H, Lee Y-M, et al. Genomic prediction and
975 genome-wide association studies of morphological traits and distraction index in Korean
976 Sapsaree dogs. PLoS One. 2024;19: e0312583.

977 68. Wang FH, Zhang L, Gong G, Yan XC, Zhang LT, Zhang FT, et al. Genome-wide association
978 study of fleece traits in Inner Mongolia Cashmere goats. Anim Genet. 2021;52: 375-379.

979 69. Ondov BD, Treangen TJ, Melsted P, Mallonee AB, Bergman NH, Koren S, et al. Mash: fast
980 genome and metagenome distance estimation using MinHash. Genome Biol. 2016;17: 132.

981 70. Zhang G, Li C, Li Q, Li B, Larkin DM, Lee C, et al. Comparative genomics reveals insights
982 into avian genome evolution and adaptation. Science. 2014 [cited 22 Sept 2026].
983 doi:10.1126/science.1251385

984 71. Kilili H, Padilla-Morales B, Castillo-Morales A, Monzdén-Sandoval J, Diaz-Barba K,

985 Cornejo-Paramo P, et al. Maximum lifespan and brain size in mammals are associated with
986 gene family size expansion related to immune system functions. Scientific Reports.

987 2025;15: 15087.

988 72. Li S, Kim H, Baek SJ. Genetic insights from long-lived mammals. J Vet Sci. 2025;26: S5.

989 73. Takemoto K, Kawakami Y. The proportion of genes in a functional category is linked to
990 mass-specific metabolic rate and lifespan. Scientific Reports. 2015;5: 10008.

991 74. Martin J, Mavrogalou-Foti A, Eck J, Hattersley L, Baker K. The neurodevelopmental
992 spectrum of CASK-related disorder. J Neurodev Disord. 2025;17: 60.

993 75. Mohammed S, Jiang C, Pennington T, Bhaskaran S, Ohene-Marfo P, Kneuper KF, et al. A
994 Non-Canonical Role for Hepatocyte MLKL in Promoting Mitochondrial Dysfunction and
995 Senescence in the Aging Liver. Aging Cell. 2026;25: ¢70618.

996 76. LiD,Meng L, Xu T, SuY, Liu X, Zhang Z, et al. RIPK 1-RIPK3-MLKL-dependent necrosis
997 promotes the aging of mouse male reproductive system. Elife. 2017;6.
998 doi:10.7554/eLife.27692

999 77. Yamada Y, Yang J, Saiki-Tsuchiya A, Watanabe Y, Koide S, Murai S, et al. Non-necroptotic

1000 MLKL function damages mitochondria and promotes hematopoietic stem cell aging. Nat
1001 Commun. 2026;17. doi:10.1038/s41467-026-71060-4

44


https://paperpile.com/b/4sQoVx6z/Nmqx
https://paperpile.com/b/4sQoVx6z/Nmqx
https://paperpile.com/b/4sQoVx6z/Nmqx
https://paperpile.com/b/4sQoVx6z/KFiI
https://paperpile.com/b/4sQoVx6z/KFiI
https://paperpile.com/b/4sQoVx6z/KFiI
https://paperpile.com/b/4sQoVx6z/BKh7
https://paperpile.com/b/4sQoVx6z/BKh7
https://paperpile.com/b/4sQoVx6z/BKh7
https://paperpile.com/b/4sQoVx6z/c6wm
https://paperpile.com/b/4sQoVx6z/c6wm
https://paperpile.com/b/4sQoVx6z/ENUqm
https://paperpile.com/b/4sQoVx6z/ENUqm
https://paperpile.com/b/4sQoVx6z/AzYC
https://paperpile.com/b/4sQoVx6z/AzYC
https://paperpile.com/b/4sQoVx6z/AzYC
https://paperpile.com/b/4sQoVx6z/vJBm
https://paperpile.com/b/4sQoVx6z/vJBm
https://paperpile.com/b/4sQoVx6z/vJBm
https://paperpile.com/b/4sQoVx6z/vJBm
https://paperpile.com/b/4sQoVx6z/mULd
https://paperpile.com/b/4sQoVx6z/dJL3
https://paperpile.com/b/4sQoVx6z/dJL3
https://paperpile.com/b/4sQoVx6z/mt0I
https://paperpile.com/b/4sQoVx6z/mt0I
https://paperpile.com/b/4sQoVx6z/qJTc
https://paperpile.com/b/4sQoVx6z/qJTc
https://paperpile.com/b/4sQoVx6z/qJTc
https://paperpile.com/b/4sQoVx6z/6Yg7
https://paperpile.com/b/4sQoVx6z/6Yg7
https://paperpile.com/b/4sQoVx6z/6Yg7
https://paperpile.com/b/4sQoVx6z/cl4b
https://paperpile.com/b/4sQoVx6z/cl4b
https://paperpile.com/b/4sQoVx6z/cl4b
https://doi.org/10.64898/2026.10.21.760756
http://creativecommons.org/licenses/by/4.0/

bioRxiv preprint doi: https://doi.org/10.64898/2026.10.21.760756; this version posted October 22, 2026. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made

1002 78.

1003
1004

1005 79.

1006

1007 80.

1008

1009 81.

1010
1011

1012 82.

1013

1014 83.

1015
1016

1017 84.

1018

1019 &5.

1020

1021 86.

1022

1023 &7.

1024
1025

1026 88.

1027
1028

1029

available under a CC-BY 4.0 International license.

Han C, Hong K-H, Kim YH, Kim M-J, Song C, Kim MJ, et al. SMADI1 deficiency in either
endothelial or smooth muscle cells can predispose mice to pulmonary hypertension.
Hypertension. 2013;61: 1044—1052.

Wang Z, Qiao X-H, Xu Y-J, Liu X-Y, Huang R-T, Xue S, et al. SMADI1 Loss-of-Function
Variant Responsible for Congenital Heart Disease. Biomed Res Int. 2022;2022: 9916325.

Chen Z, Wang Y, Lu X, Chen H, Kong Y, Rong L, et al. The immune regulation and
therapeutic potential of the SMAD gene family in breast cancer. Sci Rep. 2024;14: 6769.

Yang J, Tare A, Zhang L, Kim S, Ryu S, Guo Q, et al. Longevity-associated SMAD3
non-coding centenarian variant impairs a cell-type specific enhancer to reduce
inflammation. bioRxiv. 2023. doi:10.1101/2023.05.17.540984

Lumaban JG, Nelson DL. The Fragile X proteins Fmrp and Fxr2p cooperate to regulate
glucose metabolism in mice. Hum Mol Genet. 2015;24: 2175-2184.

Brunetta HS, de Campos Zani SC, Ruiz GP, Mori MA. Insights into the role of adipose
tissue-derived microRNAs in intercellular communication during cardiometabolic diseases.
Curr Opin Endocr Metab Res. 2025;38: 100572.

Ye C, Benegas G, Albors C, Li JC, Prillo S, Fields PD, et al. Predicting genome-wide
functional constraints with GPN-Star. Nature. 2026; 1-10.

Ranallo-Benavidez TR, Jaron KS, Schatz MC. GenomeScope 2.0 and Smudgeplot for
reference-free profiling of polyploid genomes. Nat Commun. 2020;11: 1432.

Voichek Y, Weigel D. Identifying genetic variants underlying phenotypic variation in plants
without complete genomes. Nat Genet. 2020;52: 534-540.

Backhaus AE, Quiroz-Chavez J, Dreisigacker S, Cavalet-Giorsa E, Uauy C, Krattinger SG.
K-mer-based approaches to unlock genebank genomics for targeted crop improvement. Nat
Genet. 2026;58: 1206—1213.

Khan J, Dhulipala L, Patro R. Fast and scalable parallel external-memory construction of

colored compacted de Bruijn graphs with Cuttlefish 3. bioRxivorg. bioRxiv; 2025.
d0i:10.1101/2025.02.02.636161

45


https://paperpile.com/b/4sQoVx6z/qDjQ
https://paperpile.com/b/4sQoVx6z/qDjQ
https://paperpile.com/b/4sQoVx6z/qDjQ
https://paperpile.com/b/4sQoVx6z/vO3M
https://paperpile.com/b/4sQoVx6z/vO3M
https://paperpile.com/b/4sQoVx6z/KAzq
https://paperpile.com/b/4sQoVx6z/KAzq
https://paperpile.com/b/4sQoVx6z/7zod
https://paperpile.com/b/4sQoVx6z/7zod
https://paperpile.com/b/4sQoVx6z/7zod
https://paperpile.com/b/4sQoVx6z/GQCn
https://paperpile.com/b/4sQoVx6z/GQCn
https://paperpile.com/b/4sQoVx6z/Yv3o
https://paperpile.com/b/4sQoVx6z/Yv3o
https://paperpile.com/b/4sQoVx6z/Yv3o
https://paperpile.com/b/4sQoVx6z/963D
https://paperpile.com/b/4sQoVx6z/963D
https://paperpile.com/b/4sQoVx6z/jXe1
https://paperpile.com/b/4sQoVx6z/jXe1
https://paperpile.com/b/4sQoVx6z/4ngr
https://paperpile.com/b/4sQoVx6z/4ngr
https://paperpile.com/b/4sQoVx6z/SvBF
https://paperpile.com/b/4sQoVx6z/SvBF
https://paperpile.com/b/4sQoVx6z/SvBF
https://paperpile.com/b/4sQoVx6z/2rel
https://paperpile.com/b/4sQoVx6z/2rel
https://paperpile.com/b/4sQoVx6z/2rel
https://doi.org/10.64898/2026.10.21.760756
http://creativecommons.org/licenses/by/4.0/

bioRxiv preprint doi: https://doi.org/10.64898/2026.10.21.760756; this version posted October 22, 2026. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under a CC-BY 4.0 International license.


https://doi.org/10.64898/2026.10.21.760756
http://creativecommons.org/licenses/by/4.0/

