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Abstract 36 

Although genetic variants are among the strongest risk factors for Alzheimer’s disease 37 

(AD), most associated variants reside in non-coding regions with unclear mechanisms. 38 

Here, we address that gap by fine-tuning the Akita DNA foundation model on high-39 

resolution Hi-C data generated from neuronal progenitor cells (NPCs) and microglia to 40 

produce iNeuroAkita, a cell-context-aware three-dimensional (3D) genome model. 41 

iNeuroAkita shows improved correlation with experimental Hi-C contact maps and more 42 

accurate contact predictions at key AD loci (e.g. APOE and PSEN2), and captures 43 

CTCF-dependent chromatin loops. Using in silico saturation mutagenesis (ISM) across 44 

11,856 AD-associated single-nucleotide variants (SNVs) and 120 structural variants 45 

(SVs),  we quantified impacts on chromatin spatial organization and identified two SNVs 46 

predicted to strongly disrupt 3D chromatin architecture: rs636317 at the MS4A locus 47 

that is predicted to disrupt local chromatic interactions and microglia eQTL rs7599054 48 

that creates gained interactions connecting its surrounding region to CCNT2 and 49 

TMEM163, consistent with enhancer–promoter activation in epigenomic and single-cell 50 

transcriptomic data. We also identified AD-associated deletions at the KANSL1 and 51 

ARMS2 that rewire local regulatory contacts and associate with cell-type-specific 52 

expression changes, demonstrating iNeuroAkita’s utility for systematic characterization 53 

of noncoding AD risk variants underlying 3D genome regulation. 54 

 55 

 56 
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Introduction 57 

Alzheimer’s disease (AD) is influenced by inherited genetic variation, with genome-wide 58 

association studies (GWAS) indicating that a substantial portion of risk is attributable to 59 

common single-nucleotide variants (SNVs)1–4. A growing body of evidence indicates 60 

that many AD-associated variants exert their effects by perturbing three-dimensional 61 

(3D) chromatin architecture5–8, for example by altering chromatin loops, modifying long-62 

range enhancer–promoter interactions9, or affecting transcription factor and CTCF 63 

binding affinity1,10–12. Since 3D genome structure is critical for cell-type-specific gene 64 

regulation13,14, characterizing how AD risk variants reshape chromatin folding is 65 

essential for interpreting their functional consequences. 66 

Functional studies have further revealed that AD risk variants are enriched within 67 

regulatory elements and often exert cell-type-specific effects, particularly in 68 

microglia7,12,15,16. However, these studies have primarily examined transcriptional 69 

consequences and have not systematically assessed direct effects on 3D chromatin 70 

architecture. Experimental approaches that measure variant-induced changes in 71 

chromatin folding (for example, CRISPR perturbations and high-resolution chromatin 72 

conformation capture assays) are labor-intensive, and technically demanding, making 73 

them impractical to scale to the thousands of common variants identified by large AD 74 

GWAS studies.  75 

Structural variations (SVs) comprise a complementary and often more disruptive 76 

class of genetic variations that can reorganize chromatin architecture across kilobase-77 

to-megabase scales by altering gene dosages, deleting cis-regulatory elements, or 78 

rewiring long-range chromatin interactions17,18. One illustrative example is the APP 79 
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duplication, a rare but fully penetrant cause of early-onset AD19. Recent large-cohort 80 

whole-genome sequencing efforts have begun to implicate SVs more broadly in AD19,20. 81 

For instance, Wang et al.19 reported several ultra-rare SVs associated with AD that 82 

disrupt splice acceptor or donor sites in AD risk genes, including ABCA7, APP, PLCG2, 83 

and SORL1. Analysis of ROS/MAP cohorts have also linked SVs to explain clinical, 84 

cognitive, and neuropathologic traits, identifying more than twenty SVs in linkage 85 

disequilibrium (LD) with GWAS lead variants that associate with AD-related 86 

phenotypes20. Despite increasing evidence that SVs influence AD susceptibility, their 87 

effects on 3D genome organization and regulatory logic remain poorly characterized, 88 

largely because of experimental constraints. 89 

There is thus a clear need for computational frameworks that predict how genetic 90 

variations alter 3D chromatin architecture in disease-relevant cell types. Advances in 91 

sequence-to-structure modeling, including deep learning–based DNA foundation 92 

models21,22, show that primary DNA sequence encodes substantial information about 93 

chromatin folding. Models such as Akita21 and related architectures can predict contact 94 

maps directly from DNA sequence, enabling scalable in silico interrogation of variant-95 

induced structural perturbations at genome-wide scale. However, most existing models 96 

were trained in non-neural or otherwise AD-irrelevant cell types, such as GM12878 97 

lymphoblastoid cells, IMR-90 lung fibroblasts, HCT116 colorectal carcinoma cells, 98 

human foreskin fibroblasts (HFF), and H1 human embryonic stem cells, which limits 99 

their utility for studying for neurodegenerative disorders. 100 

Here, we address this gap by fine-tuning a DNA foundation model — Akita on 101 

high-resolution Hi-C data from neuronal progenitor cells (NPCs) and microglia to learn 102 
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the AD-relevant contexts, producing iNeuroAkita. This adaptation enables systematic 103 

prediction of variant-induced changes in chromatin architecture. Applying this 104 

framework to AD-associated SNVs and SVs reveals widespread disruption of chromatin 105 

spatial organization, including CTCF-mediated boundary weakening and long-range 106 

regulatory rewiring. This work demonstrates how cell-type-aware DNA foundation 107 

models provide a scalable and mechanistic approach to interpreting AD-associated 108 

genetic variants through the 3D genome perspective. 109 

 110 

Results 111 

NPC and microglia fine-tuned 3D genome models enables prediction of chromatin 112 

architecture 113 

To interpret how AD–associated variants alter chromatin architecture, we developed a 114 

cell-type-aware 3D genome model tailored to human brain–relevant cell types. Existing 115 

models such as Akita21 are trained in non-neural cells—including GM12878 116 

lymphoblastoid cells, IMR-90 lung fibroblasts, HCT116 colorectal carcinoma cells, 117 

human foreskin fibroblasts (HFF), and H1 human embryonic stem cells— and therefore 118 

do not capture the chromatin landscapes of NPCs or microglia, which both play 119 

important roles in AD pathgensis11,23. We therefore fine-tuned Akita on Hi-C data 120 

generated from NPCs and healthy human primary microglia (Fig. 1).  121 

We generated Hi-C data from NPCs that were differentiated from an induced 122 

pluripotent stem cell (iPSC) line derived from an AD human patient donor and 123 

processed into high-quality chromatin contact maps (Supplementary Table S1). This 124 

data was partitioned into training, validation, and held-out test sets to support model 125 
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optimization and unbiased evaluation. To further assess model generalizability, we 126 

incorporated publicly available human NPC Hi-C data24 as an independent test 127 

resource. In parallel, Hi-C data from human primary microglia25 were also processed 128 

and similarly split into training, validation, and test sets (Fig. 1).  129 

All Hi-C datasets were converted into uniformly 2kb (2,048 bp) binned contact 130 

matrices and paired with corresponding hg38 reference genome to train the model on 131 

megabase-scale genomic windows (1,048,576 bp). Starting from pre-trained Akita 132 

parameters21, the model was fine-tuned on NPCs and microglia data independently, 133 

with key hyper-parameters optimized to maximize predictive performance using 134 

Dragonfly26 (see Methods). This new cell-type-aware model, which we term iNeuroAkita, 135 

provides a foundation for evaluating variant-induced disruptions of 3D chromatin 136 

organization in AD-relevant cellular contexts (Fig. 1).  137 

Our iNeuroAkita model showed overall high predictive accuracy on both the 138 

independent NPC test set (Fig. 2a) and an internal held-out test set (Supplementary 139 

Fig. S1), demonstrating robust generalization across datasets. On independent NPC 140 

test data, the model reached a global mean squared error (MSE) of 0.1144 and a 141 

Pearson correlation coefficient (PCC) of 0.6988, where lower MSE and higher 142 

correlation value means better performance, indicating robust reconstruction of 143 

experimentally derived 3D contact maps. The iNeurokita model also performed well on 144 

the microglia held-out test set, achieving a global MSE of 0.1256 and a PCC of 0.5152 145 

on its held-out test set (Fig. 2b). 146 

We next compared the iNeuroAkita model with the Akita using the independent 147 

NPC test dataset. Across most chromosomes, the iNeuroAkita model yielded 148 
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significantly lower MSE and higher correlation, confirming consistent improvements in 149 

predictive fidelity (Fig. 2c). Although a few chromosomes did not reach statistical 150 

significance, the overall trend favored the fine-tuned model. For instance, iNeuroAkita 151 

substantially outperformed Akita with respect to the AD-associated APOE locus on 152 

chromosome 19 (Fig. 2d), PSEN2, CLU and TOMM40 (Supplementary Fig. S2). In the 153 

APOE region, iNeuroAkita model captured local chromatin architecture (PCC = 0.733, 154 

MSE = 0.1324) with elevated performance compared with the baseline Akita (PCC = 155 

0.425, MSE = 0.2829) (Fig. 2d). These results demonstrate that iNeuroAkita fine-tuning 156 

significantly improved the accuracy of 3D genome prediction in AD-relevant neural 157 

contexts. 158 

Disruption of CTCF motifs rewires local chromatin structures in NPCs 159 

To further evaluate whether iNeuroAkita model accurately captures known sequence 160 

determinants of chromatin architecture, we focused on CTCF, a key architectural 161 

protein whose binding motifs anchor chromatin loops and insulate topologically 162 

associating domains (TADs)27. Because CTCF plays a central role in shaping 3D 163 

genome organization, evaluating how the model responds to perturbations in CTCF 164 

motifs provides a stringent biological test of model fidelity. 165 

We first extracted core CTCF-motif regions from JASPAR (2024)28 and 166 

intersected these peaks with genomic intervals derived from in the independent NPC 167 

test set and CTCF ChIP-seq data in NPC (Supplementary Table S2).  For windows 168 

containing at least one CTCF site, the absolute CTCF coordinates were converted to 169 

positions relative to the 1-Mb sequence. Within each ~10-bp CTCF core motif, we 170 

introduced random single-nucleotide substitutions, replacing each reference base with 171 
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one of the three alternative nucleotides (A/C/G/T excluding the reference base), 172 

sampled uniformly at random, while preserving motif length and genomic coordinates. 173 

Ten independent mutated sequences were generated per CTCF-containing window, 174 

producing ten mutated (MUT) sequences for downstream in silico perturbation 175 

analyses. Across all tested CTCF loci, we computed a quantitative disruption score 176 

based on the difference between wild-type (WT) and mutated predictions (MUT) 177 

(Supplementary Table S3). We highlight the three loci with the strongest disruption 178 

scores in Fig. 3a-c. In each case, WT predictions closely matched the corresponding 179 

experimental Hi-C contact maps (PCC = 0.744, 0.559, and 0.704, MSE = 0.109, 0.130, 180 

and 0.173), whereas mutations of the CTCF motif produced localized and substantial 181 

alterations in 3D contact patterns (PCC = 0.423, 0.145, and 0.320, MSE = 0.222, 0.348, 182 

and 0.340). The weighted differential maps (DIFF = MUT – WT Prediction) further 183 

highlight focal gains (purple) and losses (green) of chromatin interactions at the 184 

disrupted motifs. 185 

At the first locus (chr8:80.65–81.70 Mb) (Fig. 3a), the mutated CTCF site near 186 

8.09 Mb (Supplementary Table S2) anchors a strong chromatin loop that demarcates 187 

two local domains in the WT structure (Top panel of Fig. 3a, and experimental contact 188 

map). This loop is faithfully reconstructed by iNeuroAkita model but becomes markedly 189 

attenuated following motif disruption, with the differential map showing a clear loss of 190 

interactions across the TAD corner and compensatory gains in neighboring regions. 191 

Notably, this locus lies adjacent to FABP5, a fatty-acid–binding protein implicated in 192 

neurogenesis and neural stem/progenitor cell function, providing a plausible NPC-193 

relevant target within this reorganized domain29.  194 
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At the second locus on chromosome 5 (chr5: 76.33-77.38 Mb; Fig. 3b), mutation 195 

of one of CTCF sites (7.68Mb, Supplementary Table S2) near the S100Z gene alters 196 

local chromatin interaction patterns, as seen by diffused domain structure and mixed 197 

purple–green signals across the boundary in the differential map. At the third locus on 198 

chromosome 1 (chr1: 30.45-31.50 Mb, Fig. 3c), CTCF disruption sites (3.08Mb and 199 

3.11Mb, Supplementary Table S2) near SDC3 and NKAIN1 produces extensive 200 

rewiring of long-range chromatin interactions, with strong differential signals along the 201 

diagonal and at loop anchors. SDC3 (syndecan-3) isa neuronally enriched heparan 202 

sulfate proteoglycan with high transcript expression in neural tissues, and plays 203 

important roles in synapse formation, neurite outgrowth, and neuronal migration30. 204 

NKAIN1 interacts with Na⁺/K⁺-ATPase and is expressed in neurons31, suggesting that 205 

changes in their 3D regulatory environment could be functionally relevant in neural 206 

lineages. 207 

Together, these examples show that the iNeuroAkita model not only reproduces 208 

experimentally observed chromatin architecture but also captures the sequence-specific 209 

consequences of CTCF motif disruption at loci harboring neurodevelopmentally relevant 210 

genes.  211 

AD-associated regulatory variants reveal focal 3D chromatin disruption at the 212 

MS4A locus  213 

We next turned to inspect the 3D structural consequences of 42 experimentally 214 

determined, candidate regulatory variants across 15 AD GWAS loci and 3 progressive 215 

supranuclear palsy (PSP) loci12 (Fig. 4a, Supplementary Table S4). These variants 216 

represent the cis-regulatory candidates emerging from prior functional genomic work12 217 
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but have not been systematically evaluated for their effects on chromatin architecture. 218 

We generated 1,048,576-bp WT and mutant sequences centered on each of the 42 219 

candidate regulatory variants. We then test whether iNeuroAkita could predict the 220 

corresponding mutated contact maps. To quantify the magnitude of 3D structural 221 

changes across all variants, we aggregated multiple difference-based metrics into a 222 

single composite disruption score (Z score) (see Methods), capturing the overall 223 

strength, extent, and consistency of mutation-induced changes in predicted mutated 224 

contact maps. Across all 42 loci, rs636317 within the MS4A gene cluster was identified 225 

as a top candidate. This variant showed an elevated disruption score (z = 9.4; p < 226 

0.001) (Supplementary Table S5, Supplementary Fig. S3), whereas all remaining 227 

variants clustered near the baseline, producing little or no detectable change in 3D 228 

genome. Notably, the rs636317 mutation produced a pronounced focal disturbance in 229 

the predicted contact map: a strong loss of chromatin interaction near the MS4A4E 230 

region (Fig. 4b). 231 

Integration of chromatin interaction changes with cell-type-specific regulatory 232 

landscapes further reveals the functional consequences of rs636317 (Fig. 4c). One 233 

disrupted loop anchor lies near MRPL16, where both microglia and neurons show 234 

strong chromatin activity (H3K27ac, H3K4me3, and ATAC-seq peaks) (Fig. 4c). The 235 

predicted reduction of this contact is consistent with altered long-range chromatin 236 

interactions involving upstream regulatory elements following the mutation. Another lost 237 

interaction is observed at the MS4A4E locus (Fig. 4c). This site exhibits strong 238 

microglia-specific enhancer activity (H3K27ac + ATAC), indicating that rs636317 may 239 

disrupt a functional microglial enhancer-promoter contact. This aligns with earlier 240 
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CRISPR perturbation studies that rs636317 reduces MS4A4E expression specifically in 241 

microglia, suggesting MS4A4E as a variant-responsive target12.  242 

Together, these findings suggest that rs636317 may influence microglia-specific 243 

regulatory architecture within the MS4A locus, and may be associated with reduced 244 

MS4A4E expression. 245 

3D genome modeling of microglial eQTLs reveals structurally disruptive variants 246 

We next applied iNeuroAkita model to 11,814 microglia-specific fine-mapped eQTL 247 

variants (Supplementary Table S6), comparing predicted contact maps and mutated 248 

contact maps and summarized differences into a composite disruption score. We 249 

identified 37 variants with significant 3D perturbations (z > 6, adjusted p < 0.001, 250 

Supplementary Table S6, Supplementary Fig. S4), highlighting rare but detectable 251 

microglial regulatory variants may exert structural effects on chromatin folding. 252 

Among the 37 variants, rs7599054 emerged as the top-ranked locus, showing a 253 

pronounced composite disruption (z = 116.8, adjusted p < 0.001), far exceeding all 254 

other candidates (Fig. 5a). Notably, rs7599054 has been identified as a microglia eQTL 255 

with TMEM163 as its target gene. Mutation of rs7599054 produced localized but 256 

substantial rearrangement of microglia-specific chromatin interactions (Fig. 5b), and the 257 

differential map revealed a gain of chromatin interaction linking the region surrounding 258 

rs7599054 to the CCNT2 and TMEM163 genes—contacts that are absent or 259 

considerably weaker in the WT configuration. 260 

Integrative regulatory profiles further contextualize these alterations (Fig. 5c). For 261 

example, rs7599054 lies within an active microglial regulatory region marked by strong 262 

H3K27 acetylation (H3K27ac), ATAC accessibility, and CTCF binding, suggesting that 263 
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the variant resides in a structurally important enhancer–boundary region. The gained 264 

interaction created by the mutation anchors in the vicinity of CCNT2, which displays 265 

clear H3K27ac, H3K4me3, and ATAC-seq signal in both microglia and neurons, 266 

consistent with a transcriptionally active promoter/enhancer hub. The shift in chromatin 267 

architecture may enhances physical proximity between the rs7599054 regulatory 268 

element and the CCNT2 promoter, potentially favoring increased regulatory influence at 269 

this gene. Additional gained contacts extend toward TMEM163, which also harbors 270 

microglia-enriched enhancer marks. 271 

To assess whether these structural changes correspond to transcriptional effects 272 

in human brain cell types, we examined single-cell RNA-seq data from the SEA-AD 273 

cohort32. CCNT2 expression was selectively elevated in microglia from AD-associated 274 

dementia individuals, whereas expression was comparatively low in excitatory and 275 

inhibitory neurons (Fig. 5d). This microglia-specific upregulation aligns with the 276 

chromatin rewiring predicted by iNeuroAkita. Together, these results identify rs7599054 277 

as a structurally disruptive microglial eQTL whose mutation strengthens enhancer–278 

promoter connections at CCNT2. 279 

Structural variants at the KANSL1 and ARMS2 loci rewire chromatin loops and 280 

alter gene regulation in AD 281 

Structural variants have the potential to reshape chromatin topology more profoundly 282 

than single-nucleotide changes. To systematically assess the impact of SVs on 3D 283 

genome organization, we applied our iNeuroAkita to 120 AD-associated SVs curated 284 

from two recent large-scale studies19,20 (Supplementary Table 8; see Methods). For 285 

each SV, we performed in silico mutagenesis and quantified predicted changes in 286 
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chromatin contact maps using MSE and PCC metrics (Supplementary Table 9) 287 

implemented by the SupreMo tool33.  288 

Across the SV set, longer variants spanning multiple regulatory elements or gene 289 

bodies frequently exhibited higher global perturbation scores, reflecting widespread 290 

reorganization of local chromatin contacts. For example, a 7,837-bp deletion 291 

encompassing multiple exons of PLCG2 produced extensive predicted interaction 292 

changes across several neighboring genes, including PLCG2, SDR42E1, CMIP, and 293 

HSD17B2 (Supplementary Fig. S5).  294 

It is important to note that large SVs frequently generate complex and spatially 295 

diffuse 3D effects that are difficult to attribute to specific regulatory mechanisms. To 296 

illustrate more localized and interpretable structural perturbations, we therefore focused 297 

on a smaller 314-bp intronic deletion within KANSL1, which, despite a more moderate 298 

global impact score, produced clear and spatially confined alteration of chromatin 299 

folding. This deletion intensified and redistributed interactions near LRRC37A, ARL17A, 300 

and ARL17B (Fig. 6a), suggesting a targeted redistribution of contacts within this 301 

densely regulated locus. 302 

Integration with epigenomic data (Fig. 6b) shows that these gained interactions 303 

converge on regions enriched for H3K27ac, H3K4me3, and ATAC-seq signal in 304 

microglia and neurons, indicating that the deletion strengthens connectivity among 305 

active enhancer and promoter elements. The affected anchors lie directly adjacent to 306 

ARL17A, ARL17B, and LRRC37A, implicating these genes as potential regulatory 307 

targets of the altered chromatin architecture. Consistent with altered chromatin contacts, 308 

single-cell RNA-seq profiles from the SEA-AD cohort showed selective upregulation of 309 
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ARL17A and ARL17B in microglia and inhibitory neurons from AD patients, and 310 

elevated LRRC37A and ARL17B expression in excitatory neurons (Fig. 6c). These 311 

transcriptional differences align with the structural changes predicted by iNeuroAkita, 312 

consistent with the hypothesis that the deletion in KANSL1 perturbs local regulatory 313 

architecture surrounding ARL17A, ARL17B, and LRRC37A. 314 

We further identified a 445-bp deletion in ARMS2 by iNeuroAkita, located within 315 

an enhancer-rich region upstream of HTRA1 (Fig. 7a, 7b). The DEL-445 allele 316 

produced a distinct 3D architectural shift, including strengthened interactions spanning 317 

the PLEKHA1 promoter, a well-established AD risk gene34, as well as nearby regulatory 318 

regions encompassing BTBD16 and ARMS2 (Fig. 7a, 7b).  319 

Integration with epigenomic data (Fig. 7b) revealed that the deleted region 320 

overlaps CTCF binding sites, as well as close multiple H3K27ac- and ATAC-marked 321 

enhancers in microglia and neurons. The altered contact pattern increases physical 322 

proximity between the deletion-adjacent region and regulatory elements positioned near 323 

PLEKHA1 and HTRA1. In line with these structural changes, single-cell RNA-seq 324 

analysis reveals elevated PLEKHA1 expression in microglia from AD patients (Fig. 7c). 325 

This expression pattern corresponds to the region showing enhanced contact strength 326 

in iNeuroAkita, suggesting that DEL-445 may influence transcriptional activity at the 327 

PLEKHA1 locus. 328 

Discussion 329 

In this study, we fine-tuned the Akita model using high-resolution Hi-C data generated 330 

from NPCs and microglia, two brain cell types that are central to AD pathogenesis. This 331 

cell-type-informed training substantially improved overall prediction accuracy compared 332 
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with Akita model and enhanced performance at AD-relevant loci, enabling fine-grained 333 

prediction of how AD-associated variants remodel chromatin architecture in disease-334 

relevant cellular contexts. We also demonstrated that iNeuroAkita accurately captures 335 

CTCF-dependent chromatin folding, as evidenced by consistent and localized structural 336 

disruptions following targeted CTCF motif mutagenesis. The strongest effects occurred 337 

at loci harboring neuronal or neurodevelopmentally relevant genes. Thus, iNeuroAkita 338 

not only learns general DNA sequence determinants of chromatin architecture but is 339 

also sensitive to regulatory landscapes of AD-relevant cell-types. 340 

We also demonstrated that iNeuroAkita enables prediction of AD/ADRD variant–341 

driven changes in chromatin architecture within AD-relevant cell types. Among the 42 342 

high-confidence AD-associated variants analyzed, rs636317 produced one of the 343 

strongest predicted 3D structural disruptions. This variant alters only a single nucleotide 344 

within a CTCF binding motif12, demonstrating that even subtle DNA sequence changes 345 

can reorganize local chromatin architecture. Importantly, not all variants residing in 346 

CTCF motifs generated large structural changes35, such as rs6701713 and rs755951 347 

(Supplementary Fig. S3), highlighting the context-dependent nature of chromatin 348 

architecture. The functional impact of a variant on 3D genomic structure is not 349 

determined by CTCF occupancy alone36, but rather by a combination of factors 350 

including motif strength37, flanking sequence composition38, local enhancer and 351 

promoter density39,40, cooperative transcription-factor binding41–43, and cell-type–specific 352 

chromatin accessibility44–48. These results emphasize that 3D genome disruption is 353 

governed by local regulatory architecture, and that only a subset of CTCF-overlapping 354 

variants is poised to exert biologically meaningful structural effects.  355 
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We also screened a large number of microglia eQTLs and identified 37 eQTLs 356 

with significant impact on 3D genome, opening the door to broad applications, including 357 

variant prioritization at disease loci and mechanistic interpretation of GWAS signals. 358 

Nevertheless, predictions for SNP effects remain constrained by limitations in model 359 

resolution49, the absence of multimodal epigenomic integration50, and the complexity of 360 

chromatin folding in vivo, highlighting key areas for future methodological improvement. 361 

Structural variants can reshape chromatin architecture far more extensively than 362 

single-nucleotide changes because they alter not only local sequence motifs but also 363 

the physical arrangement of large regulatory intervals5,17. Consistent with this, our in 364 

silico SV perturbations revealed that many AD-associated deletions, and duplications 365 

induce substantial reconfiguration of chromatin interactions. However, interpreting the 366 

regulatory consequences of these SV-driven 3D changes is challenging, particularly for 367 

long SVs that span multiple enhancers, promoters, or even entire genes. For such 368 

variants, the predicted structural effects may reflect a mixture of direct sequence loss, 369 

altered chromatin spacing, and secondary changes in domain organization, making it 370 

difficult to attribute mechanistic specificity17,51. To address this complexity, we focused 371 

mechanistic interpretation on two representative SVs whose genomic context allows 372 

clearer inference: one small intronic deletion within KANSL1, and one deletion 373 

overlapping the enhancer-rich ARMS2–HTRA1 locus. In both cases, the SV does not 374 

delete the entire promoter or gene body, allowing observation of how altered 3D folding 375 

alone redirects enhancer contacts and shifts local domain structure. The KANSL1 376 

intronic deletion strengthened interactions around ARL17A/B and LRRC37A, consistent 377 

with localized rewiring rather than broad genomic collapse. Likewise, the ARMS2-378 
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overlapping deletion increased interactions linking the enhancer cluster to the PLEKHA1 379 

promoter, suggesting a structural basis for observed microglia-specific transcriptional 380 

upregulation. These focused analyses illustrate how SVs may modulate 3D genome 381 

architecture in ways that are consistent with cell-type-specific regulatory changes in 382 

AD52,53. 383 

We acknowledged potential limitations of our iNeuroAkita model. For example, 384 

variant-driven chromatin changes are often context-dependent, which were influenced 385 

by cell-type-specific chromatin accessibility, motif strength, and local regulatory 386 

density46–48,54. Also, SVs pose additional interpretive difficulty due to their larger size 387 

and multi-layered consequences on chromatin folding17. Moreover, while our models 388 

can predict structural rearrangements, determining the downstream transcriptional or 389 

functional impact requires integration with additional data modalities and experimental 390 

validation. 391 

In the future, our iNeuroAkit model could be extended toward broader biological 392 

and translational applications. For instance, incorporating multi-modal epigenomic 393 

signals, such as DNA methylation, ATAC-seq, histone modifications, and transcription 394 

factor binding, could enhance cell type specificity and capture regulatory states more 395 

comprehensively, similar to emerging multi-modal models (e.g., C. Origami)50,54. 396 

Second, integrating phasing or haplotype-resolved genome information could improve 397 

the ability to model allele-specific and diploid architecture, which is increasingly 398 

recognized as critical in complex disease genetics55–57. Third, experimental validation 399 

through approaches such as CRISPR, promoter-capture Hi-C, or single-cell multi-omic 400 

assays will be essential to test the functional consequences of model-predicted 401 
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structural disruptions. Finally, our framework can be expanded to prioritize therapeutic 402 

targets by linking variant-driven 3D disruptions to downstream transcriptional changes in 403 

AD. 404 

In summary, this study highlights the potential of cell-type-aware 3D genome 405 

modeling as a scalable and mechanistic framework for interpreting the consequences of 406 

non-coding AD risk variants and for guiding future functional genomics and therapeutic 407 

discovery in AD and other complex diseases. 408 

Methods 409 

Generation of NPCs from induced pluripotent stem cells (iPSCs) 410 

iPSC cell lines derived from a female AD patient (iPSC # IUGB269.1, age 63),  provided 411 

by the National Centralized Repository for Alzheimer's Disease and Related Dementias 412 

(NCRAD) at the Indiana University, were maintained on Matrigel-coated culture dishes 413 

in mTeSR1 medium (85850, STEMCELL Technologies) with 0.5% Antibiotic-414 

Antimycotic (Lot#43, LRI Media Lab) in a 37 °C, 5% CO2 supplemented incubator, and 415 

were passaged using ReLeSR (100-0484,  STEMCELL Technologies).  416 

For neural progenitor cells (NPCs), the cells from iPSC were dissociated with 417 

Accutane (Gico TMStemProTM AccutaseTM Cell Dissociation Reagent, A1110501, Fisher 418 

Scientific) and plated into Matrigel-coated 6-well tissue culture dish with a density of 1– 419 

1.5×105 cells/cm2. Cells were cultured in neural induction medium (05839, STEMCELL 420 

Technologies) in a 37°C, 5% CO2 incubator to form monolayer neural progenitor cells 421 

(NPCs). These NPCs were passed on day 6, day 12 and day 18.  422 



 20 

Generation of bulk Hi-C libraries from NPCs 423 

Harvesting cells. Cells were harvested from culture at the NPC stage on day 18, by 424 

dissociating with Accutase for 5 mins, quenched with DMEM:F12, then basket 425 

centrifugation for 5 minutes at 500 x g. Pellet was undisturbed and washed once with 426 

1XDPBS, resuspended in 2 mL 1XDPBS, and the volume was brought to 5 mL with 427 

1XDPBS. Cell suspension was quantified using ThermoFisher Countess II cell counter. 428 

Two aliquots were made, into 15-mL conical tubes each, with 10 million cells 429 

respectively. For each tube, volume was brought to 5 mL with 1XDPBS. Cross-linking 430 

cells. 714 uL of 16% formaldehyde (ThermoFisher #28906) was added for a final 431 

formaldehyde concentration of 2%. Tubes were mixed by inversion 10 times then 432 

incubated at room temperature for 10 minutes. Arima-HiC Kit, A510008, was used for 433 

subsequent steps. 497 uL of Stop Solution 1 was added (for 12.5x dilution of glycine), 434 

mixed by inversion 10 times, and incubated at room temperature for 5 minutes. Sample 435 

was transferred to ice and incubated for 15 minutes. Cells were pelleted by basket 436 

centrifugation for 5 minutes at 500 x g. Supernatant was discarded. Pellet was 437 

resuspended in 1XDPBS and quantified using cell counter. Estimating input amount. 438 

Using Arima HiC protocol, we then determined that for 1 million cells, the output is 2.4 439 

ug of DNA, and we used this as input for each reaction. Cells not used were aliquoted 440 

into 15-mL conical tubes, pelleted, and stored at -80°C. Restriction enzyme digestion 441 

followed by DNA proximal ligation. RE digestion and ligation were achieved with 442 

enzyme cocktail found in Arima HiC A510008, and protocol followed as instructed. HiC 443 

Library preparation. Arima Library Prep Module (A303011) were used for sequencing 444 

library preparation. DNA fragmentation. To limit sequence bias, was performed to 445 
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obtain an average fragment size of 400 bp. Covaris model S2 ultrasonicator was used, 446 

and protocol as indicated by manufacturer for target fragment size was followed. DNA 447 

size selection. Achieved using Beckman Coulter AMPure XP beads (A63881), 448 

conditions as instructed in Arima Hi-C protocol followed as indicated. Biotin 449 

enrichment, end repair, dA tailing, adapter ligation, and sample indexing. 450 

Achieved by following Arima Hi-C A303011 as instructed. Arima 7 primer pairs included 451 

in kit were utilized for unique sample indexing. Next-generation sequencing. 452 

Sequencing libraries were submitted to Azenta Life Sciences for next-generation 453 

sequencing and sequenced on an Illumina NovaSeq platform. 454 

Hi-C data source and processing 455 

Hi-C datasets for model training and evaluation were obtained from both in-house and 456 

publicly available sources. First, we generated NPC Hi-C data induced from iPSCs line 457 

derived from an AD donor. To complement this dataset, we also downloaded publicly 458 

available Hi-C data of NPCs from GEO accession GSE18519224, which includes control 459 

NPCs from both male and female donors. Microglial Hi-C data were obtained from the 460 

Synapse collection (syn26161051)25, providing chromatin architecture maps from 461 

healthy human primary microglia.  462 

All Hi-C datasets were processed using the distiller-nf pipeline 463 

(https://github.com/mirnylab/distiller-nf)58, following the recommended steps for read 464 

alignment, filtering, and contact matrix generation. Briefly, raw Hi-C reads were aligned 465 

to the hg38 reference genome, and alignment files were parsed to extract valid Hi-C 466 

pairs. PCR duplicates and low-quality pairs were removed using the default filtering 467 

parameters. Valid interaction pairs were then aggregated into fixed-size genomic bins to 468 

https://github.com/mirnylab/distiller-nf
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generate binned Hi-C contact matrices. For this study, we constructed matrices at 2,048 469 

bins per 1 Mb window, consistent with the input requirements of the Akita architecture21. 470 

Quality control (QC) metrics were computed for all Hi-C libraries, including the number 471 

of raw reads, uniquely mapped reads with mapping quality (MAPQ) ≥ 30, and reads 472 

remaining after PCR duplicate removal, as well total intra-chromosomal contacts and 473 

partitioned them into short-range (<20 kb) and long-range (≥20 kb) interaction pairs 474 

(Supplementary Table 1). These QC statistics ensured that all datasets used for model 475 

training and evaluation met established Hi-C quality standards. 476 

Model training, validation and prediction 477 

The Akita model uses a convolutional neural network in which a Basenji-derived ‘trunk’ 478 

encodes genomic sequence features, followed by a 2D prediction head that outputs 479 

chromatic contact maps21,59. We adopted this architecture on our processed Hi-C 480 

datasets from in-house NPCs and microglia, enabling the network to learn sequence–481 

structure relationships to AD related cell types.  482 

We prepared training, validation, and test inputs for the iNeuroAkita model using 483 

the akita_data.py pipeline 484 

(https://github.com/calico/basenji/tree/master/manuscripts/akita)21. For each dataset (in-485 

house NPC Hi-C, microglia Hi-C) were randomly partitioned into 80% training, 10% 486 

validation, and 10% test, and an additional publicly available NPC dataset 487 

(GSE185192)24 was used as an independent external test set. 488 

To construct sequence–contact-map training examples, we generated 1,048,576-489 

bp windows centered across the genome and excluded problematic regions using the 490 

ENCODE blacklist and the hg38 assembly-gap mask (Supplementary data). We 491 
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removed 65,536 bp from each end of the sequence window (“crop”) to avoid edge 492 

artifacts, and computed interaction targets at 2,048-bp resolution with 493 

observed/expected normalization21. To increase the number of training samples and 494 

improve robustness, we slide 1Mb windows across the genome using a 262,144-bp 495 

stride for training and 524,288-bp stride for validation/testing. We also applied Gaussian 496 

smoothing (-k 1) and aligned binned targets using --snap 2,04821.  497 

These processed datasets were used to train and evaluate iNeuroAkita model, 498 

initialized from the pretrained Akita parameters. To optimize the training, we used 499 

Dragonfly, an open-source Bayesian optimization framework 500 

(https://github.com/dragonfly/dragonfly)26, to explore ranges of key hyperparameters—501 

including learning rate, momentum, batch size, and dropout. Dragonfly-guided tuning 502 

yielded the final training configuration, including the selected batch size, gradient-503 

clipping settings, and the modified 2D prediction head that provided improved 504 

performance.  505 

After training, each model was evaluated on held-out test sequences and on an 506 

independent external NPC dataset. Predicted contact vectors were converted into full 507 

symmetric contact matrices and smoothed with a Gaussian kernel (σ = 2 bins) to 508 

increase signal-to-noise robustness. Model accuracy was quantified using off-diagonal 509 

mean squared error (MSE) and Pearson correlation coefficient (PCC) between 510 

predicted and experimental contact maps, computed both (i) globally (pooled across all 511 

windows) and (ii) on a per-sequence basis to obtain correlation profiles across genomic 512 

tiles with 1Mb length. 513 
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CTCF motif mutagenesis 514 

We identified genomic CTCF motif instances by scanning the hg38 reference genome 515 

with a curated CTCF position-weight matrix from JASPAR (2024)28. Motif scanning was 516 

performed using FIMO (MEME suite)60 against the hg38 reference genome with a 517 

default background model and a liberal detection threshold (p-value ≤ 1×10⁻⁴). We then 518 

applied a more stringent filter on the FIMO output, retaining only CTCF motif hits with q-519 

value < 0.05 for downstream analyses. To determine which CTCF-bound sites fell within 520 

the genomic windows used for evaluating iNeuroAkita model, we intersected the CTCF 521 

coordinates with test datasets generated previously. For each intersecting window, the 522 

corresponding 1-Mb sequence related to the test datasets named as wild-type (WT) 523 

was extracted from the hg38 reference genome using bedtools getfasta61. 524 

For windows containing at least one CTCF site, the absolute CTCF coordinates 525 

were converted to positions relative to the 1-Mb sequence. Within each ~10-bp CTCF 526 

core motif, we introduced random single-nucleotide substitutions, replacing each 527 

reference base with one of the three alternative nucleotides (A/C/G/T excluding the 528 

reference base), sampled uniformly at random, while preserving motif length and 529 

genomic coordinates. Ten independent mutated sequences were generated per CTCF-530 

containing window, producing ten mutated (MUT) sequences for downstream in silico 531 

perturbation analyses. 532 

Both WT and mutated sequences were evaluated using our fine-tuned Akita 533 

models. To quantify the structural consequences of CTCF motif perturbation, WT and 534 

MUT contact maps were compared within each window by computing (i) per-pixel 535 

squared differences, (ii) per-target disruption scores mean((WT −MUT)2), and (iii) 536 
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changes in overall signal intensity mean(WT2) − mean(MUT2). The mean value was 537 

calculated for genomic bins at measured genomic regions. Disruption scores were 538 

averaged across targets to obtain a single metric per region. Regions were then ranked 539 

to identify CTCF sites whose mutation caused the strongest changes in predicted 3D 540 

chromatin structure. 541 

To independently corroborate CTCF occupancy in NPCs, we also downloaded 542 

and processed NPC CTCF ChIP–seq data from ENCODE (accession ENCFF782OKU). 543 

These experimentally defined peaks were used to confirm that our disrupted motifs 544 

corresponded to real CTCF-binding sites. 545 

SNV mutagenesis 546 

We compiled a set of 42 high-confidence dementia-associated functional variants from 547 

previously published study12 (Supplementary Table S4) and integrated microglia-548 

specific fine-mapped eQTLs62 (Supplementary data). For each variant, the 549 

corresponding wild-type and alternative alleles were retrieved from the dbSNP v155 550 

database63 for hg38. Genomic sequences were then extracted and symmetrically 551 

extended around the variant position to a total length of 1,048,576 bp, matching the 552 

input requirements of our 3D genome model. Both the wild-type and variant-centered 553 

sequences were processed through the fine-tuned models to generate paired 554 

predictions of 3D chromatin contact maps for downstream comparison. 555 

To quantify variant-induced changes in chromatin folding, we computed several 556 

complementary disruption metrics on the MUT–WT difference map: (i) L2 Frobenius 557 

norm (L2_fro), (ii) mean squared error (MSE), (iii) mean absolute deviation (L1_mean), 558 

and (iv) maximum absolute difference (MaxAbs). For visualization, we produced signal-559 
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weighted difference maps in which MUT–WT values are modulated by the local contact 560 

intensity (max of |WT| and |MUT|), emphasizing changes in high-signal regions.  561 

Structure variants mutagenesis 562 

We collected high-confidence AD and ADRD structural variants from two published 563 

studies19,20 (Supplementary Table S7) and processed them for in silico perturbation 564 

using SuPreMo33, a computational framework designed to perform sequence-level 565 

perturbations. SuPreMo supports only specific SV classes —deletions (DEL), 566 

duplications (DUP), inversions (INV), and breakpoints (BND), we therefor filtered the 567 

initial collection accordingly, resulting in 120 variants suitable for analysis: 100 DEL, 18 568 

DUP, and 2 INV. All SV coordinates were converted to the hg38 assembly using UCSC 569 

liftOver to maintain consistency with the reference genome and our fine-tuned models’ 570 

requirements. 571 

In silico saturation mutagenesis (ISM) for each SV was performed using 572 

SuPreMo33, which generates WT and SV-altered genomic sequences, constructs 1-Mb 573 

sequence windows centered on the variant, and optionally produces predicted 3D 574 

contact maps via user-specified models. SuPreMo was executed with a ±1 bp shift to 575 

account for local sequence context and with reverse-complement augmentation 576 

enabled. 577 

Epigenomic data integration and annotation 578 

We downloaded ATAC-seq, H3K27ac, and H3K4me3 datasets for neurons and 579 

microglia64, all provided in hg19 genomic coordinates. For visualization of regulatory 580 

context, we extracted the top 0.5% strongest interaction gains or losses from both SNV- 581 

and SV-based in silico mutagenesis analyses. To ensure coordinate compatibility with 582 
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the epigenomic datasets, CTCF peaks, SNVs, and SVs were converted to hg19 using 583 

UCSC liftOver. These annotations, together with the predicted interaction changes, 584 

were visualized using pyGenomeTracks65, enabling joint display of chromatin 585 

accessibility, histone modification profiles, gene models, and predicted 3D structural 586 

perturbations. 587 

Gene expression analysis in SEA-AD single-nucleus RNA-seq 588 

Single-nucleus RNA-seq (snRNA-seq) data from the middle temporal gyrus (MTG) were 589 

obtained from the Seattle Alzheimer’s Disease Brain Cell Atlas (SEA-AD)32. Data 590 

preprocessing and normalization were performed using the Scanpy Python pacakage66. 591 

Metadata were standardized by harmonizing cognitive-status labels into two groups 592 

(No_dementia and Dementia) and collapsing fine-grained cell subclasses into six major 593 

cell-type categories: excitatory neurons (Ext), inhibitory neurons (Inh), microglia (Mic), 594 

astrocytes (Ast), oligodendrocyte precursor cells (OPC), and oligodendrocytes (Oli)67. 595 

Expression values correspond to log-transformed counts per 10,000 (log(1+CP10K))  596 

provided in the processed dataset. 597 

For each gene, per-cell normalized expression values were used together with 598 

donor and condition annotations to compute differential expression. Within each cell 599 

type, donor-level median expression was first calculated for AD-associated Dementia 600 

and No_dementia groups, and differential expression was summarized as the log₂ fold 601 

change (log₂FC) between the two conditions. The standard error (SE) of log₂FC was 602 

derived from donor-level variability. Differential patterns were visualized using log₂FC 603 

plots with SE error bars, and genes were categorized as Upregulated (log₂FC > 0.5), 604 

Downregulated (log₂FC < –0.5), or Modest change otherwise. 605 
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Data availability 606 

The in-house NPC Hi-C data has been deposited in the NCBI Gene Expression 607 

Omnibus (GEO) database under accession number GSE319798. Independent NPC Hi-608 

C data used for external evaluation were obtained from GSE18519224, and primary 609 

microglia Hi-C data were downloaded from syn2616105162. Processed Hi-C contact 610 

matrices at 2,048-bp resolution are provided in the Supplementary data 611 

(https://zenodo.org/records/18662341). The set of 42 high-confidence functional 612 

variants associated with dementia was obtained from a previously published study12 613 

(Supplementary Table S5). Microglia eQTL datasets used for variant interpretation are 614 

reported in Supplementary Table S6. Structural variants (SVs) analyzed in this study 615 

were collected from two published AD/ADRD genomic studies19,20 (Supplementary 616 

Table S8). CTCF motif datasets were downloaded from the JASPAR (2024)28, and NPC 617 

CTCF ChIP-seq data were obtained from the ENCODE Project (accession 618 

ENCFF782OKU). The ENCODE blacklist regions and the hg38 assembly-gap mask 619 

used for model input data generation are included in the Supplementary data. 620 

Processed ATAC-seq and ChIP-seq (H3K27ac and H3K4me3) datasets for neurons 621 

and microglia were downloaded from the GLASS Brain Cell Types resource 622 

(https://genome.ucsc.edu/s/nottalexi/glassLab_BrainCellTypes_hg19). Single-nucleus 623 

RNA-seq data from the Seattle Alzheimer’s Disease Brain Cell Atlas (SEA-AD)32 were 624 

accessed from: https://sea-ad-single-cell-profiling.s3.amazonaws.com/index.html#MTG/ 625 

RNAseq/SEAAD_MTG_RNAseq_final-nuclei.2024-02-13.h5ad.  626 

https://genome.ucsc.edu/s/nottalexi/glassLab_BrainCellTypes_hg19
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Code availability 627 

The source code is available on GitHub at https://github.com/ChengF-Lab/iNeuroAkita. 628 
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Main Figures 808 

 809 

Figure 1: Schematic overview of this study.  810 

Overview of the study design integrating Alzheimer’s disease (AD)–associated genetic 811 

variants with fine-tuned 3D genome modeling. Top: AD/ADRD risk variants, including 812 

structural variants and SNPs, were analyzed for their potential to alter chromatin 813 

architecture. Middle: A 3D DNA foundation model was fine-tuned using Hi-C data from 814 

neuronal progenitor cells (NPCs) and microglia. The model was trained and validated 815 

on 1 Mb genomic sequences to predict 3D contact maps that accurately recapitulate 816 

experimental Hi-C measurements. Bottom: In silico mutagenesis (ISM) was performed 817 

to simulate the impact of AD-associated variants on chromatin folding. Predicted wild-818 

type and mutant 3D maps were compared to quantify structural disruptions and 819 

compiled into the AD related 3D atlas altered by variants (AD3D VarAtlas), a reference 820 

for variant-induced 3D genome alterations in Alzheimer’s disease. Figure created with 821 

BioRender.com. 822 
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 823 

Figure 2: Overall performance evaluation of iNeuroAkita model on neuronal 824 

progenitor cells (NPCs) and microglia cells.  825 



 39 

(a) Evaluation of the iNeuroAkita model on an independent NPC test dataset, showing 826 

prediction accuracy related to MSE and Pearson correlation across genomic regions. 827 

(b) Performance of the iNeuroAkita model on held-out microglia test data. (c) 828 

Comparison between the iNeuroAkita model and the baseline Akita model on the 829 

independent NPC dataset related to MSE (up) and Pearson correlation (down). (d) 830 

Example of predicted by iNeuroAkita model, and baseline model versus experimental 831 

contact maps of one region from the independent NPC test data. 832 

 833 
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 834 

Figure 3: CTCF motif disruption alters 3D chromatin organization as predicted by 835 

the iNeuroAkita model 836 

(a–c) Representative loci showing the impact of in silico CTCF motif mutation on 837 

chromatin contact patterns. Each panel includes, from top to bottom: NPC CTCF ChIP-838 

seq signal, experimental Hi-C contact map, iNeuroAkita model prediction, and predicted 839 

contact map after in silico CTCF mutation, and the weighted differential map (DIFF = 840 

Mutated – Predicted). Red stars mark the positions of the mutated CTCF motif(s). Gray 841 

shaded vertical regions highlight the genomic intervals encompassing nearby genes of 842 

interest within each locus. 843 
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 844 

Figure4: iNeuroAkita model identifies chromatin interaction disruption caused by 845 

dementia-associated SNVs.  846 

(a) CRISPR-validated dementia-associated SNPs used for 3D genome structure 847 

prediction. Forty-two functional variants identified in previous CRISPR screening studies 848 
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were analyzed using iNeuroAkita model. Variants are annotated by chromosome, CTCF 849 

binding and associated disorder category (e.g., AD, PSP). (b) Predicted 3D contact 850 

maps in 1M length for the wild type (WT) and mutated (MUT) alleles of the SNP 851 

(rs636317, chr11:60,019,150 (hg19), C>T). The bottom panel displays the weighted 852 

differential map (DIFF = MUT – WT), summarizing mutation-induced contact changes 853 

using a signal-weighted difference metric that emphasizes structurally meaningful gains 854 

(red) and losses (blue) of interactions. (c) Integrative epigenomic view of the disrupted 855 

region. The upper track displays predicted gains (red arcs) and losses (blue arcs) of 856 

chromatin interactions after mutation, followed by ChIP-seq (H3K27ac, H3K4me3) and 857 

ATAC-seq tracks from microglia (Mic) and neurons (NEU). Gene annotations at the 858 

bottom highlight candidate mutation-responsive target genes—including MS4A4A, 859 

MS4A4E, and MS4A6A—that reside within altered 3D contacts. 860 
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Figure 5: Microglia fine-mapped eQTL variant rs7599054 exhibits strong 3D 862 

chromatin disruption and altered gene regulation 863 

(a) Top-disruptive variants from microglia fine-mapped eQTLs. Scatter plot showing the 864 

relationship between 3D chromatin disruption score (x-axis) and GWAS –log₁₀(p) value 865 

(y-axis) for variants derived from microglia fine-mapped eQTL data. Variant rs7599054 866 

shows the highest composite disruption score and significant disease association. (b) 867 

Predicted 3D chromatin contact maps for the rs7599054 locus. Wild type (WT) and 868 

mutated (MUT) allele predictions from the iNeuroAkita model in 1Mb region. The bottom 869 

panel displays the weighted differential interaction map (DIFF = MUT – WT), which 870 

highlights structurally meaningful contact gains (red) and losses (blue) by incorporating 871 

signal magnitude into the difference calculation. (c) Integrative epigenomic view of the 872 

disrupted region. The upper panel shows predicted gain (red) and loss (blue) chromatin 873 

interaction arcs following mutation with CTCF binding information. Below are ChIP-seq 874 

and ATAC-seq tracks for microglia (Mic) and neurons (NEU), including H3K27ac and 875 

H3K4me3 profiles, illustrating active regulatory elements overlapping the disrupted 876 

loops and candidate target genes. (d) Variant-associated gene expression changes in 877 

dementia vs. non-dementia samples. Single-cell RNA-seq data from SEA-AD show 878 

differential expression of nearby genes (TMEM163, CCNT2, MAP3K19, ACMSD) 879 

across excitatory (Ext), inhibitory (Inh), and microglial (Mic) populations, highlighting 880 

cell-type-specific transcriptional effects linked to the disrupted locus. 881 
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Figure 6: A structural variant at the KANSL1 locus disrupts 3D chromatin 883 

organization and alters neuronal gene regulation. 884 

(a) Predicted 3D chromatin contact maps for the KANSL1 structural variant (DEL-314). 885 

Wild type (WT) and mutated (MUT) allele predictions from the iNeuroAkita model show 886 

a large local reorganization of chromatin topology at chr17:44,223,907–887 

44,224,221(hg19) (314 bp deletion). (b) Integrative epigenomic view of the disrupted 888 

MAPT region. Predicted gain (red) and loss (blue) chromatin interactions after the 889 

deletion are overlaid with CTCF binding, H3K27ac, H3K4me3, and ATAC-seq profiles 890 

from microglia (Mic) and neurons (NEU). The affected region overlaps regulatory 891 

elements and genes including ARL17A, ARL17B, andLRRC37A. (c) Cell-type–specific 892 

expression changes in dementia versus non-dementia samples. Single-cell RNA-seq 893 

data from the SEA-AD cohort show altered expression of nearby genes (ARL17A, 894 

ARL17B, LRRC37A, MAPT, KANSL1) across excitatory (Ext), inhibitory (Inh), and 895 

microglial (Mic) populations, highlighting possible downstream transcriptional effects of 896 

the MAPT-linked structural variant. 897 
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 898 

Figure 7. A structural variant near the ARMS2 locus disrupts 3D chromatin 899 

architecture and alters gene expression. 900 

(a) Predicted 3D chromatin contact maps for the ARMS2 structural variant (DEL-445). 901 

Reference (REF) and mutated (MUT) allele predictions from the fine-tuned 3D genome 902 

model show local reorganization of chromatin loops at chr10:124,216,818–124,217,263 903 

(hg19) (445 bp deletion). (b) Integrative epigenomic landscape of the disrupted region. 904 
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Predicted gain (red) and loss (blue) chromatin interactions following the deletion are 905 

displayed together with CTCF binding and epigenomic profiles. ChIP-seq (H3K27ac, 906 

H3K4me3) and ATAC-seq data from microglia (Mic) and neurons (NEU) highlight active 907 

enhancers overlapping the disrupted loop anchors and regulatory elements near 908 

ARMS2, HTRA1, and PLEKHA1. (c) Cell-type–specific transcriptional effects in 909 

dementia. Single-cell RNA-seq data from SEA-AD show elevated expression of ARMS2 910 

and PLEKHA1 in microglia (Mic) from dementia samples compared to non-dementia 911 

controls, suggesting potential regulatory activation associated with the 3D structural 912 

disruption. 913 

 914 
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