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I N S T I T U T E S CTCF-bound sites on chromosome 11 (Hnisz et al., 2016). In wild-type cells (left), this region displays a peak at the
C boundary (circle) between two ~130kb domains that are relatively insulated from each other (rectangle), separated
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Geoﬂ: FUdenberg , DaV|d R Ke”ey ’ Katherlne S PO”ard b)_/ a boundary that oyerlaps a cluster_ of three CTCF bou_nd sites. In cells where thls_ boundary has k_)een.deleted
. . (right), the two domains merge and display a flare of enriched contact frequency (thin rectangle). Middle: CTCF
1011011 800060 geOﬁ.fUdenberg@gladStone.UCSf.edU, drk@Ca“COIabS.Com, kathenne_po”ard @gladstone_ucsf_edu profiles for HEK293T27. Bottom: C(_)mputational pred_ictions for WT (left) and deletion (right) of the boundary, using
biORXiV @ f d b @d k” California Life the HFF output from our human-trained model, showing similar changes.
, uaenber r .
THE PREPRINT SERVER FOR BIOLOGY g g, y Sciences 0 un-perturbed deletion
experimental 5C experimental 5C o
. . . . . deletion in-sili 64
Abstract. In interphase, the human genome sequence folds in three dimensions into a rich variety of locus-specific contact patterns. The Akita extracts informative base pair level features of genome folding. cetonietieo ¢ e
high-resolution views offered by genome-wide chromosome conformation capture techniques (e.g.Hi-C and Micro-C) have advanced our Given the substantial predicted impact of mutagenizing whole CTCF motifs on genome folding, we sought to quantify WT: ....CCATTCACCT... 128 . i 2 o B
understanding of the proteins and sequences driving 3D genome folding, including the interplay between CTCF and cohesin and their roles the predicted c;aggaoctbmap disruptions f%r mUtat'O”SCt?é';d'V'd?;a' S‘Z‘:S'gfses- V:’e peqfor?e‘gh'” S"'COI Saztg:%t'on Del: ... X )
in development and disease. Still, predicting the consequences of perturbing any individual CTCF site, or other regulatory element, on mutagenesis of 500-bp regions centered at strong motifs (J p-value < 1e-6, Khan etal, ) 192 : kS
local genome folding remains a challenge. While disruptions of single bases can alter genome folding, in other cases genome folding is Predicted disruptions were largest for nucleotides around the molif, but remained high relative to background in the !
e - 27 . . ) flanking regions, slowly decaying with increasing distance. Profile shows the average score for each position after T .
surprisingly resilient to large-scale deletions and structural variants. Convolutional neural networks (CNNs) have emerged as powerful taking the maximum across alternative alleles. CTCF motif position is indicated in grey. Zoom-in (below) shows an trained model 256 N
tools for modelling genomic data as a function of DNA sequence, directly learning DNA sequence features from the data. CNNs now make motif with high disruption scores in flanking regions. Heatmap shows scores for each possible nucleotide substitu- 251 CTCF ChiP-seq x
state-of-the-art predictions for transcription factor binding, DNA accessibility, and transcription. Here we present Akita, a CNN that accu- tion. Nucleotide letter heights are drawn proportional to the max across three possible substitutions per position. U
rately predicts genome folding from DNA sequence alone. Representations learned by Akita underscore the importance of CTCF and 0.0 Ll - lll sandans L Ll - lll sambans L
reveal a complex grammar underlying genome folding. Akita enables rapid in silico predictions for sequence mutagenesis, genome folding mutagenize nucleotides s . 0 _
across species, and genetic variants. In the future, we envision that end-to-end sequence-to-genome-folding approaches that build upon WT: ...CCACCT.... ; 1 — w g Predicicn B T predicton
Akita will advance our ability to design functional screens, model enhancer-promoter interactions, prioritize causal variants in association MuthT: . CONTCT... 50 prediction 64' ] i 2
studies, and predict the impacts of rare and de novo variants. Mut#3: ...CCAACT.... S -1 I ' a
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Trained models & open-source code available at: https://github.com/calico/baseniji/tree/master/manuscripts/akita. ' %‘2 . : : : . 128 - " ! g §
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Akita makes locus-specific predictions for 3D genome folding from DNA sequence. 256, i Li o
Akita consists of a ‘trunk,” based on the Baseniji architecture (Kelley et al. 2018), followed by a ‘head’ to transform to 2D maps of genome folding. The . chr19:18412907-18413107, + chr11:33752474-34276762
trunk involves: (i) input 1Mb of 1-hot encoded DNA,; (ii) 1D convolution trunk, where each block performs a max pool operation between adjacent % 0.5
positions to iteratively reduce to a bin size of 2048 bp; (iii) dilated residual 1D convolutions to propagate local information across the sequence. The ' 2 0.0 Predicting mouse genome folding
‘head’ involves: (i) forming 2D maps from the 1D vectors by averaging each pair of vectors at positions (i, j); (i) symmetric dilated residual 2D convolu- disruption 2 ° 08 . o . . .
tions; (iii) dense layer with linear activation to predict log(observed/expected) chromosome contact maps, with one separate output per dataset. We ., ‘g é : I |I 82 GI-Yen s:tmnsr(;)verall huma? a;n;jﬂ:no?set gA?(r.lomS f_oldmg, we rDeljioned the mouse gertmme could pr(:lededgvtqlutlon-
considered 2048bp binned maps, as high-quality Hi-C and Micro-C datasets ascertain genome folding at this resolution with tractable technical - <G || I || 02 antly perturbed sequences fo Turiner fest /iia. L sing mouse sequences as input, we compared predictions
. ! ) ; . . . L ; 7 T 00 from our human-trained model (hESC output) with mESC Hi-C data. These cross-species predictions rrecapitulated
variance. e _compared upper tnan_gular regions of maps crppped by 32_b|ns on eac_:h side, makl_ng symmetric pred!ct_lons fc_or 4‘.1'8)(448 bm.(~917kb). ! ! some aspects of mouse genome folding. Intriguingly, poorer predictions had more B2 SINE elements, which dramati-
maps. We trained our model on regions of the genome obtained by striding along Hi-C maps, using an 80/10/10 training/validation/test split. We trained -100 position from CTCF motif, bp 0 100 cally expanded in murid lineages and carry CTCF sit,es Mutagenizing B2 SINE elements to ablate théir CTCEF sites
Akita with five of the highest-quality Hi-C and Micro-C datasets as targets, focusing on the locus-specific patterns evident in log(observed/expected) improved our predictions for mouse genome folding (médian Spearman R 0.55 vs 0.50). This suggests that the
maps, minimizing the mean squared error (MSE) between predictions and targets and making a simultaneous prediction for each of these five maps. Genome-wide mutagenesis reveals contributions beyond core CTCF motifs. mouse genome specifically mitigates the influence of these elements, consistent with recent experimental observa-
ot DNA Wb HFE To quantify the influence of nucleotides within and near CTCF motifs relative to other genomic features we generat- tions (Kaaji et al., 2019)
”p_?kTCAGGGSAigTUfFQCCfC’ _____ ,_Predictions Targets N Predicted and experimental ed 100,000 random single nucleotide mutations uniformly spaced across the test set. Mutations that altered CTCF
v Hi-C & Micro-C maps o P _ log(observed/expected) contact _motlfs and their flanklng regions displayed many of the highest predicted disruption scores, which likely reflect _ P 0
- 5 112 g ; influences on CTCF binding or function, either directly or via cofactors. To visualize this we split significant mutations q o
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| 1-hot encode | < 224 o2 ; ; (threshold inidicated by vertical line) into annotation categories, excluding previous categories in the hierarchy. o
~ 8  regions in the test set for Human ; ) - / 4 ’ ’ ‘ 112 o
i © 336 8 Foreskin Fibroblast (HFF) Categories are considered hierarchically counter clockwise, starting from those that influence CTCF motifs (CTCF, +mask B2-SINE 2
x Conv1D block D”X S 448 o Micro-C (Krietenstein et al. 2019). Flank10, Flank100, Pr_omot_er, Enhance_r, Other). F_Ianl_<10 and_FIank‘IOO repr_esent nucleotides f_aIIin_g within 10 or . { §
2| [ConviD, ReLU, Max Pool o 0 , Y 100bp of a CTCF motif. This conservative categorization provides strong evidence for the contribution of nucleotides trained model 224 &
} § 112 y § beyond canonical CTCF sites for genome folding. 3
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| Average to 2D map | oise. [ training (80%) A (MSE), which we optimize in [ teinedmodel | 1 } To further test the generality of our approach, we trained a model with the same architecture using mouse Hi-C as
2 validation (10%) 0.75 model training, versus Spearman _t 0 ‘ LG target data and mouse DNA sequence as input. This model was both more predictive than the human-trained model
T ! = R, both calculated fi L disruption | : : . )
T — N x - E » DOth calculated per region for 001 e CTCE flank100 on held-out test regions of the mouse genome and was not improved by mutating B2 SINE elements. Together this
S%’g":;:gglﬂ'ttzf: ) 6x g 0-50 T gach pair of targets and predic- log(disruption+0.001) CTCF flank10 indicated it correctly learned to mitigate the impact of CTCF sites inside of these elements. Using this model, we
\_ Y, & 05 : - tions for HFF Micro-C. Green and then considered its ability to predict an engineered inversion in the mouse genome. At the Eph4A locus in limb buds,
& ! i purple circles show regions . ) . two domains are separated by a boundary with a prominent downstream flare (WT below). Upon inversion of ~622kb
+ 000 | & above. Note correlations display Akita enables systematic GTEx eQTL mutagenesis encompassing this boundary and a downstream enhancer, the orientation of the flare flips (Kraft et al., 2019). We
Output: contact maps, 2048bp bins a bimodal shape: regions with To gain insight into how genome folding influences gene expression, we studied a set of fine-mapped likely causal found a similar predicted change in silico. This result illustrates the generality of our approach, for both a new
[HFF [AHESC | GM12678 | IMR90 | HCTTi6] 2% 02 050 075 few locus-specific features have eQTLs from GTEx whole blood samples. Using Akita, we calculated the predicted disruption to local 3D folding for organismal context (mouse instead of human) and class of structural variant (inversion instead of deletion).
MSE (optimized) low MSE and low Spearman R. eQTLs at varying causal posterior probability thresholds. We observed significantly larger predicted disruptions for
single nucleotide variants (SNPs) with higher causal eQTL status, both for SNPs overlapping and outside of CTCF 0 :
. . . motifs. Plots show results for 1,906 SNPs with causal posterior probability >0.9, 1,844 SNPs from 0.5 to 0.9, and : 2
Predicted patterns often aligned with CTCF ChIP-seq peaks 16,064 SNPs from 0.1 to 0.5 and 9,298 random set of control SNPs with significant genome-wide marginal associa- inversion in silico 112 §_
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Akita predicted more prominent patterns in regions with greater =h L "? o . 224 <
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patterns often also aligned with CTCF ChlP-seq peaks (right, from o} ref . CCACCT... c4s *p <0033 s 0.10 <3563 ~
the ENCODE data portal, Davis et al., 2018). However, CTCF s alt: ...CCACCT... % ’ = 0.08 *p<9.3e-37* p<57e-6 } 336 | g
motifs are too prevalent to connect DNA sequence to genome [l 210 g 0.06 ! >
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quantify nucleotide influences via in silico mutagenesis; while Lo ] ‘5,0'5 Q ‘é 0.02 0 |
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In this extreme scenario, Akita predicted some patterns would z References -
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