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15 node-centric‌ ‌expression‌ ‌modeling‌ ‌(NCEM),‌ ‌a‌ ‌computational‌ ‌method‌‌based‌‌on‌‌graph‌‌neural‌‌networks‌‌                       
16 which‌ ‌reconciles‌ ‌variance‌ ‌attribution‌ ‌and‌ ‌communication‌‌modeling‌‌in‌‌a‌‌single‌‌model‌‌of‌‌tissue‌‌niches.‌‌                           
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18 MERFISH,‌‌and‌‌biological‌‌systems‌‌to‌‌demonstrate‌‌that‌‌the‌‌statistical‌‌cell–cell‌‌dependencies‌‌discovered‌‌                       
19 by‌ ‌NCEM‌ ‌are‌ ‌plausible‌ ‌signatures‌ ‌of‌ ‌known‌‌molecular‌‌processes‌‌underlying‌‌cell‌‌communication.‌‌We‌‌                         
20 identify‌ ‌principles‌ ‌of‌ ‌tissue‌ ‌organisation‌ ‌as‌ ‌cell‌ ‌communication‌ ‌events‌‌across‌‌multiple‌‌datasets‌‌using‌‌                         
21 interpretation‌‌mechanisms.‌‌In‌‌the‌‌primary‌‌motor‌‌cortex,‌‌we‌‌found‌‌gene‌‌expression‌‌variation‌‌that‌‌is‌‌due‌‌                             
22 to‌ ‌niche‌ ‌composition‌ ‌variation‌ ‌across‌ ‌cortical‌ ‌depth.‌ ‌Using‌ ‌the‌ ‌same‌ ‌approach,‌ ‌we‌ ‌also‌ ‌identified‌‌                           
23 niche-dependent‌ ‌cell‌ ‌state‌ ‌variation‌ ‌in‌‌CD8‌‌T‌‌cells‌‌from‌‌inflamed‌‌colon‌‌and‌‌colorectal‌‌cancer.‌‌Finally,‌‌                             
24 we‌‌show‌‌that‌‌NCEMs‌‌can‌‌be‌‌extended‌‌to‌‌mixed‌‌models‌‌of‌‌explicit‌‌cell‌‌communication‌‌events‌‌and‌‌latent‌‌                                 
25 intrinsic‌ ‌sources‌ ‌of‌ ‌variation‌ ‌in‌ ‌conditional‌ ‌variational‌‌autoencoders‌‌to‌‌yield‌‌holistic‌‌models‌‌of‌‌cellular‌‌                           
26 variation‌‌in‌‌spatial‌‌molecular‌‌profiling‌‌data.‌‌Altogether,‌‌this‌‌graphical‌‌model‌‌of‌‌cellular‌‌niches‌‌is‌‌a‌‌step‌‌                               
27 towards‌ ‌understanding‌ ‌emergent‌ ‌tissue‌ ‌phenotypes.‌ ‌ 
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29 Cells‌ ‌interact‌ ‌on‌ ‌multiple‌ ‌length-scales‌ ‌through‌ ‌direct‌ ‌contact‌ ‌of‌ ‌surface-bound‌ ‌receptors‌ ‌and‌ ‌ligands,‌‌                         
30 tight-junctions‌ ‌and‌ ‌mechanical‌ ‌effects,‌ ‌as‌ ‌well‌ ‌through‌ ‌indirect‌ ‌mechanisms,‌ ‌including‌ ‌soluble‌ ‌factors‌ ‌and‌‌                         
31 vesicles‌1‌.‌ ‌These‌ ‌communication‌ ‌events‌ ‌can‌ ‌usually‌ ‌not‌ ‌be‌ ‌directly‌ ‌observed‌ ‌but‌ ‌are‌ ‌critical‌ ‌to‌ ‌understand‌‌                             
32 emergent‌‌phenomena‌‌in‌‌tissue‌‌niches.‌‌However,‌‌the‌‌sender‌‌and‌‌receiver‌‌cell‌‌of‌‌a‌‌communication‌‌event‌‌are‌‌often‌‌                                 
33 characterized‌‌by‌‌molecular‌‌signatures,‌‌both‌‌facilitating‌‌the‌‌signalling,‌‌such‌‌as‌‌ligand‌‌and‌‌receptor‌‌expression‌2–4‌,‌‌                           
34 and‌ ‌resulting‌ ‌from‌ ‌the‌ ‌signalling‌ ‌event,‌ ‌such‌ ‌as‌ ‌intracellular‌ ‌cascades‌ ‌induced‌ ‌by‌ ‌receptor‌ ‌activation.‌ ‌These‌‌                             
35 molecular‌ ‌signatures‌ ‌are‌ ‌used‌ ‌in‌ ‌computational‌ ‌methods‌ ‌to‌ ‌infer‌‌latent‌‌cell‌‌communication‌‌events‌‌in‌‌a‌‌tissue.‌‌                               
36 Core‌ ‌assumptions‌ ‌inherent‌ ‌in‌ ‌these‌ ‌algorithms‌ ‌can‌ ‌be‌ ‌summarized‌ ‌in‌ ‌two‌‌groups:‌‌First,‌‌the‌‌co-occurrence‌‌of‌‌                               
37 ligand‌ ‌and‌ ‌receptor‌ ‌expression‌ ‌across‌ ‌cell-types‌ ‌is‌ ‌used‌‌in‌‌multiple‌‌computational‌‌models‌‌to‌‌suggest‌‌putative‌‌                             
38 axes‌‌of‌‌cell‌‌communication‌2,3‌.‌‌Second,‌‌from‌‌a‌‌statistical‌‌point‌‌of‌‌view,‌‌cell‌‌communication‌‌is‌‌a‌‌source‌‌of‌‌cellular‌‌                                   
39 variance.‌ ‌The‌ ‌gene‌ ‌expression‌ ‌of‌ ‌a‌ ‌receiving‌ ‌cell‌‌depends‌‌on‌‌the‌‌sending‌‌cells‌‌in‌‌the‌‌local‌‌tissue‌‌niche,‌‌thus‌‌                                     
40 inducing‌‌a‌‌statistical‌‌dependency‌‌that‌‌can‌‌be‌‌used‌‌to‌‌infer‌‌communication‌‌events‌2,5‌.‌‌Here,‌‌we‌‌address‌‌three‌‌core‌‌                                 
41 issues‌ ‌inherent‌ ‌in‌ ‌cell‌ ‌communication‌ ‌inference‌ ‌methods‌ ‌founded‌ ‌on‌ ‌these‌ ‌two‌ ‌assumptions‌ ‌using‌ ‌spatial‌‌                           
42 information.‌‌First,‌‌axes‌‌of‌‌cell‌‌communication‌‌cannot‌‌be‌‌necessarily‌‌disentangled‌‌based‌‌on‌‌data‌‌from‌‌dissociated‌‌                             
43 cells‌ ‌because‌ ‌of‌ ‌the‌ ‌large‌ ‌number‌ ‌of‌ ‌potential‌ ‌interactions‌ ‌in‌‌a‌‌population‌‌of‌‌cells.‌‌We‌‌propose‌‌to‌‌use‌‌spatial‌‌                                     
44 information‌‌from‌‌image-structured‌‌molecular‌‌profiling‌‌assays‌‌to‌‌constrain‌‌the‌‌inference‌‌of‌‌such‌‌gene‌‌expression‌‌                           
45 dependencies‌ ‌between‌ ‌neighboring‌ ‌cells.‌‌For‌‌this‌‌purpose,‌‌we‌‌define‌‌a‌‌prior‌‌distribution‌‌on‌‌the‌‌possibility‌‌of‌‌a‌‌                                 
46 communication‌‌event‌‌between‌‌two‌‌cells‌‌as‌‌a‌‌function‌‌of‌‌their‌‌distance,‌‌using‌‌space‌‌to‌‌prioritize‌‌pairs‌‌of‌‌cells‌‌for‌‌                                     
47 which‌ ‌communication‌‌is‌‌molecularly‌‌plausible.‌‌Second,‌‌cell‌‌pairs‌‌with‌‌matching‌‌ligand‌‌and‌‌receptor‌‌expression‌‌                           
48 can‌ ‌occur‌ ‌in‌ ‌a‌ ‌tissue‌‌even‌‌in‌‌the‌‌absence‌‌of‌‌communication,‌‌for‌‌example‌‌because‌‌of‌‌spatial‌‌separation‌‌in‌‌the‌‌                                     
49 tissue‌ ‌architecture.‌ ‌We‌ ‌propose‌ ‌to‌ ‌use‌ ‌the‌ ‌receiver‌ ‌cell‌ ‌molecular‌ ‌signature‌ ‌as‌ ‌conclusive‌ ‌evidence‌ ‌for‌ ‌the‌‌                               
50 presence‌‌of‌‌a‌‌communication‌‌event.‌‌Third,‌‌molecular‌‌signatures‌‌of‌‌receiver‌‌cells‌‌can‌‌be‌‌observed‌‌independent‌‌                             
51 of‌‌ligand–receptor‌‌quantification.‌‌Therefore,‌‌cell‌‌communication‌‌inference‌‌should‌‌be‌‌possible‌‌both‌‌in‌‌the‌‌absence‌‌                           
52 of‌‌a‌‌reliable‌‌quantification‌‌of‌‌ligand‌‌or‌‌receptor‌‌genes,‌‌which‌‌occurs‌‌in‌‌targeted‌‌molecular‌‌profiling‌‌assays,‌‌or‌‌in‌‌                                   
53 cases‌‌in‌‌which‌‌these‌‌genes‌‌are‌‌expressed‌‌at‌‌low‌‌levels,‌‌and‌‌in‌‌receptor‌‌protein-free‌‌communication,‌‌such‌‌as‌‌in‌‌                                   
54 physical‌ ‌interactions.‌ ‌We‌ ‌define‌ ‌a‌ ‌generalized‌ ‌framework‌ ‌to‌ ‌detect‌ ‌receiver‌ ‌cell‌ ‌signatures‌ ‌detached‌ ‌from‌‌                           
55 ligand–receptor‌ ‌definitions.‌ ‌ 
56 ‌ 

‌ 

.CC-BY 4.0 International licensemade available under a
(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 

The copyright holder for this preprintthis version posted July 12, 2021. ; https://doi.org/10.1101/2021.07.11.451750doi: bioRxiv preprint 

mailto:fabian.theis@helmholtz-muenchen.de
https://paperpile.com/c/Bcn0t8/Ir7T
https://paperpile.com/c/Bcn0t8/1fQp+oJdo+NHeQ
https://paperpile.com/c/Bcn0t8/1fQp+oJdo
https://paperpile.com/c/Bcn0t8/1fQp+K8jG
https://doi.org/10.1101/2021.07.11.451750
http://creativecommons.org/licenses/by/4.0/


57 We‌‌reconcile‌‌these‌‌assumptions‌‌in‌‌a‌‌statistical‌‌model‌‌for‌‌cell‌‌communication‌‌events‌‌in‌‌spatial‌‌molecular‌‌profiling‌‌                               
58 data,‌ ‌referred‌ ‌to‌ ‌as‌ ‌a‌ ‌node-centric‌ ‌expression‌ ‌model‌ ‌(NCEM).‌ ‌NCEMs‌ ‌are‌ ‌trained‌ ‌on‌ ‌segmented‌‌                           
59 image-structured‌ ‌molecular‌ ‌data‌ ‌from‌ ‌assays‌ ‌with‌ ‌subcellular‌ ‌resolution,‌ ‌such‌ ‌as‌ ‌immunohistochemistry‌6,7‌,‌‌                     
60 imaging‌ ‌mass‌‌cytometry‌8‌,‌‌and‌‌MERFISH‌9‌ ‌(Fig.‌‌1a).‌‌We‌‌enforced‌‌a‌‌neighborhood‌‌constraint‌‌on‌‌communication‌‌                           
61 events‌ ‌using‌ ‌spatial‌ ‌graphs‌ ‌of‌ ‌cells,‌‌where‌‌the‌‌graph‌‌serves‌‌as‌‌prior‌‌for‌‌cellular‌‌communication.‌‌The‌‌resulting‌‌                                 
62 model‌‌is‌‌a‌‌graph‌‌neural‌‌network‌10,11‌ ‌and‌‌constitutes‌‌an‌‌extension‌‌of‌‌models‌‌of‌‌dissociation-based‌‌data,‌‌in‌‌which‌‌                                 
63 cells‌‌are‌‌modeled‌‌independently,‌‌to‌‌a‌‌spatially-constrained‌‌model‌‌of‌‌cell–cell‌‌dependencies‌‌(Fig.‌‌1a).‌‌This‌‌model‌‌                             
64 relies‌ ‌on‌ ‌the‌ ‌stratification‌ ‌of‌ ‌cells‌ ‌into‌ ‌clusters‌ ‌that‌ ‌can‌ ‌then‌ ‌be‌ ‌treated‌ ‌as‌ ‌categorical‌ ‌sender‌ ‌and‌ ‌receiver‌‌                                   
65 cell-types‌ ‌in‌‌communication‌‌events.‌‌Importantly,‌‌the‌‌directionality‌‌of‌‌these‌‌sender–receiver‌‌signalling‌‌is‌‌defined‌‌                         
66 on‌ ‌the‌ ‌level‌ ‌of‌ ‌pairs‌ ‌of‌ ‌single‌ ‌cells‌ ‌by‌ ‌the‌ ‌statistical‌ ‌association‌ ‌of‌ ‌the‌ ‌molecular‌ ‌state‌‌of‌‌the‌‌receiver‌‌on‌‌the‌‌                                         
67 sender.‌‌We‌‌discovered‌‌these‌‌statistical‌‌associations‌‌in‌‌a‌‌model‌‌of‌‌the‌‌molecular‌‌state‌‌of‌‌cells‌‌conditioned‌‌on‌‌the‌‌                                   
68 putative‌ ‌sender‌ ‌cell-types‌ ‌present‌ ‌in‌ ‌their‌ ‌respective‌ ‌spatial‌ ‌neighborhoods.‌ ‌The‌ ‌complexity‌ ‌of‌ ‌the‌ ‌spatial‌‌                           
69 dependencies‌ ‌observed‌ ‌in‌‌a‌‌tissue‌‌strongly‌‌depends‌‌on‌‌the‌‌tissue‌‌architecture‌‌and‌‌the‌‌ability‌‌of‌‌the‌‌molecular‌‌                                 
70 readout‌ ‌to‌ ‌capture‌ ‌the‌ ‌signatures‌ ‌of‌ ‌these‌ ‌dependendencies.‌ ‌Therefore,‌ ‌the‌ ‌cell‌ ‌communication‌ ‌model‌‌                         
71 complexity‌ ‌needs‌ ‌to‌ ‌be‌ ‌adapted‌ ‌to‌ ‌the‌ ‌scenario‌ ‌at‌ ‌hand.‌ ‌We‌ ‌studied‌ ‌three‌ ‌increasingly‌ ‌complex‌ ‌models‌ ‌of‌‌                                 
72 cell–cell‌ ‌dependencies.‌ ‌First,‌ ‌we‌ ‌propose‌ ‌a‌ ‌linear‌ ‌graph‌‌neural‌‌network‌‌that‌‌can‌‌be‌‌framed‌‌as‌‌a‌‌graph-aware‌‌                                 
73 generalized‌ ‌linear‌ ‌model‌ ‌(GLM)‌ ‌to‌ ‌model‌ ‌linear‌ ‌expression‌ ‌effects‌ ‌of‌ ‌cell‌ ‌communication.‌ ‌Secondly,‌ ‌we‌‌                           
74 generalize‌‌NCEMs‌‌to‌‌nonlinear‌‌graph‌‌neural‌‌networks‌‌that‌‌can‌‌account‌‌for‌‌higher-order‌‌cell‌‌interactions.‌‌Third,‌‌                             
75 we‌ ‌consider‌‌generative‌‌latent‌‌variable‌‌models‌‌that‌‌also‌‌model‌‌confounding‌‌latent‌‌sources‌‌of‌‌variation,‌‌such‌‌as‌‌                               
76 cell‌ ‌intrinsic‌ ‌effects.‌ ‌We‌ ‌interpret‌ ‌NCEM‌ ‌fits‌ ‌in‌ ‌terms‌ ‌of‌ ‌cell‌ ‌communication‌ ‌patterns.‌ ‌We‌ ‌demonstrate‌ ‌cell‌‌                               
77 communication‌‌inference‌‌with‌‌NCEMs‌‌on‌‌five‌‌datasets‌‌(Online‌‌methods,‌‌Supp.‌‌Figure‌‌2):‌‌a‌‌MERFISH‌‌dataset‌‌of‌‌                               
78 mouse‌ ‌brain‌12‌ ‌(MERFISH‌ ‌–‌ ‌brain)‌ ‌of‌ ‌634‌ ‌images‌ ‌across‌ ‌with‌ ‌254‌ ‌genes‌ ‌observed‌ ‌in‌ ‌284,098‌ ‌cells,‌ ‌a‌ ‌chip‌‌                                   
79 cytometry‌‌dataset‌‌of‌‌an‌‌inflamed‌‌colon‌‌(Data‌‌Availability)‌‌(chip‌‌cytometry‌‌–‌‌colon)‌‌of‌‌two‌‌images‌‌with‌‌19‌‌genes‌‌                                   
80 observed‌‌in‌‌11,321‌‌cells,‌‌a‌‌MIBI‌‌TOF‌‌dataset‌‌of‌‌colorectal‌‌carcinoma‌8‌ ‌(MIBI‌‌TOF‌‌–‌‌cancer)‌‌of‌‌58‌‌images‌‌with‌‌36‌‌                                       
81 genes‌ ‌observed‌ ‌in‌ ‌63,747‌ ‌cells,‌ ‌a‌ ‌MELC‌ ‌dataset‌ ‌of‌ ‌tonsils‌7‌ ‌(MELC‌ ‌–‌ ‌tonsils)‌ ‌of‌ ‌one‌ ‌image‌ ‌with‌ ‌51‌ ‌genes‌‌                                     
82 observed‌‌in‌‌6,991‌‌cells‌‌and‌‌a‌‌CODEX‌‌dataset‌‌of‌‌colorectal‌‌cancer‌13‌ ‌(CODEX‌‌–‌‌cancer)‌‌of‌‌140‌‌images‌‌with‌‌57‌‌                                     
83 genes‌‌observed‌‌in‌‌272,266‌‌cells.‌‌We‌‌discover‌‌cell–cell‌‌dependencies‌‌at‌‌molecularly‌‌plausible‌‌length‌‌scales‌‌and‌‌                             
84 attribute‌‌molecular‌‌variation‌‌within‌‌cell-types‌‌to‌‌niche‌‌composition.‌‌The‌‌inferred‌‌interactions‌‌between‌‌cells‌‌serve‌‌                           
85 as‌ ‌a‌ ‌powerful‌ ‌mechanism‌ ‌to‌ ‌interpret‌ ‌niche‌ ‌composition‌ ‌variation‌ ‌and‌ ‌its‌ ‌effect‌ ‌on‌ ‌the‌ ‌contained‌ ‌cell.‌ ‌ 

86 Results‌ ‌ 

87 Node-centric‌ ‌expression‌ ‌models‌ ‌describe‌ ‌cell–cell‌ ‌dependencies‌ ‌on‌ ‌spatial‌ ‌graphs‌ ‌ 

88 We‌ ‌infer‌ ‌cell‌ ‌communication‌ ‌from‌ ‌a‌ ‌cell-type-specific‌ ‌gene‌ ‌expression‌ ‌signature‌ ‌that‌ ‌can‌ ‌be‌ ‌predicted‌ ‌from‌‌                             
89 cell-types‌ ‌in‌ ‌the‌ ‌spatial‌ ‌neighborhood.‌ ‌The‌ ‌data‌ ‌type‌ ‌discussed‌ ‌here‌ ‌consists‌ ‌of‌ ‌image-structured‌ ‌data‌ ‌from‌‌                             
90 molecular‌ ‌profiling‌ ‌assays‌ ‌of‌ ‌RNA‌‌or‌‌proteins,‌‌where‌‌pixels‌‌correspond‌‌to‌‌tissue‌‌slice‌‌positions.‌‌Each‌‌channel‌‌                               
91 contains‌‌a‌‌molecular‌‌abundance‌‌readout‌‌of‌‌a‌‌specific‌‌gene.‌‌To‌‌prepare‌‌this‌‌analysis,‌‌we‌‌first‌‌used‌‌segmentation‌‌                                 
92 masks‌‌to‌‌assign‌‌pixels‌‌in‌‌image-structured‌‌data‌‌to‌‌cells‌‌(Fig.‌‌1a,c).‌‌We‌‌then‌‌extracted‌‌the‌‌mean‌‌gene‌‌expression‌‌                                   
93 from‌‌these‌‌segments‌‌to‌‌build‌‌cell-wise‌‌gene‌‌expression‌‌vectors‌‌and‌‌clustered‌‌these‌‌molecular‌‌vectors‌‌to‌‌assign‌‌                               
94 cells‌‌to‌‌discrete‌‌cell-types‌‌(Fig.‌‌1a,c).‌‌Based‌‌on‌‌the‌‌cell‌‌segmentation,‌‌we‌‌defined‌‌the‌‌niche‌‌of‌‌a‌‌cell‌‌as‌‌the‌‌set‌‌of‌‌                                           
95 cells‌ ‌within‌ ‌a‌ ‌circle‌ ‌centred‌ ‌on‌ ‌the‌ ‌cell’s‌ ‌center.‌ ‌The‌ ‌radius‌ ‌of‌ ‌this‌ ‌circle,‌ ‌the‌ ‌“resolution”,‌ ‌is‌ ‌a‌ ‌model‌‌                                     
96 hyperparameter‌ ‌(Online‌ ‌Methods,‌ ‌Fig.‌ ‌1a).‌ ‌We‌ ‌define‌ ‌a‌ ‌node-centric‌‌expression‌‌model‌‌(NCEM)‌‌as‌‌a‌‌function‌‌                             
97 that‌ ‌maps‌ ‌a‌ ‌cell’s‌ ‌type‌ ‌and‌ ‌its‌ ‌spatial‌ ‌context‌ ‌to‌ ‌the‌ ‌cell’s‌ ‌observed‌ ‌gene‌ ‌expression‌ ‌vector‌ ‌(Fig.‌ ‌1b).‌ ‌This‌‌                                     
98 function‌‌is‌‌a‌‌graph‌‌neural‌‌network‌‌in‌‌which‌‌the‌‌node‌‌labels‌‌are‌‌the‌‌cell-wise‌‌gene‌‌expression‌‌vectors‌10‌.‌‌Below,‌‌                                   
99 we‌ ‌discuss‌ ‌both‌ ‌multilayer‌ ‌graph‌‌neural‌‌networks‌‌and‌‌a‌‌single-layer‌‌model‌‌with‌‌an‌‌indicator‌‌graph‌‌aggregator‌‌                               

100 function‌ ‌which‌ ‌is‌ ‌equivalent‌ ‌to‌ ‌a‌ ‌linear‌ ‌model‌ ‌(Fig.‌ ‌1b,‌ ‌Online‌ ‌Methods):‌ ‌The‌ ‌indicator‌ ‌function‌ ‌aggregator‌‌                               
101 summarises‌ ‌a‌ ‌set‌ ‌of‌ ‌one-hot‌ ‌encoded‌ ‌cell-types‌ ‌in‌ ‌a‌ ‌niche‌ ‌to‌ ‌a‌ ‌vector‌ ‌with‌‌binary‌‌elements‌‌that‌‌indicate‌‌the‌‌                                     
102 presence‌ ‌of‌ ‌each‌ ‌cell-type‌ ‌in‌ ‌the‌ ‌niche.‌‌This‌‌binary‌‌embedding‌‌is‌‌parameter-free‌‌and‌‌a‌‌transformed‌‌covariate‌‌                               
103 space‌‌with‌‌fixed‌‌dimensions‌‌and‌‌thus‌‌suitable‌‌for‌‌a‌‌linear‌‌model.‌‌In‌‌addition‌‌to‌‌this‌‌indicator‌‌embedding,‌‌we‌‌also‌‌                                     
104 use‌ ‌parametric‌ ‌neighborhood-embeddings‌ ‌for‌ ‌nonlinear‌ ‌NCEMs‌ ‌(Online‌ ‌Methods).‌ ‌The‌ ‌model‌ ‌of‌ ‌a‌ ‌gene‌‌                         
105 expression‌‌vector‌‌conditioned‌‌on‌‌a‌‌cell-type‌‌reflects‌‌the‌‌assumption‌‌that‌‌niches‌‌modify‌‌gene‌‌expression‌‌states‌‌of‌‌                               
106 cell-types,‌ ‌but‌ ‌do‌ ‌not‌ ‌cause‌ ‌cell-type‌ ‌conversions‌ ‌themselves.‌ ‌This‌ ‌conditional‌ ‌model‌ ‌also‌ ‌reflects‌ ‌the‌‌                           
107 assumption‌ ‌that‌ ‌much‌ ‌spatial‌ ‌information‌‌is‌‌contained‌‌in‌‌the‌‌gene‌‌expression‌‌profile‌‌of‌‌a‌‌single‌‌cell‌14‌ ‌and‌‌that‌‌                                   
108 spatial‌ ‌covariates‌ ‌are‌ ‌primarily‌ ‌useful‌ ‌to‌ ‌supervise‌ ‌variance‌ ‌decomposition‌ ‌of‌ ‌gene‌ ‌expression‌ ‌vectors.‌ ‌In‌‌                           
109 summary,‌ ‌the‌ ‌input‌ ‌data‌ ‌to‌ ‌NCEMs‌ ‌consists‌ ‌of‌ ‌three‌‌groups:‌‌the‌‌set‌‌of‌‌input‌‌cell-type‌‌labels,‌‌the‌‌output‌‌gene‌‌                                     
110 expression‌ ‌features‌ ‌and‌ ‌the‌ ‌spatial‌ ‌proximity‌ ‌graph.‌ ‌ 
111 ‌ 
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112 The‌‌input‌‌cell-type‌‌labels‌‌group‌‌cells‌‌to‌‌both‌‌sender‌‌and‌‌receiver‌‌cell-types,‌‌this‌‌annotation‌‌can‌‌be‌‌more‌‌or‌‌less‌‌                                     
113 coarse‌‌according‌‌to‌‌the‌‌cell-type‌‌clustering‌‌resolution.‌‌Cell-types‌‌from‌‌one‌‌sender‌‌class‌‌emit‌‌a‌‌common‌‌signal,‌‌                               
114 and‌‌cell-types‌‌of‌‌one‌‌receiver‌‌class‌‌share‌‌a‌‌common‌‌response‌‌gene‌‌expression‌‌signature‌‌for‌‌a‌‌given‌‌signal.‌‌The‌‌                                   
115 coarseness‌‌of‌‌the‌‌sender‌‌and‌‌receiver‌‌cell-type‌‌classes‌‌serves‌‌as‌‌an‌‌inductive‌‌prior‌‌which‌‌regularizes‌‌the‌‌model‌‌                                 
116 by‌‌reducing‌‌the‌‌number‌‌of‌‌parameters‌‌that‌‌model‌‌cell‌‌communication.‌‌For‌‌example,‌‌an‌‌overly‌‌fine-grained‌‌set‌‌of‌‌                                 
117 receiver‌ ‌cell-types‌ ‌could‌ ‌attribute‌ ‌niche-dependent‌ ‌cellular‌ ‌variation‌ ‌within‌ ‌a‌ ‌cell-type‌ ‌to‌ ‌between-cluster‌‌                       
118 variation,‌ ‌thus‌ ‌failing‌ ‌to‌ ‌attribute‌ ‌this‌ ‌axis‌ ‌of‌ ‌variation‌ ‌to‌ ‌niche‌ ‌composition.‌ ‌ 
119 ‌ 
120 The‌ ‌identity‌ ‌and‌ ‌number‌ ‌of‌ ‌molecular‌ ‌species‌ ‌measured‌ ‌in‌ ‌a‌ ‌spatial‌ ‌molecular‌ ‌profiling‌ ‌assay‌ ‌vary‌ ‌strongly‌‌                               
121 across‌ ‌protocols‌ ‌and‌ ‌studies.‌ ‌Accordingly,‌ ‌the‌ ‌observable‌‌neighborhood-induced‌‌gene‌‌expression‌‌effects‌‌vary‌‌                       
122 equally‌‌strong.‌‌One‌‌could‌‌include‌‌further‌‌cell-features‌‌related‌‌to‌‌morphology‌‌and‌‌molecule‌‌distribution‌‌in‌‌the‌‌cell‌‌                               
123 state‌15‌‌ ‌to‌ ‌improve‌ ‌the‌ ‌description‌ ‌of‌ ‌the‌ ‌molecular‌ ‌state‌ ‌of‌ ‌a‌ ‌cell‌ ‌to‌ ‌subcellular‌ ‌gene‌ ‌expression‌ ‌variation.‌‌ ‌  
124 ‌ 
125 In‌‌a‌‌spatial‌‌proximity‌‌graph,‌‌cells‌‌are‌‌connected‌‌by‌‌edges‌‌if‌‌their‌‌segment‌‌centers‌‌are‌‌not‌‌further‌‌apart‌‌than‌‌the‌‌                                       
126 resolution‌‌of‌‌the‌‌model‌16‌ ‌(Fig.‌‌1a).‌‌The‌‌choice‌‌of‌‌this‌‌resolution‌‌depends‌‌on‌‌the‌‌modeled‌‌molecular‌‌mechanisms‌‌                                 
127 of‌‌communication,‌‌which‌‌vary‌‌strongly‌‌between‌‌contact-based‌‌and‌‌paracrine‌‌communication,‌‌for‌‌example.‌‌In‌‌this‌‌                           
128 study,‌‌we‌‌chose‌‌multiple‌‌resolutions‌‌for‌‌each‌‌dataset‌‌in‌‌separate‌‌analyses.‌‌Each‌‌resolution‌‌is‌‌associated‌‌with‌‌a‌‌                                 
129 separate‌‌graph‌‌that‌‌has‌‌a‌‌specific‌‌node‌‌degree‌‌distribution‌‌which‌‌depends‌‌on‌‌the‌‌overall‌‌tissue‌‌architecture.‌‌We‌‌                                 
130 defined‌ ‌the‌ ‌distances‌ ‌for‌ ‌each‌ ‌dataset‌ ‌such‌ ‌that‌ ‌they‌ ‌cover‌ ‌the‌ ‌range‌ ‌of‌ ‌average‌‌node‌‌degrees‌‌of‌‌the‌‌given‌‌                                     
131 dataset‌‌(Supp.‌‌Fig.‌‌1b).‌‌This‌‌screening‌‌of‌‌resolutions‌‌is‌‌useful‌‌for‌‌discovery‌‌of‌‌statistical‌‌dependencies.‌‌On‌‌the‌‌                                 
132 other‌‌hand,‌‌a‌‌fixed,‌‌single‌‌resolution‌‌can‌‌be‌‌used‌‌to‌‌test‌‌specific‌‌hypotheses‌‌of‌‌cell‌‌communication‌‌events‌‌on‌‌a‌‌                                     
133 length‌ ‌scale‌ ‌defined‌ ‌by‌ ‌prior‌ ‌knowledge‌ ‌based‌ ‌on‌ ‌molecular‌ ‌mechanisms.‌ ‌ 

134 Linear‌ ‌NCEM‌ ‌identify‌ ‌cell‌ ‌communication‌ ‌on‌ ‌consistent‌ ‌spatial‌ ‌length‌ ‌scales‌ ‌ 

135 We‌‌model‌‌neighborhood-induced‌‌cell‌‌state‌‌changes‌‌with‌‌a‌‌linear‌‌graph‌‌neural‌‌network‌‌that‌‌predicts‌‌the‌‌state‌‌of‌‌a‌‌                                   
136 receiver‌‌cell‌‌conditioned‌‌on‌‌the‌‌presence‌‌of‌‌putative‌‌sender‌‌cell-types‌‌present‌‌in‌‌its‌‌neighborhood.‌‌This‌‌model‌‌is‌‌                                 
137 equivalent‌ ‌in‌ ‌architecture‌ ‌to‌ ‌a‌ ‌graph-aware‌ ‌GLM‌ ‌(Online‌ ‌Methods)‌ ‌and,‌ ‌therefore,‌ ‌represents‌ ‌a‌ ‌convex‌‌                           
138 optimization‌‌problem.‌‌While‌‌limited‌‌in‌‌their‌‌ability‌‌to‌‌model‌‌higher-order‌‌cell‌‌interactions,‌‌such‌‌linear‌‌models‌‌can‌‌                               
139 be‌ ‌readily‌ ‌interpreted‌ ‌in‌ ‌terms‌ ‌of‌ ‌effect‌ ‌sizes,‌ ‌can‌ ‌be‌ ‌used‌ ‌by‌ ‌non-specialists‌ ‌because‌ ‌of‌ ‌their‌ ‌favourable‌‌                                 
140 optimization‌ ‌characteristics‌ ‌and‌ ‌allow‌ ‌for‌ ‌correction‌ ‌for‌ ‌confounding‌ ‌factors‌ ‌such‌ ‌as‌ ‌biological‌ ‌conditions.‌ ‌ 
141 ‌ 
142 First,‌ ‌we‌ ‌established‌ ‌the‌ ‌presence‌ ‌of‌ ‌intra-cell-type‌ ‌variance‌ ‌in‌ ‌a‌ ‌variance‌ ‌decomposition‌ ‌on‌‌all‌‌five‌‌datasets‌‌                               
143 (average‌ ‌intra-cell-type‌ ‌variance‌ ‌40.6%),‌ ‌even‌ ‌in‌ ‌those‌ ‌datasets‌ ‌with‌ ‌very‌ ‌few‌ ‌genes‌ ‌assayed‌ ‌(Supp.‌ ‌Fig.‌‌2,‌‌                               
144 Online‌ ‌Methods).‌ ‌We‌ ‌fit‌ ‌Gaussian‌ ‌GLMs‌ ‌on‌‌transformed‌‌single-cell‌‌expression‌‌measurements‌‌across‌‌multiple‌‌                         
145 neighborhood‌ ‌sizes‌ ‌with‌ ‌four‌ ‌term‌ ‌groups:‌ ‌image‌ ‌covariates,‌ ‌the‌ ‌cell-type,‌ ‌the‌ ‌presence‌ ‌of‌ ‌putative‌ ‌sender‌‌                             
146 cell-types‌ ‌in‌‌the‌‌neighborhood‌‌(the‌‌niche),‌‌and‌‌an‌‌interaction‌‌term‌‌between‌‌the‌‌cell-type‌‌and‌‌the‌‌niche‌‌(Online‌‌                                 
147 Methods).‌ ‌As‌ ‌a‌ ‌null‌ ‌model,‌ ‌we‌ ‌included‌ ‌empty‌ ‌neighborhoods‌ ‌and‌ ‌neighborhoods‌ ‌larger‌‌than‌‌the‌‌considered‌‌                             
148 images.‌‌We‌‌found‌‌that‌‌these‌‌GLMs‌‌were‌‌most‌‌predictive‌‌on‌‌an‌‌intermediate-length‌‌scale‌‌of‌‌around‌‌69‌‌µm‌‌in‌‌all‌‌                                     
149 five‌‌datasets‌‌(Fig.‌‌1d),‌‌showing‌‌that‌‌cell–cell‌‌dependencies‌‌indeed‌‌only‌‌appear‌‌on‌‌length‌‌scales‌‌characteristic‌‌of‌‌                               
150 direct‌‌and‌‌short-range‌‌molecular‌‌mechanisms‌‌of‌‌cell‌‌communication.‌‌With‌‌further‌‌increasing‌‌neighborhood‌‌sizes,‌‌                         
151 the‌‌prediction‌‌performance‌‌drops‌‌again‌‌to‌‌the‌‌level‌‌of‌‌nonspatial‌‌models,‌‌indicating‌‌that‌‌the‌‌spatial‌‌effect‌‌is‌‌not‌‌                                   
152 simply‌‌due‌‌to‌‌overfitting‌‌to‌‌images.‌‌The‌‌NCEMs‌‌outperformed‌‌non-spatial‌‌baseline‌‌models‌‌by‌‌an‌‌average‌‌ R‌2‌ ‌                             Δ  

153 of‌‌0.0175.‌‌This‌‌difference‌‌was‌‌significant‌‌in‌‌paired‌‌t-test‌‌between‌‌baseline‌‌model‌‌and‌‌best‌‌spatial‌‌model‌‌of‌‌(p‌‌<‌‌                                     
154 0.05)‌ ‌across‌ ‌five‌ ‌datasets‌ ‌(Fig.‌ ‌1d).‌ ‌The‌ ‌ R‌2‌ ‌is‌ ‌small‌ ‌compared‌‌to‌‌the‌‌baseline‌‌model‌ R‌2‌ ‌that‌‌characterizes‌‌              Δ                       

155 between-cell-type‌ ‌variance‌ ‌(0.39‌ ‌-‌ ‌0.79)‌ ‌because‌ ‌the‌ ‌cell-type‌ ‌information‌ ‌accounts‌ ‌for‌‌a‌‌large‌‌fraction‌‌of‌‌the‌‌                               
156 transcriptomic‌ ‌variance‌ ‌in‌ ‌these‌ ‌samples.‌ ‌Between-cell-type‌ ‌variance‌ ‌often‌ ‌dominates‌ ‌variance‌ ‌in‌ ‌single-cell‌‌                       
157 transcriptomics‌ ‌which‌ ‌is‌ ‌a‌ ‌phenomenon‌ ‌that‌ ‌allows‌ ‌for‌ ‌cell-type‌ ‌assignment‌ ‌through‌‌clustering‌‌algorithms,‌‌for‌‌                           
158 example‌17–19‌.‌ ‌The‌ ‌remaining‌ ‌within-cell-type‌ ‌variance‌ ‌decomposes‌ ‌into‌ ‌technical‌ ‌noise‌ ‌and‌ ‌within-cell-type‌‌                     
159 biological‌ ‌variance.‌ ‌The‌ ‌biological‌ ‌within-cell-type‌ ‌variance‌ ‌can‌ ‌be‌ ‌decomposed‌ ‌into‌ ‌spatial‌ ‌and‌ ‌non-spatial‌‌                         
160 effects.‌ ‌Here,‌ ‌we‌ ‌only‌ ‌model‌ ‌the‌ ‌spatial‌ ‌component,‌ ‌thus‌ ‌explaining‌ ‌the‌ ‌low‌ ‌magnitude‌ ‌of‌ ‌explained‌‌                             
161 within-cell-type‌ ‌variance‌ ‌compared‌ ‌to‌ ‌the‌ ‌total‌ ‌within-cell-type‌ ‌variance.‌ ‌The‌‌increased‌‌R‌2‌ ‌achieved‌‌by‌‌NCEM‌‌                           
162 can‌‌be‌‌attributed‌‌to‌‌the‌‌niche‌‌composition‌‌information‌‌inherent‌‌in‌‌the‌‌model,‌‌thus‌‌providing‌‌an‌‌algorithmic‌‌handle‌‌                                 
163 on‌ ‌niche‌ ‌biology.‌‌ ‌  
164 ‌ 
165 In‌ ‌addition,‌ ‌we‌ ‌also‌ ‌fit‌ ‌GLMs‌ ‌with‌ ‌fewer‌ ‌parameters,‌ ‌without‌‌cell-type‌‌to‌‌niche‌‌interaction‌‌terms,‌‌keeping‌‌only‌‌                                 
166 non-receiver-specific‌ ‌sender‌ ‌effects,‌ ‌which‌ ‌are‌‌less‌‌susceptible‌‌to‌‌overfitting,‌‌and‌‌also‌‌found‌‌dependencies‌‌on‌‌                           
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167 similar‌ ‌length‌ ‌scales‌ ‌(Supp.‌ ‌Fig.‌ ‌3,‌ ‌Online‌ ‌Methods).‌ ‌We‌ ‌hypothesized‌ ‌that‌ ‌different‌ ‌molecular‌ ‌mediators‌ ‌of‌‌                             
168 cell–cell‌‌dependency‌‌on‌‌different‌‌length-scales‌‌apply‌‌to‌‌different‌‌cell-types.‌‌Indeed,‌‌the‌‌model‌‌performance‌‌as‌‌a‌‌                             
169 function‌ ‌of‌ ‌length‌ ‌scale‌ ‌by‌ ‌target‌ ‌cell-type‌ ‌varies‌ ‌between‌ ‌cell-types‌ ‌(Supp.‌ ‌Fig.‌ ‌4).‌ ‌ 
170

Niche‌ ‌composition‌ ‌explains‌ ‌cellular‌ ‌variation‌ ‌ 

171 Next,‌‌we‌‌interpreted‌‌the‌‌effects‌‌learned‌‌by‌‌the‌‌linear‌‌NCEMs.‌‌To‌‌identify‌‌neighborhood-induced‌‌molecular‌‌states‌‌                             
172 in‌‌the‌‌primary‌‌motor‌‌cortex,‌‌we‌‌selected‌‌L2/3‌‌IT‌‌cells‌‌from‌‌the‌‌MERFISH‌‌–‌‌brain‌‌dataset‌12‌ ‌based‌‌on‌‌their‌‌strong‌‌                                       
173 spatial‌‌effects‌‌on‌‌cell‌‌state‌‌(Supp.‌‌Fig.‌‌4)‌‌and‌‌their‌‌large‌‌abundance,‌‌with‌‌41,996‌‌cells‌‌across‌‌the‌‌dataset‌‌(Supp.‌‌                                     
174 Fig.‌ ‌1a).‌ ‌To‌ ‌identify‌ ‌neighborhood-induced‌‌effects‌‌on‌‌the‌‌molecular‌‌states‌‌without‌‌confounding‌‌the‌‌analysis‌‌by‌‌                             
175 between-image‌‌batch‌‌and‌‌condition‌‌effects,‌‌we‌‌clustered‌‌and‌‌embedded‌‌L2/3‌‌IT‌‌cells‌‌from‌‌a‌‌single‌‌image‌‌based‌‌                                 
176 on‌‌the‌‌molecular‌‌information‌‌alone‌‌(Fig.‌‌2a,‌‌Online‌‌methods).‌‌Indeed,‌‌the‌‌relative‌‌prediction‌‌performance‌‌of‌‌the‌‌                               
177 graph-aware‌‌GLM‌‌at‌‌the‌‌optimal‌‌resolution‌‌compared‌‌to‌‌nonspatial‌‌GLM‌‌varies‌‌across‌‌these‌‌clusters‌‌(Fig.‌‌2b),‌‌                               
178 as‌‌measured‌‌by‌‌the‌‌difference‌‌of‌‌their‌‌respective‌‌R‌2‌ ‌on‌‌individual‌‌cells.‌‌Using‌‌the‌‌presence‌‌of‌‌different‌‌cell-types‌‌                                   
179 in‌‌the‌‌neighborhood‌‌as‌‌a‌‌binary‌‌labels‌‌vector,‌‌we‌‌performed‌‌a‌‌cluster‌‌enrichment‌‌analysis‌‌with‌‌Fisher’s‌‌exact‌‌test‌‌                                   
180 on‌‌this‌‌clustering‌‌(Fig.‌‌2c,d,‌‌Online‌‌Methods)‌‌to‌‌annotate‌‌clusters‌‌with‌‌enriched‌‌neighborhoods:‌‌sub‌‌cluster‌‌0‌‌is‌‌                                 
181 associated‌‌with‌‌Scng‌‌and‌‌VLMC,‌‌and‌‌cluster‌‌4‌‌with‌‌L4/5‌‌IT‌‌cells,‌‌for‌‌example‌‌(Fig.‌‌2d).‌‌We‌‌ordered‌‌cell-types‌‌as‌‌                                       
182 putative‌ ‌sender‌ ‌types‌ ‌of‌ ‌L2/3‌ ‌IT‌ ‌cells‌ ‌by‌ ‌their‌ ‌maximal‌ ‌cluster-wise‌ ‌enrichment‌ ‌p-value.‌ ‌This‌ ‌ordering‌ ‌of‌‌                               
183 cell-types‌‌is‌‌very‌‌different‌‌from‌‌the‌‌ordering‌‌obtained‌‌from‌‌contact‌‌frequencies‌‌and‌‌CellphoneDB‌3‌ ‌analysis‌‌on‌‌this‌‌                               
184 image‌ ‌(Kendall‌ ‌rank‌ ‌correlation‌ ‌of‌ ‌-0.04‌ ‌and‌ ‌-0.12,‌ ‌p-value‌ ‌of‌ ‌0.79‌ ‌and‌ ‌0.45,‌ ‌respectively,‌‌Supp.‌‌Fig.‌‌6a,‌‌7b,‌‌                                   
185 Online‌ ‌methods),‌ ‌highlighting‌ ‌the‌ ‌novel‌ ‌quality‌ ‌of‌ ‌information‌ ‌captured‌ ‌by‌ ‌this‌ ‌approach.‌ ‌Depending‌ ‌on‌ ‌the‌‌                             
186 analysis‌‌setting,‌‌either‌‌L4/5‌‌IT‌‌cells‌‌and‌‌Scng‌‌or‌‌L4/5‌‌IT‌‌cells‌‌and‌‌VLMC‌‌are‌‌also‌‌discovered‌‌as‌‌putative‌‌partners‌‌                                       
187 of‌ ‌L2/3‌ ‌IT‌ ‌cells‌ ‌by‌ ‌CellphoneDB‌ ‌(Supp.‌ ‌Fig.‌ ‌7a,b),‌ ‌showing‌ ‌that‌ ‌core‌ ‌associations‌ ‌are‌ ‌reproduced.‌ ‌Next,‌ ‌we‌‌                                 
188 established‌‌that‌‌the‌‌L2/3‌‌IT‌‌cell‌‌sub‌‌clusters‌‌are‌‌spatially‌‌localised‌‌in‌‌distinct‌‌areas‌‌of‌‌the‌‌primary‌‌motor‌‌cortex‌12‌:‌‌                                     
189 Sub‌‌cluster‌‌0‌‌is‌‌closer‌‌to‌‌the‌‌layer‌‌of‌‌Scng‌‌and‌‌VLMC,‌‌whereas‌‌sub‌‌cluster‌‌4‌‌is‌‌closer‌‌to‌‌the‌‌layer‌‌of‌‌L4/5‌‌IT‌‌cells‌‌                                                 
190 (Fig.‌‌2c,d).‌‌This‌‌spatial‌‌patterning‌‌becomes‌‌apparent‌‌when‌‌the‌‌sub-cluster-wise‌‌relative‌‌performance‌‌spatial‌‌and‌‌                           
191 non-spatial‌ ‌model‌ ‌(Fig.‌ ‌2b)‌ ‌are‌ ‌broken‌ ‌down‌ ‌to‌ ‌cell-wise‌ ‌comparisons‌ ‌and‌ ‌assigned‌ ‌to‌ ‌cells‌ ‌in‌ ‌their‌ ‌spatial‌‌                                 
192 context:‌ ‌The‌ ‌spatial‌ ‌model‌ ‌outperforms‌ ‌the‌ ‌non-spatial‌ ‌model‌ ‌strongly‌ ‌on‌ ‌margins‌ ‌of‌ ‌the‌ ‌L2/3‌ ‌IT‌‌layer‌‌in‌‌the‌‌                                   
193 motor‌ ‌cortex,‌ ‌such‌ ‌as‌ ‌in‌‌sub‌‌cluster‌‌4‌‌of‌‌the‌‌L2/3‌‌IT‌‌cells‌‌(Fig.‌‌2e).‌‌We‌‌repeated‌‌this‌‌analysis‌‌by‌‌applying‌‌the‌‌                                           
194 same‌ ‌models,‌ ‌which‌ ‌were‌ ‌trained‌ ‌on‌ ‌all‌ ‌images,‌ ‌to‌ ‌a‌ ‌second‌ ‌image‌ ‌and‌ ‌found‌ ‌similar‌ ‌associations‌ ‌to‌‌                                 
195 neighborhoods,‌‌such‌‌as‌‌significant‌‌associations‌‌to‌‌Scng,‌‌VLMC,‌‌and‌‌L4/5‌‌IT‌‌cells‌‌(Supp.‌‌Fig.‌‌5b-f).‌‌In‌‌summary,‌‌                                 
196 this‌ ‌analysis‌ ‌attributes‌ ‌molecular‌‌variation‌‌of‌‌single‌‌cells‌‌to‌‌their‌‌niche‌‌and‌‌identifies‌‌putative‌‌sender‌‌cell-types‌‌                               
197 which‌ ‌are‌ ‌in‌ ‌line‌ ‌with‌ ‌the‌ ‌overall‌ ‌tissue‌ ‌architecture.‌ ‌ 
198 ‌ 
199 In‌ ‌an‌ ‌equivalent‌ ‌analysis‌ ‌on‌ ‌the‌ ‌chip‌ ‌cytometry‌‌–‌‌colon‌‌data,‌‌we‌‌discovered‌‌a‌‌dependency‌‌of‌‌CD8‌‌T‌‌cells‌‌on‌‌                                       
200 multiple‌ ‌other‌ ‌cell-types,‌ ‌such‌ ‌as‌ ‌CD8‌ ‌T‌ ‌cells‌ ‌and‌ ‌lamina‌ ‌propria‌ ‌cells‌ ‌(sub‌ ‌cluster‌ ‌3)‌ ‌(Supp.‌ ‌Fig.‌ ‌8a-e),‌‌                                   
201 highlighting‌‌a‌‌dense‌‌compartment‌‌of‌‌T‌‌cells‌‌in‌‌the‌‌inflamed‌‌colon‌‌centred‌‌on‌‌lamina‌‌propria‌‌cells‌‌(Supp.‌‌Fig.‌‌8f).‌‌                                     
202 In‌‌colorectal‌‌cancer,‌‌linear‌‌NCEM‌‌learned‌‌a‌‌previously‌‌established‌‌dependency‌‌of‌‌CD8‌‌T‌‌cell‌‌states‌‌on‌‌proximity‌‌                                 
203 to‌ ‌the‌ ‌tumor–immune‌ ‌boundary‌8‌ ‌(Supp.‌ ‌Fig.‌ ‌9a-e),‌ ‌where‌ ‌sub‌ ‌cluster‌ ‌1‌ ‌represents‌ ‌cells‌ ‌close‌ ‌to‌ ‌malignant‌‌                               
204 epithelial‌ ‌cells‌ ‌(Supp.‌ ‌Fig.‌ ‌9c,f).‌ ‌ 
205 ‌ 
206 Next,‌ ‌we‌ ‌considered‌ ‌parameter‌ ‌significance‌ ‌in‌ ‌GLMs‌ ‌as‌ ‌a‌ ‌mechanism‌ ‌to‌ ‌attribute‌ ‌cellular‌ ‌variation‌ ‌to‌‌                             
207 communication‌‌events‌‌with‌‌specific‌‌sender‌‌cell-types.‌‌We‌‌used‌‌a‌‌differential‌‌expression‌‌test,‌‌a‌‌Wald‌‌test,‌‌to‌‌test‌‌                                 
208 gene-wise‌‌cell‌‌communication‌‌coefficients‌‌in‌‌the‌‌linear‌‌model.‌‌In‌‌the‌‌linear‌‌model‌‌as‌‌defined‌‌above,‌‌the‌‌Wald‌‌test‌‌                                   
209 yields‌ ‌a‌ ‌p-value‌ ‌for‌ ‌the‌ ‌effect‌ ‌of‌ ‌the‌ ‌interaction‌ ‌between‌ ‌each‌ ‌pair‌‌of‌‌cell-types‌‌on‌‌each‌‌assayed‌‌gene‌‌in‌‌the‌‌                                       
210 receiver‌‌cell-type.‌‌The‌‌inference‌‌of‌‌cell‌‌communication‌‌with‌‌this‌‌gene-centric‌‌model‌‌improves‌‌with‌‌the‌‌number‌‌of‌‌                               
211 assayed‌ ‌genes,‌ ‌as‌ ‌only‌ ‌a‌ ‌subset‌ ‌of‌ ‌all‌ ‌genes‌ ‌will‌ ‌display‌ ‌differential‌ ‌expression‌ ‌in‌ ‌response‌ ‌to‌ ‌the‌‌                                 
212 communication‌ ‌event.‌ ‌We‌ ‌found‌ ‌receiver‌ ‌cell-type-gene‌‌pairs‌‌that‌‌significantly‌‌depend‌‌on‌‌the‌‌neighborhood‌‌in‌‌                           
213 the‌ ‌chip‌ ‌cytometry‌ ‌–‌ ‌colon‌‌data‌‌(Supp.‌‌Fig.‌‌10c):‌‌Here,‌‌one‌‌would‌‌expect‌‌communication‌‌events‌‌with‌‌immune‌‌                                 
214 cells‌‌because‌‌of‌‌the‌‌inflamed‌‌state‌‌of‌‌the‌‌colon.‌‌The‌‌communication‌‌between‌‌sender‌‌PD1L+‌‌cells‌‌and‌‌receiver‌‌                                 
215 CD8+‌ ‌T‌ ‌cells‌ ‌was‌ ‌the‌ ‌strongest‌ ‌in‌ ‌terms‌ ‌of‌ ‌the‌ ‌number‌ ‌of‌ ‌differentially‌ ‌expressed‌ ‌genes,‌ ‌suggesting‌ ‌that‌‌                                 
216 PD1-mediated‌ ‌T‌ ‌cell‌ ‌exhaustion‌20‌ ‌plays‌ ‌a‌ ‌role‌ ‌in‌‌this‌‌tissue.‌‌Importantly,‌‌this‌‌communication‌‌is‌‌not‌‌identifiable‌‌                               
217 from‌ ‌cell‌ ‌contact‌ ‌frequencies‌ ‌(Supp.‌ ‌Fig.‌ ‌6b)‌ ‌or‌ ‌CellphoneDB‌ ‌analysis‌ ‌(Fig.‌ ‌7c),‌ ‌as‌ ‌expected‌ ‌for‌ ‌a‌‌                               
218 sender–receiver-specific‌ ‌signature‌ ‌that‌ ‌occurs‌ ‌in‌ ‌a‌ ‌particular‌ ‌tissue‌‌niche.‌‌Indeed,‌‌we‌‌found‌‌PD1‌‌in‌‌the‌‌set‌‌of‌‌                                 
219 genes‌‌whose‌‌expression‌‌is‌‌significantly‌‌associated‌‌with‌‌this‌‌receiver-sender‌‌pair‌‌(p=0.02‌‌for‌‌an‌‌absolute‌‌change‌‌                             
220 in‌ ‌log-transformed‌ ‌data‌ ‌of‌ ‌-1.92,‌ ‌Supp.‌ ‌Fig.‌ ‌10).‌‌ ‌  
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221 Nonlinear‌ ‌NCEM‌ ‌capture‌ ‌complex‌ ‌cell‌ ‌communication‌ ‌motifs‌ ‌ 

222 Linear‌‌models‌‌for‌‌cell‌‌communication‌‌cannot‌‌easily‌‌account‌‌for‌‌higher‌‌order‌‌interactions‌‌between‌‌more‌‌than‌‌two‌‌                               
223 cell-types.‌‌Such‌‌complex‌‌interactions‌‌are,‌‌however,‌‌models‌‌of‌‌relevant‌‌patterns‌‌of‌‌communication‌‌in‌‌niches:‌‌The‌‌                             
224 communication‌‌between‌‌two‌‌cells‌‌A‌‌and‌‌B‌‌may‌‌depend‌‌on‌‌a‌‌communication‌‌event‌‌between‌‌B‌‌and‌‌a‌‌cell‌‌C‌‌which‌‌                                       
225 induces‌ ‌ligand‌ ‌expression‌ ‌in‌ ‌B.‌ ‌Moreover,‌ ‌edge‌ ‌properties,‌ ‌such‌ ‌as‌ ‌weights‌ ‌derived‌ ‌from‌ ‌physical‌ ‌distances‌‌                             
226 between‌ ‌cells,‌ ‌or‌ ‌molecular‌‌characteristics‌‌of‌‌communication‌‌axes,‌‌are‌‌difficult‌‌to‌‌account‌‌for‌‌in‌‌linear‌‌models.‌‌                               
227 Here,‌‌we‌‌discuss‌‌multilayer‌‌NCEMs‌‌which‌‌can‌‌model‌‌both‌‌higher‌‌order‌‌cell‌‌communication‌‌and‌‌edge‌‌properties.‌‌                               
228 These‌‌graph‌‌neural‌‌networks‌‌can‌‌be‌‌understood‌‌as‌‌encoder–decoder‌‌models.‌‌The‌‌encoder‌‌is‌‌a‌‌function‌‌of‌‌the‌‌                                 
229 local‌‌context‌‌in‌‌the‌‌graph‌‌and‌‌yields‌‌a‌‌latent‌‌state‌‌that‌‌is‌‌transformed‌‌by‌‌a‌‌stack‌‌of‌‌densely-connected‌‌layers‌‌in‌‌                                       
230 the‌‌decoder‌‌to‌‌the‌‌predicted‌‌expression‌‌state‌‌of‌‌the‌‌cell‌‌(Fig.‌‌3a).‌‌In‌‌contrast‌‌to‌‌autoencoding‌‌encoder–decoder‌‌                                 
231 models‌ ‌often‌ ‌used‌ ‌to‌ ‌model‌ ‌heterogeneity‌ ‌in‌ ‌single‌ ‌cells‌ ‌from‌ ‌dissociated‌ ‌tissues‌21,22‌,‌ ‌this‌ ‌encoder–decoder‌‌                           
232 NCEM‌ ‌is‌ ‌a‌ ‌nonlinear‌ ‌regression‌ ‌model‌ ‌that‌ ‌does‌ ‌not‌ ‌receive‌ ‌the‌ ‌expression‌ ‌state‌ ‌in‌ ‌the‌ ‌input‌ ‌(Online‌ ‌Methods).‌ ‌ 
233 ‌ 
234 First,‌ ‌we‌‌established‌‌the‌‌presence‌‌of‌‌resolution-dependent‌‌prediction‌‌performance‌‌profiles‌‌in‌‌encoder–decoder‌‌                       
235 NCEMs‌‌in‌‌both‌‌models‌‌with‌‌indicator‌‌aggregators‌‌and‌‌graph-convolutional‌‌filters,‌‌again‌‌controlled‌‌by‌‌empty‌‌and‌‌                             
236 large‌ ‌neighborhoods‌ ‌(Fig.‌ ‌3b).‌ ‌The‌ ‌top-performing‌ ‌length‌ ‌scales‌‌were‌‌comparable‌‌to‌‌those‌‌obtained‌‌on‌‌linear‌‌                             
237 models‌‌(Fig.‌‌3b).‌‌We‌‌could‌‌identify‌‌cell-type-specific‌‌communication‌‌length‌‌scales‌‌again‌‌(Supp.‌‌Fig.‌‌11).‌‌Notably,‌‌                             
238 the‌‌encoder–decoder‌‌models‌‌did‌‌not‌‌outperform‌‌linear‌‌models‌‌on‌‌any‌‌dataset‌‌in‌‌terms‌‌of‌‌reconstruction‌‌metrics‌‌                               
239 on‌ ‌test‌ ‌data,‌ ‌which‌ ‌suggests‌ ‌that‌ ‌niche‌ ‌communication‌ ‌is‌ ‌described‌ ‌well‌ ‌by‌ ‌additive‌ ‌pairwise‌‌communication‌‌                             
240 events‌ ‌of‌ ‌cells‌ ‌in‌ ‌these‌ ‌tissues‌ ‌at‌ ‌the‌ ‌given‌ ‌sample‌ ‌complexity,‌ ‌rather‌ ‌than‌ ‌higher-order‌ ‌interactions.‌‌ ‌  
241 ‌ 
242 As‌ ‌any‌ ‌neural‌ ‌network,‌ ‌encoder–decoder‌ ‌NCEMs‌ ‌can‌ ‌be‌ ‌interpreted‌ ‌in‌ ‌terms‌ ‌of‌ ‌cell‌ ‌communication‌ ‌events‌‌                             
243 through‌‌gradient‌‌analysis.‌‌The‌‌gradients‌‌of‌‌output‌‌expression‌‌values‌‌with‌‌respect‌‌to‌‌input‌‌receiver‌‌cell-type‌‌and‌‌                               
244 input‌‌sender‌‌cell-types‌‌approximate‌‌the‌‌effect‌‌that‌‌a‌‌change‌‌in‌‌neighborhood‌‌composition‌‌of‌‌a‌‌given‌‌cell‌‌would‌‌                                 
245 have‌‌on‌‌its‌‌molecular‌‌state‌‌(Online‌‌Methods).‌‌Using‌‌this‌‌interpretation‌‌method,‌‌we‌‌identified‌‌L4/5‌‌IT‌‌as‌‌a‌‌putative‌‌                                   
246 sender‌ ‌cell-type‌ ‌for‌ ‌L2/3‌ ‌IT‌ ‌cells‌ ‌in‌ ‌the‌ ‌MERFISH‌ ‌–‌ ‌brain‌ ‌dataset‌12‌ ‌(Fig.‌ ‌3c),‌ ‌which‌ ‌agrees‌ ‌with‌ ‌the‌ ‌strong‌                                     
247 association‌‌between‌‌these‌‌two‌‌cell-types‌‌identified‌‌in‌‌the‌‌cluster‌‌enrichment‌‌(Fig.‌‌2c).‌‌Using‌‌a‌‌similar‌‌approach,‌‌                               
248 we‌‌identified‌‌lamina‌‌propria‌‌cells‌‌as‌‌predictors‌‌of‌‌CD8‌‌T‌‌cell‌‌state‌‌in‌‌the‌‌chip‌‌cytometry‌‌–‌‌colon‌‌dataset‌‌(Fig.‌‌3d),‌‌                                         
249 reproducing‌ ‌this‌ ‌same‌ ‌association‌ ‌identified‌ ‌with‌ ‌linear‌ ‌NCEM‌ ‌(Supp.‌ ‌Fig.‌ ‌8c,e).‌ ‌ 

250 NCEMs‌ ‌extended‌ ‌to‌ ‌latent‌ ‌cell-intrinsic‌ ‌states‌ ‌explain‌ ‌more‌ ‌variance‌ ‌ 

251 Above,‌‌we‌‌discussed‌‌NCEMs‌‌as‌‌mechanistic‌‌models‌‌designed‌‌to‌‌attribute‌‌intra-cell-type‌‌variance‌‌to‌‌predictors‌‌in‌‌                             
252 the‌ ‌niche.‌ ‌These‌ ‌NCEMs‌ ‌cannot‌ ‌model‌ ‌latent‌ ‌cell‌ ‌states‌ ‌that‌ ‌confound‌ ‌the‌ ‌measured‌ ‌expression‌ ‌data,‌‌                             
253 representing‌ ‌important‌ ‌intrinsic‌ ‌cellular‌ ‌phenomena,‌ ‌such‌ ‌as‌ ‌cell‌ ‌cycle‌ ‌states‌ ‌or‌ ‌differentiation‌‌progression.‌‌A‌‌                           
254 holistic‌ ‌model‌ ‌of‌ ‌cellular‌ ‌variance‌ ‌needs‌ ‌to‌‌account‌‌both‌‌for‌‌these‌‌intrinsic‌‌and‌‌extrinsic‌‌effects‌‌to‌‌disentangle‌‌                                 
255 confounded‌ ‌sources‌ ‌of‌ ‌variation‌5‌.‌ ‌Therefore,‌ ‌we‌ ‌propose‌ ‌an‌ ‌NCEM‌ ‌that‌ ‌accounts‌ ‌for‌ ‌both‌‌cell‌‌intrinsic‌‌latent‌‌                               
256 states‌ ‌and‌‌the‌‌dependencies‌‌of‌‌molecular‌‌states‌‌on‌‌the‌‌niche.‌‌The‌‌proposed‌‌model‌‌is‌‌a‌‌conditional‌‌variational‌‌                                 
257 autoencoder‌‌(CVAE)‌‌in‌‌which‌‌the‌‌condition‌‌represents‌‌the‌‌neighborhood‌‌and‌‌the‌‌cell-type‌‌of‌‌the‌‌cell‌‌itself‌‌(Fig.‌‌                                 
258 4a).‌ ‌In‌ ‌contrast‌ ‌to‌ ‌the‌ ‌node-supervised‌ ‌models‌ ‌discussed‌ ‌above,‌‌this‌‌CVAE‌‌is‌‌a‌‌node-generative‌‌model.‌‌This‌‌                               
259 node-generation‌‌tasks‌‌of‌‌learning‌‌a‌‌distribution‌‌over‌‌gene‌‌expression‌‌states‌‌conditioned‌‌on‌‌the‌‌cell-type,‌‌a‌‌local‌‌                               
260 context‌ ‌in‌ ‌the‌ ‌graph,‌ ‌and‌ ‌other‌ ‌covariates,‌ ‌such‌ ‌as‌ ‌chemical‌ ‌perturbation,‌ ‌extends‌ ‌generative‌ ‌models‌ ‌for‌‌                             
261 single-cell‌ ‌gene‌ ‌expression‌ ‌data‌21,23‌‌ ‌to‌ ‌spatial‌ ‌cell–cell‌ ‌dependencies.‌ ‌ 
262 ‌ 
263 Conditional‌ ‌generative‌ ‌models‌ ‌have‌ ‌previously‌ ‌been‌‌used‌‌to‌‌model‌‌perturbations‌‌of‌‌molecular‌‌states‌‌by‌‌small‌‌                             
264 molecules‌23‌ ‌in‌‌the‌‌context‌‌of‌‌data‌‌from‌‌dissociated‌‌tissues.‌‌Latent‌‌variable‌‌models‌‌attain‌‌much‌‌higher‌‌predictive‌‌                               
265 performance‌ ‌in‌‌reconstruction‌‌tasks‌‌(Fig.‌‌4b,‌‌Supp.‌‌Fig.‌‌13a)‌‌because‌‌they‌‌can‌‌fit‌‌cell-wise‌‌states‌‌if‌‌the‌‌model‌‌                                   
266 does‌‌not‌‌suffer‌‌from‌‌posterior‌‌collapse‌24‌.‌‌However,‌‌conditional‌‌variational‌‌models‌‌suffer‌‌from‌‌a‌‌non-identifiability‌‌                           
267 between‌‌the‌‌variation‌‌attributed‌‌to‌‌the‌‌condition‌‌and‌‌to‌‌the‌‌latent‌‌states‌‌because‌‌the‌‌loss‌‌function‌‌only‌‌constrains‌‌                                   
268 the‌ ‌model’s‌ ‌marginal‌ ‌likelihood.‌ ‌A‌ ‌CVAE‌ ‌that‌ ‌is‌ ‌ideally‌ ‌suited‌ ‌for‌ ‌style‌ ‌transfer‌ ‌is‌ ‌converged‌ ‌such‌ ‌that‌ ‌the‌‌                                   
269 condition-wise‌‌marginal‌‌posteriors‌‌on‌‌the‌‌latent‌‌variables‌‌are‌‌equal,‌‌so‌‌that‌‌one‌‌can‌‌sample‌‌the‌‌full‌‌conditional‌‌                                 
270 distribution‌‌by‌‌decoding‌‌the‌‌latent‌‌states‌‌observed‌‌in‌‌a‌‌source‌‌condition‌‌into‌‌the‌‌target‌‌condition.‌‌However,‌‌there‌‌                                 
271 are‌ ‌optima‌ ‌of‌ ‌equal‌ ‌loss‌ ‌values‌ ‌in‌ ‌which‌ ‌the‌‌condition‌‌information‌‌bleeds‌‌into‌‌the‌‌latent‌‌variables,‌‌resulting‌‌in‌‌                                   
272 condition-specific‌ ‌latent‌ ‌states‌ ‌that‌ ‌cannot‌ ‌meaningfully‌ ‌be‌ ‌transferred‌ ‌to‌ ‌a‌ ‌target‌ ‌condition.‌ ‌We‌‌attempted‌‌to‌‌                             
273 address‌ ‌this‌ ‌non-identifiability‌ ‌with‌ ‌aggressive‌ ‌encoder‌ ‌training,‌ ‌an‌ ‌optimization‌ ‌approach‌ ‌capable‌ ‌of‌‌favoring‌‌                         
274 convergence‌‌to‌‌a‌‌model‌‌that‌‌attributes‌‌maximal‌‌variation‌‌in‌‌the‌‌marginal‌‌distribution‌‌to‌‌the‌‌conditional‌25‌ ‌(Online‌‌                               
275 Methods).‌ ‌We‌ ‌evaluated‌‌the‌‌ability‌‌of‌‌a‌‌CVAE–NCEM‌‌to‌‌extrapolate‌‌to‌‌unseen‌‌neighborhoods,‌‌a‌‌style-transfer‌‌                             
276 setting‌‌we‌‌call‌‌“neighborhood‌‌transfer”‌‌(Online‌‌Methods)‌‌using‌‌the‌‌example‌‌of‌‌muscular‌‌and‌‌Lamina‌‌Propria‌‌cells‌‌                               
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277 from‌‌the‌‌chip‌‌cytometry‌‌–‌‌colon‌‌data‌‌(Fig.‌‌4c)‌‌and‌‌L2/3‌‌IT‌‌neurons‌‌from‌‌the‌‌MERFISH‌‌–‌‌brain‌‌dataset‌12‌ ‌(Supp.‌‌                                       
278 Fig.‌ ‌13b).‌ ‌We‌ ‌did‌ ‌not‌ ‌find‌ ‌consistent‌ ‌neighborhood-transfer‌ ‌performance‌ ‌differences‌ ‌between‌ ‌CVAE-NCEM‌‌                       
279 compared‌ ‌and‌ ‌plain‌ ‌CVAEs,‌ ‌even‌ ‌though‌ ‌peak‌ ‌performance‌ ‌was‌ ‌attained‌ ‌by‌ ‌CVAE-NCEM‌ ‌optimized‌ ‌with‌                           
280 aggressive‌ ‌encoder‌ ‌training‌ ‌(Online‌ ‌Methods).‌ ‌This‌ ‌performance‌ ‌analysis‌ ‌suggests‌ ‌that‌ ‌niche‌ ‌states‌ ‌are‌‌                         
281 represented‌‌in‌‌latent‌‌variables,‌‌thus‌‌confounding‌‌resampling‌‌in‌‌the‌‌neighborhood‌‌transfer‌‌task.‌‌Indeed,‌‌we‌‌could‌‌                             
282 identify‌ ‌multiple‌ ‌significantly‌ ‌enriched‌ ‌neighborhoods‌ ‌in‌ ‌a‌ ‌latent‌‌space‌‌clustering‌‌of‌‌the‌‌CVAE–NCEM‌‌for‌‌both‌‌                             
283 examples‌‌(Fig.‌‌4d-f,‌‌Supp.‌‌Fig.‌‌13c-e).‌‌This‌‌latent‌‌variable‌‌interpretation‌‌shows‌‌that‌‌the‌‌CVAE‌‌indeed‌‌converges‌‌                               
284 to‌‌an‌‌optimum‌‌that‌‌is‌‌not‌‌desirable‌‌in‌‌terms‌‌of‌‌the‌‌style‌‌transfer‌‌task,‌‌which‌‌can‌‌occur‌‌because‌‌these‌‌optimums‌‌                                       
285 are‌ ‌not‌ ‌penalized‌ ‌by‌ ‌the‌ ‌CVAE’s‌ ‌cost‌ ‌function.‌ ‌ 
286 ‌ 
287 NCEMs‌ ‌can‌ ‌attribute‌ ‌molecular‌ ‌variation‌ ‌of‌ ‌single-cells‌ ‌to‌ ‌niche‌ ‌composition‌ ‌and‌ ‌thus‌ ‌carry‌ ‌the‌ ‌promise‌ ‌of‌‌                               
288 explaining‌ ‌variance‌ ‌previously‌ ‌not‌ ‌interpretable‌ ‌in‌ ‌dissociation‌ ‌data.‌ ‌Still,‌ ‌even‌ ‌with‌ ‌niche‌ ‌variance‌‌attributed,‌‌                           
289 further‌‌sources‌‌of‌‌cellular‌‌heterogeneity‌‌are‌‌latent‌‌in‌‌spatial‌‌assays‌‌(Fig.‌‌4b).‌‌CVAE–NCEMs‌‌are‌‌a‌‌model‌‌class‌‌                                 
290 that‌‌can‌‌close‌‌this‌‌gap‌‌between‌‌niche‌‌variation‌‌and‌‌latent‌‌variables.‌‌Further‌‌algorithmic‌‌work‌‌and‌‌targeted‌‌data‌‌                                 
291 acquisition‌ ‌are‌ ‌required‌ ‌to‌ ‌resolve‌ ‌the‌ ‌non-identifiability‌ ‌encountered‌ ‌in‌ ‌the‌ ‌examples‌ ‌discussed‌ ‌here.‌ ‌ 

292 Discussion‌ ‌ 

293 We‌ ‌presented‌‌NCEMs,‌‌a‌‌graph‌‌neural‌‌network‌‌framework‌‌for‌‌modeling‌‌of‌‌cell‌‌communication‌‌events‌‌in‌‌spatial‌‌                               
294 omics‌ ‌assays‌ ‌with‌ ‌subcellular‌ ‌resolution,‌ ‌in‌ ‌which‌ ‌cells‌ ‌can‌ ‌be‌ ‌separated‌‌‌in‌‌silico‌‌through‌‌segmentation.‌‌The‌‌                               
295 NCEMs‌‌presented‌‌in‌‌this‌‌paper‌‌are‌‌structured‌‌in‌‌three‌‌groups:‌‌a‌‌linear‌‌graph‌‌neural‌‌network‌‌that‌‌can‌‌be‌‌mapped‌‌                                     
296 to‌‌a‌‌GLM,‌‌nonlinear‌‌graph‌‌neural‌‌network‌‌and‌‌CVAEs.‌‌We‌‌defined‌‌the‌‌extrapolation‌‌to‌‌unseen‌‌neighborhoods,‌‌                               
297 the‌‌prediction‌‌of‌‌the‌‌molecular‌‌state‌‌of‌‌a‌‌cell‌‌of‌‌a‌‌given‌‌type‌‌in‌‌a‌‌given‌‌niche,‌‌as‌‌a‌‌supervision‌‌task‌‌and‌‌proposed‌‌                                             
298 an‌ ‌adaptation‌ ‌of‌ ‌this‌ ‌task‌ ‌to‌ ‌generative‌ ‌style‌ ‌transfer‌ ‌models‌ ‌(“neighborhood‌ ‌transfer”).‌ ‌We‌ ‌used‌ ‌NCEMs‌ ‌to‌‌                               
299 discover‌‌statistical‌‌dependencies‌‌between‌‌cells‌‌on‌‌physiologically‌‌relevant‌‌length‌‌scales‌‌at‌‌a‌‌mean‌‌of‌‌69‌‌µm‌‌with‌‌                                 
300 a‌ ‌standard‌ ‌error‌ ‌of‌ ‌14‌ ‌µm‌ ‌across‌ ‌five‌ ‌datasets.‌‌We‌‌demonstrated‌‌that‌‌NCEMs‌‌could‌‌be‌‌interpreted‌‌based‌‌on‌‌                                   
301 model‌ ‌parameters‌ ‌in‌ ‌linear‌ ‌models‌ ‌and‌‌saliencies‌‌in‌‌nonlinear‌‌models‌‌to‌‌infer‌‌communication‌‌events‌‌between‌‌                             
302 pairs‌‌of‌‌cell-types‌‌and‌‌to‌‌disentangle‌‌molecular‌‌variation‌‌in‌‌standard‌‌cell-centric‌‌unsupervised‌‌workflows.‌‌Using‌‌                           
303 these‌‌interpretation‌‌mechanisms,‌‌we‌‌disentangled‌‌niche‌‌effects‌‌in‌‌the‌‌mouse‌‌motor‌‌cortex,‌‌in‌‌the‌‌inflamed‌‌colon‌‌                               
304 and‌ ‌in‌ ‌colorectal‌ ‌cancer.‌ ‌ 
305 ‌ 
306 The‌‌datasets‌‌discussed‌‌here‌‌are‌‌based‌‌on‌‌technologies‌‌with‌‌high‌‌throughput‌‌in‌‌the‌‌number‌‌of‌‌cells‌‌but‌‌relatively‌‌                                   
307 few‌‌genes‌‌measured.‌‌For‌‌example,‌‌imaging-mass‌‌cytometry‌26‌ ‌and‌‌CODEX‌6‌ ‌both‌‌profile‌‌on‌‌the‌‌order‌‌of‌‌tens‌‌of‌‌                                 
308 genes.‌ ‌Typically,‌ ‌these‌‌genes‌‌are‌‌selected‌‌to‌‌separate‌‌cells‌‌from‌‌different‌‌cell-types,‌‌maximizing‌‌between-type‌‌                           
309 variance‌‌in‌‌the‌‌data.‌‌However,‌‌these‌‌setups‌‌are‌‌not‌‌designed‌‌to‌‌profile‌‌within-type‌‌variance.‌‌The‌‌more‌‌subtle‌‌cell‌‌                                   
310 states‌‌within‌‌a‌‌cell-type‌‌are‌‌typically‌‌recovered‌‌in‌‌protocols‌‌with‌‌large‌‌feature‌‌spaces,‌‌such‌‌as‌‌spatial‌‌single-cell‌‌                                 
311 RNA-seq,‌‌but‌‌also‌‌FISH-based‌‌protocols,‌‌such‌‌as‌‌seq-FISH‌27‌ ‌and‌‌MERFISH‌9‌.‌‌Although‌‌gene‌‌expression-based‌‌                         
312 inference‌ ‌of‌ ‌cell‌ ‌communication‌ ‌will‌ ‌probably‌ ‌be‌ ‌improved‌ ‌by‌ ‌techniques‌ ‌that‌ ‌yield‌ ‌larger‌‌feature‌‌spaces,‌‌we‌‌                               
313 could‌‌already‌‌show‌‌in‌‌this‌‌study‌‌that‌‌spatial‌‌dependencies‌‌can‌‌be‌‌estimated‌‌across‌‌cross-validation‌‌splits‌‌of‌‌the‌‌                                 
314 larger‌ ‌MERFISH‌ ‌dataset‌ ‌with‌ ‌254‌ ‌genes‌ ‌measured.‌ ‌We‌ ‌anticipate‌ ‌that‌ ‌such‌ ‌high-dimensional‌ ‌RNA-seq‌‌                         
315 characterizations‌‌of‌‌single‌‌cells‌‌in‌‌tissues‌‌will‌‌soon‌‌be‌‌widely‌‌available‌‌because‌‌of‌‌the‌‌improvements‌‌of‌‌seq-FISH‌‌                                 
316 and‌ ‌MERFISH‌ ‌protocols‌ ‌and‌ ‌the‌ ‌reduction‌ ‌of‌ ‌spot‌ ‌sizes‌ ‌in‌ ‌spot-based‌ ‌transcriptomics.‌ ‌Datasets‌ ‌with‌ ‌more‌‌                             
317 comprehensive‌ ‌quantification‌ ‌of‌ ‌ligand‌ ‌and‌ ‌receptor‌ ‌expression‌ ‌per‌ ‌cell‌ ‌may‌ ‌allow‌ ‌for‌ ‌further‌ ‌constraints‌ ‌on‌‌                             
318 edges‌‌based‌‌on‌‌the‌‌expression‌‌of‌‌specific‌‌ligand‌‌and‌‌receptor‌‌pairs‌‌in‌‌the‌‌participating‌‌nodes.‌‌Such‌‌constraints‌‌                                 
319 may‌ ‌further‌ ‌increase‌ ‌interpretability‌ ‌and‌ ‌improve‌ ‌discovery‌ ‌of‌‌cell‌‌communication‌‌events‌‌through‌‌linear‌‌model‌‌                           
320 interpretation‌ ‌and‌ ‌saliency-based‌ ‌analyses.‌ ‌Such‌ ‌constraints‌ ‌may‌ ‌further‌ ‌be‌ ‌derived‌ ‌through‌ ‌imputation‌ ‌of‌‌                         
321 relevant‌‌ligand‌‌and‌‌receptor‌‌genes‌‌in‌‌spatial‌‌assays‌‌using‌‌reference‌‌single-cell‌‌atlasses‌14‌.‌‌All‌‌models‌‌proposed‌‌                             
322 here‌‌are‌‌node-centric‌‌and‌‌embed‌‌a‌‌cell‌‌locally‌‌in‌‌the‌‌graph,‌‌instead‌‌of‌‌requiring‌‌the‌‌full‌‌graph.‌‌Therefore,‌‌NCEMs‌‌                                     
323 can‌‌be‌‌used‌‌equally‌‌well‌‌and‌‌efficiently‌‌on‌‌a‌‌few‌‌large‌‌images‌‌or‌‌on‌‌many‌‌small‌‌images,‌‌thereby‌‌increasing‌‌their‌‌                                       
324 relevance‌ ‌for‌ ‌a‌ ‌wider‌ ‌range‌ ‌of‌ ‌scenarios.‌‌ ‌  
325 ‌ 
326 The‌ ‌datasets‌ ‌modeled‌ ‌here‌ ‌are‌ ‌2D‌ ‌and‌ ‌do‌ ‌not‌‌contain‌‌information‌‌about‌‌cells‌‌that‌‌are‌‌also‌‌part‌‌of‌‌a‌‌receiver‌‌                                       
327 cell's‌‌3D‌‌neighborhood‌‌but‌‌are‌‌located‌‌in‌‌a‌‌different‌‌z-section;‌‌this‌‌limits‌‌the‌‌capacity‌‌of‌‌the‌‌models‌‌shown‌‌here‌‌                                     
328 to‌ ‌find‌ ‌communication‌ ‌events.‌ ‌One‌ ‌would‌ ‌expect‌ ‌NCEMs‌ ‌to‌ ‌be‌ ‌considerably‌ ‌stronger‌‌given‌‌3D‌‌data,‌‌and‌‌we‌‌                                 
329 expect‌ ‌such‌ ‌data‌ ‌to‌ ‌become‌ ‌available‌ ‌from‌ ‌serial‌ ‌slicing‌ ‌of‌ ‌tissues,‌ ‌for‌ ‌example.‌ ‌ 
330 ‌ 
331 Here,‌ ‌we‌ ‌considered‌ ‌graph‌ ‌convolutional‌ ‌networks‌ ‌with‌‌linear‌‌and‌‌indicator‌‌graph‌‌aggregator‌‌functions.‌‌Other‌‌                           
332 aggregators‌‌are‌‌used‌‌commonly‌‌to‌‌compute‌‌graph‌‌embeddings‌28‌ ‌and‌‌could‌‌also‌‌be‌‌used‌‌here.‌‌The‌‌complexity‌‌of‌‌                                 
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333 the‌‌graph‌‌neural‌‌network‌‌used‌‌in‌‌the‌‌NCEM‌‌defines‌‌the‌‌complexity‌‌of‌‌the‌‌motifs‌‌of‌‌cell‌‌communication‌‌that‌‌can‌‌                                     
334 be‌‌discovered.‌‌Linear‌‌NCEMs‌‌discover‌‌directional‌‌effects‌‌between‌‌pairs‌‌of‌‌cells.‌‌Higher‌‌order‌‌effects,‌‌that‌‌can‌‌be‌‌                                 
335 captured‌ ‌by‌ ‌deeper‌ ‌graph‌ ‌neural‌ ‌networks,‌ ‌include‌ ‌interactions‌ ‌between‌ ‌different‌‌communication‌‌events‌‌on‌‌a‌‌                           
336 target‌ ‌cell‌ ‌and‌ ‌conditional‌ ‌dependencies‌ ‌between‌ ‌communication‌ ‌events,‌ ‌such‌ ‌as‌ ‌in‌ ‌loops.‌ ‌NCEMs‌ ‌do‌ ‌not‌‌                             
337 require‌‌complex‌‌tissue‌‌phenotype‌‌labels,‌‌which‌‌are‌‌often‌‌unavailable.‌‌Effectively,‌‌the‌‌molecular‌‌vectors‌‌represent‌‌                           
338 a‌‌label‌‌on‌‌a‌‌mid-range‌‌length‌‌scale‌‌of‌‌the‌‌graph.‌‌One‌‌can‌‌also‌‌imagine‌‌extending‌‌the‌‌tissue‌‌representation‌‌with‌‌                                     
339 more‌‌global‌‌phenotype‌‌labels‌‌through‌‌additional‌‌supervision‌‌tasks.‌‌The‌‌coarseness‌‌of‌‌the‌‌input‌‌feature‌‌space‌‌is‌‌                               
340 an‌ ‌important‌ ‌hyperparameter‌ ‌for‌ ‌these‌ ‌graph‌ ‌models.‌ ‌Future‌ ‌work‌ ‌may‌ ‌address‌ ‌the‌ ‌choice‌ ‌of‌ ‌this‌‌                             
341 hyperparameter‌ ‌algorithmically.‌ ‌However,‌‌in‌‌many‌‌cases,‌‌there‌‌is‌‌strong‌‌prior‌‌knowledge‌‌on‌‌the‌‌assignment‌‌of‌‌                             
342 cell‌ ‌states‌ ‌to‌ ‌discrete‌ ‌cell-types.‌‌ ‌  
343 ‌ 
344 The‌‌cell–cell‌‌dependencies‌‌modeled‌‌based‌‌on‌‌spatial‌‌graphs‌‌are‌‌examples‌‌for‌‌observational‌‌dependencies‌‌that‌‌                           
345 violate‌ ‌the‌ ‌common‌ ‌assumption‌ ‌of‌‌statistical‌‌learning,‌‌namely,‌‌that‌‌single‌‌cells‌‌are‌‌independent‌‌and‌‌identically‌‌                             
346 distributed.‌ ‌We‌ ‌showed‌ ‌that‌ ‌this‌‌assumption‌‌could‌‌be‌‌sacrificed‌‌given‌‌strong‌‌inductive‌‌priors,‌‌here‌‌induced‌‌by‌‌                               
347 the‌ ‌spatial‌ ‌graphs,‌ ‌which‌ ‌constrains‌ ‌the‌ ‌modeled‌ ‌communication‌ ‌events‌ ‌from‌ ‌the‌ ‌set‌ ‌of‌ ‌all‌‌pairs‌‌of‌‌cells‌‌in‌‌a‌‌                                     
348 sample‌ ‌to‌ ‌the‌ ‌molecularly‌ ‌plausible‌ ‌ones.‌ ‌Future‌ ‌work‌ ‌could‌ ‌consider‌ ‌further‌ ‌inductive‌ ‌priors‌ ‌which‌ ‌are‌ ‌not‌‌                               
349 necessarily‌ ‌spatial.‌ ‌ ‌   
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350 Figures‌ 

351

‌ 
352 ‌ 
353 Figure‌‌1:‌‌Modeling‌‌cell‌‌communication‌‌as‌‌spatial‌‌cell‌‌state‌‌dependencies.‌‌‌(a)‌‌Spatial‌‌graphs‌‌of‌‌cells‌‌can‌‌be‌‌                                 
354 computed‌‌from‌‌spatial‌‌molecular‌‌profiling‌‌data.‌‌After‌‌segmentation‌‌of‌‌cells‌‌or‌‌nuclei,‌‌each‌‌cell‌‌is‌‌characterized‌‌by‌‌                                 
355 a‌‌vector‌‌of‌‌gene‌‌expression‌‌measurements‌‌which‌‌are‌‌coarse-grained‌‌in‌‌a‌‌clustering‌‌to‌‌categorical‌‌cell-types.‌‌A‌‌                               
356 graph‌ ‌can‌ ‌be‌ ‌assembled‌ ‌based‌‌on‌‌proximity‌‌of‌‌segments.‌‌‌resolution‌:‌‌radius‌‌of‌‌circle‌‌used‌‌to‌‌define‌‌niche.‌‌‌(b)‌‌                                   
357 Node-centric‌‌expression‌‌models‌‌(NCEMs)‌‌describe‌‌the‌‌gene‌‌expression‌‌of‌‌a‌‌cell‌‌(color‌‌of‌‌the‌‌node)‌‌as‌‌a‌‌function‌‌                                   
358 of‌‌its‌‌spatial‌‌neighborhood‌‌(niche).‌‌This‌‌function‌‌is‌‌a‌‌graph‌‌neural‌‌network‌‌and‌‌can‌‌be‌‌reduced‌‌to‌‌a‌‌linear‌‌model‌‌                                       
359 in‌‌the‌‌simplest‌‌case.‌‌This‌‌linear‌‌model‌‌contains‌‌directional‌‌effects‌‌from‌‌sender‌‌to‌‌receiver‌‌cell-types‌‌which‌‌can‌‌                                 
360 be‌‌summarised‌‌in‌‌an‌‌effect‌‌matrix‌‌between‌‌cell-types.‌‌‌Y‌:‌‌gene‌‌expression‌‌vector‌‌of‌‌a‌‌cell.‌‌‌(c)‌‌Proximity‌‌graphs‌‌in‌‌                                     
361 spatial‌‌transcriptomics‌‌data.‌‌Shown‌‌are‌‌a‌‌UMAP‌‌of‌‌molecular‌‌embedding‌‌of‌‌all‌‌cells‌‌in‌‌slide‌‌153‌‌(n‌‌=‌‌‌7439‌‌cells)‌‌                                       
362 with‌ ‌cell-type‌ ‌superimposed,‌ ‌followed‌ ‌by‌ ‌Slice‌ ‌153‌ ‌of‌ ‌mouse‌ ‌brain‌ ‌in‌ ‌the‌ ‌MERFISH‌ ‌–‌ ‌brain‌ ‌dataset‌ ‌with‌‌the‌‌                                   
363 spatial‌ ‌allocation‌ ‌of‌ ‌all‌ ‌cell-types‌ ‌superimposed,‌ ‌field‌ ‌of‌ ‌view‌ ‌number‌‌486‌‌of‌‌the‌‌same‌‌slice‌‌with‌‌poly(A)‌‌RNA‌‌                                   
364 channel‌‌superimposed‌‌at‌‌central‌‌z-plane‌‌(z‌‌=‌‌4.5‌‌µm),‌‌and‌‌the‌‌spatial‌‌proximity‌‌graph‌‌of‌‌the‌‌same‌‌field‌‌of‌‌view‌‌                                       
365 with‌ ‌a‌ ‌resolution‌ ‌of‌ ‌100‌ ‌µm.‌ ‌‌(d)‌ ‌Linear‌ ‌models‌ ‌capture‌ ‌neighborhood‌ ‌dependencies‌ ‌in‌ ‌spatially-resolved‌‌                           
366 single-cell‌ ‌data.‌ ‌Shown‌ ‌are‌ ‌the‌ ‌R‌2‌ ‌values‌ ‌between‌ ‌predicted‌ ‌expression‌ ‌vectors‌ ‌and‌ ‌observed‌ ‌expression‌‌                           
367 vectors‌‌for‌‌held-out‌‌test‌‌cells‌‌of‌‌linear‌‌models‌‌by‌‌resolution‌‌in‌‌μm‌‌with‌‌cross‌‌validation‌‌indicated‌‌as‌‌point‌‌shape‌‌                                     
368 and‌ ‌line‌ ‌style‌ ‌with‌ ‌relative‌ ‌outperformance‌ ‌of‌ ‌NCEM‌ ‌model‌ ‌versus‌ ‌baseline‌ ‌model‌ ‌in‌ ‌the‌ ‌MERFISH‌ ‌–‌ ‌brain‌‌                                 
369 dataset‌‌of‌‌1.77%,‌‌in‌‌the‌‌chip‌‌cytometry‌‌–‌‌colon‌‌dataset‌‌1.17%,‌‌in‌‌the‌‌MIBI-TOF‌‌–‌‌cancer‌‌dataset‌‌1.04‌‌%,‌‌in‌‌the‌‌                                         
370 MELC‌ ‌–‌ ‌tonsils‌ ‌dataset‌ ‌4.48%‌ ‌and‌ ‌in‌ ‌the‌ ‌CODEX‌ ‌–‌ ‌cancer‌ ‌dataset‌ ‌0.28%.‌ ‌‌Example‌ ‌cell‌‌radius‌‌(green‌‌line)‌:‌‌                                   
371 Example‌ ‌length‌ ‌scale‌ ‌of‌ ‌a‌ ‌cell,‌ ‌here‌ ‌chosen‌ ‌as‌ ‌10‌‌µm;‌‌‌baseline‌‌(blue‌‌dot)‌:‌‌a‌‌nonspatial‌‌linear‌‌model‌‌of‌‌gene‌‌                                       
372 expression‌‌per‌‌cell-type;‌‌‌NCEM‌:‌‌linear‌‌model‌‌with‌‌interaction‌‌effects;‌‌‌bracket‌‌(*)‌:‌‌significant‌‌difference‌‌in‌‌paired‌‌                             
373 t-test‌ ‌between‌ ‌baseline‌ ‌model‌ ‌and‌ ‌best‌ ‌spatial‌ ‌model‌ ‌(MERFISH‌ ‌–‌‌brain‌‌dataset‌‌p‌‌=‌‌0.030,‌‌chip‌‌cytometry‌‌–‌‌                                   
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374 colon‌ ‌dataset‌ ‌p‌ ‌=‌ ‌0.019,‌ ‌MIBI-TOF‌ ‌–‌ ‌cancer‌ ‌dataset‌‌p‌‌=‌‌0.018,‌‌MELC‌‌–‌‌tonsils‌‌dataset‌‌p‌‌=‌‌0.029,‌‌CODEX‌‌–‌‌                                         
375 cancer‌ ‌dataset‌ ‌p‌ ‌=‌ ‌0.026).‌‌ ‌  

376 ‌ 

377

‌ 
378 Figure‌‌2:‌‌Cell‌‌heterogeneity‌‌can‌‌be‌‌attributed‌‌to‌‌niche‌‌composition.‌‌‌(a)‌‌UMAPs‌‌of‌‌molecular‌‌embedding‌‌of‌‌                               
379 L2/3‌‌IT‌‌cells‌‌with‌‌molecular‌‌sub-clustering‌‌superimposed‌‌(colors‌‌as‌‌in‌‌b)‌.‌‌(b)‌‌Distribution‌‌of‌‌cell-wise‌‌difference‌‌of‌‌                                 
380 R‌2‌ ‌‌between‌‌NCEM‌‌and‌‌non-spatial‌‌baseline‌‌model‌‌by‌‌molecular‌‌sub-cluster‌‌(L2/3‌‌IT‌‌0:‌‌n‌‌=‌‌316,‌‌L2/3‌‌IT‌‌1:‌‌n‌‌=‌‌                                         
381 314,‌‌L2/3‌‌IT‌‌2:‌‌n‌‌=‌‌313,‌‌L2/3‌‌IT‌‌3:‌‌n‌‌=‌‌133,‌‌L2/3‌‌IT‌‌4:‌‌n‌‌=‌‌128).‌‌The‌‌centerline‌‌of‌‌the‌‌boxplots‌‌defines‌‌the‌‌mean‌‌                                                     
382 over‌‌all‌‌relative‌‌R‌2‌ ‌values,‌‌the‌‌height‌‌of‌‌the‌‌box‌‌is‌‌given‌‌by‌‌the‌‌interquartile‌‌range‌‌(IQR),‌‌the‌‌whiskers‌‌are‌‌given‌‌                                         
383 by‌‌1.5‌‌*‌‌IQR‌‌and‌‌outliers‌‌are‌‌given‌‌as‌‌points‌‌beyond‌‌the‌‌minimum‌‌or‌‌maximum‌‌whisker.‌‌‌(c)‌‌UMAPs‌‌of‌‌molecular‌‌                                       
384 embedding‌‌of‌‌all‌‌L2/3‌‌IT‌‌cells‌‌in‌‌an‌‌example‌‌image‌‌(n‌‌=‌‌1204‌‌cells)‌‌showing‌‌if‌‌a‌‌given‌‌cell-type‌‌is‌‌present‌‌in‌‌the‌‌                                             
385 neighborhood.‌‌The‌‌underlying‌‌neighborhoods‌‌were‌‌defined‌‌at‌‌the‌‌optimal‌‌resolution‌‌defined‌‌in‌‌Fig.‌‌1d‌‌(100‌‌µm).‌‌                               
386 (d)‌ ‌Heatmap‌ ‌of‌ ‌fold‌ ‌change‌ ‌versus‌ ‌false-discovery‌ ‌rate‌ ‌corrected‌ ‌p-values‌ ‌of‌ ‌cluster‌ ‌enrichment‌ ‌of‌ ‌binary‌‌                             
387 neighborhood‌ ‌labels,‌ ‌where‌ ‌fold‌ ‌changes‌ ‌are‌ ‌the‌ ‌ratio‌ ‌between‌ ‌the‌ ‌relative‌ ‌neighboring‌ ‌source‌ ‌cell-type‌‌                           
388 frequencies‌‌per‌‌subtype‌‌cluster‌‌and‌‌the‌‌overall‌‌source‌‌cell-type‌‌frequency‌‌in‌‌the‌‌image.‌‌‌(e)‌‌Spatial‌‌allocation‌‌of‌‌                                 
389 slice‌‌153‌‌of‌‌mouse‌‌brain‌‌in‌‌the‌‌MERFISH‌‌–‌‌brain‌‌dataset‌‌with‌‌L2/3‌‌IT‌‌sub-states‌‌superimposed,‌‌L2/3‌‌IT,‌‌L4/5‌‌IT,‌‌                                       
390 Sncg,‌‌and‌‌VLMC‌‌superimposed‌‌and‌‌superimposed‌‌the‌‌difference‌‌of‌‌R‌2‌ ‌‌between‌‌the‌‌NCEM‌‌at‌‌resolution‌‌of‌‌100‌‌                                 
391 µm‌ ‌and‌ ‌the‌ ‌best‌ ‌nonspatial‌ ‌baseline‌ ‌model.‌ ‌ 
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392

‌ 
393 Figure‌‌3:‌‌Nonlinear‌‌models‌‌of‌‌spatial‌‌dependencies‌‌of‌‌expression‌‌states.‌‌‌(a)‌‌A‌‌node-supervised‌‌model‌‌in‌‌                             
394 which‌ ‌the‌ ‌supervision‌ ‌label‌ ‌is‌ ‌the‌ ‌expression‌ ‌vector‌ ‌of‌ ‌a‌ ‌cell‌ ‌and‌ ‌the‌ ‌input‌ ‌consists‌ ‌of‌ ‌categorical‌ ‌cell-type‌‌                                   
395 assignments‌‌and‌‌a‌‌spatial‌‌neighborhood‌‌graph.‌‌This‌‌model‌‌can‌‌also‌‌be‌‌viewed‌‌as‌‌an‌‌encoder–decoder‌‌model.‌‌                               
396 The‌ ‌encoder‌ ‌performs‌ ‌a‌ ‌graph-based‌ ‌embedding‌ ‌of‌ ‌a‌ ‌single‌ ‌cell‌ ‌and‌ ‌the‌ ‌decoder‌ ‌translates‌ ‌a‌ ‌bottleneck‌‌                               
397 activation‌‌vector‌‌into‌‌an‌‌expression‌‌state.‌‌‌(b)‌‌Nonlinear‌‌spatial‌‌dependencies‌‌in‌‌single-cell‌‌datasets.‌‌Shown‌‌are‌‌                             
398 the‌ ‌R‌2‌ ‌values‌ ‌for‌ ‌held-out‌ ‌test‌ ‌data‌ ‌of‌ ‌encoder–decoder‌ ‌models‌ ‌by‌ ‌resolution‌ ‌in‌ ‌µm‌ ‌with‌ ‌cross‌ ‌validation‌‌                                 
399 indicated‌ ‌as‌ ‌point‌‌shape‌‌and‌‌line‌‌style‌‌and‌‌comparatively‌‌mean‌‌performance‌‌of‌‌linear‌‌model‌‌in‌‌Fig.‌‌1d.‌‌‌Linear‌‌                                   
400 (interaction)‌ ‌(gray‌ ‌line)‌:‌ ‌linear‌ ‌model‌ ‌with‌ ‌interaction‌ ‌effects;‌ ‌‌ED‌:‌ ‌encoder–decoder‌ ‌model;‌ ‌‌IND‌:‌ ‌the‌ ‌graph‌‌                           
401 convolution‌ ‌is‌ ‌an‌ ‌indicator‌ ‌function‌ ‌across‌ ‌cell-types‌ ‌in‌ ‌the‌ ‌neighborhood‌ ‌(yellow‌ ‌lines);‌ ‌‌GCN‌:‌ ‌the‌ ‌graph‌‌                             
402 convolution‌ ‌is‌ ‌a‌ ‌linear‌ ‌embedding‌ ‌(filter)‌ ‌of‌ ‌the‌‌cell-types‌‌in‌‌the‌‌neighborhood‌‌(teal‌‌lines);‌‌‌split‌‌(point‌‌shapes)‌:‌‌                                 
403 cross-validation‌ ‌split.‌ ‌‌(c)‌ ‌Heatmap‌ ‌of‌ ‌cumulative‌ ‌gradients‌ ‌(saliency)‌ ‌of‌ ‌gene‌ ‌expression‌‌prediction‌‌of‌‌L2/3‌‌IT‌‌                             
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404 with‌‌respect‌‌to‌‌the‌‌input‌‌cells,‌‌aggregated‌‌by‌‌the‌‌sender‌‌cell-type‌‌clusters,‌‌on‌‌test‌‌data.‌‌Shown‌‌is‌‌a‌‌cumulative‌‌                                     
405 gradient‌ ‌matrix‌ ‌of‌ ‌L2/3‌ ‌IT‌ ‌predictions‌ ‌by‌ ‌source‌ ‌cell-type‌ ‌and‌ ‌image.‌ ‌‌(d)‌ ‌‌Heatmap‌ ‌of‌ ‌cumulative‌ ‌gradients‌‌                               
406 (saliency)‌‌of‌‌gene‌‌expression‌‌prediction‌‌of‌‌CD8‌‌T‌‌cells‌‌with‌‌respect‌‌to‌‌the‌‌input‌‌cells,‌‌aggregated‌‌by‌‌the‌‌sender‌‌                                     
407 cell-type‌ ‌cluster,‌ ‌on‌ ‌the‌ ‌test‌ ‌data.‌ ‌Shown‌ ‌is‌ ‌a‌ ‌cumulative‌ ‌gradient‌ ‌matrix‌ ‌of‌ ‌CD8‌‌T‌‌cell‌‌predictions‌‌by‌‌source‌‌                                     
408 cell-type‌‌and‌‌image.‌‌The‌‌cumulative‌‌absolute‌‌gradients‌‌in‌‌‌(c,‌‌d)‌‌are‌‌derived‌‌from‌‌the‌‌absolute‌‌gradients‌‌tensor‌‌                                 
409 across‌ ‌each‌ ‌cell’s‌ ‌molecular‌ ‌vector‌ ‌prediction‌ ‌with‌ ‌respect‌ ‌to‌ ‌the‌ ‌cells‌ ‌in‌‌the‌‌neighborhood‌‌(source‌‌cells)‌‌per‌‌                                 
410 image‌ ‌(tensor‌ ‌shape:‌ ‌ ),‌ ‌by‌ ‌taking‌ ‌a‌ ‌sum‌ ‌across‌ ‌the‌ ‌molecular‌ ‌output‌ ‌features‌ ‌and‌ ‌by‌‌      enes  ells  mages  g × c × i                        

411 taking‌‌a‌‌sum‌‌across‌‌source‌‌cells‌‌of‌‌the‌‌same‌‌type‌‌(tensor‌‌shape:‌ ).‌‌For‌‌each‌‌box‌‌in‌‌‌(c,‌‌d)‌,‌‌                      ell ypes  mages  c − t × i              

412 the‌‌centerline‌‌defines‌‌the‌‌mean‌‌over‌‌all‌‌image-wise‌‌saliencies,‌‌the‌‌width‌‌of‌‌the‌‌box‌‌is‌‌given‌‌by‌‌the‌‌interquartile‌‌                                     
413 range‌ ‌(IQR),‌ ‌the‌ ‌whiskers‌ ‌are‌ ‌given‌ ‌by‌ ‌1.5‌ ‌*‌ ‌IQR‌ ‌and‌ ‌outliers‌ ‌are‌ ‌given‌ ‌as‌ ‌points‌ ‌beyond‌ ‌the‌ ‌minimum‌ ‌or‌‌                                       
414 maximum‌ ‌whisker.‌ ‌ 
415 ‌ 

416

‌ 
417 Figure‌‌4:‌‌Modelling‌‌intrinsic‌‌and‌‌extrinsic‌‌variation‌‌in‌‌deep‌‌latent‌‌variable‌‌models.‌‌‌(a)‌‌A‌‌node‌‌generative‌‌                               
418 network‌ ‌(CVAE–NCEM)‌ ‌is‌ ‌a‌ ‌conditional‌ ‌variational‌ ‌autoencoder‌ ‌in‌ ‌which‌‌the‌‌condition‌‌is‌‌not‌‌a‌‌constant‌‌but‌‌a‌‌                                 
419 graph‌‌embedding,‌‌which‌‌is‌‌also‌‌learned.‌‌‌(b)‌‌Latent‌‌variable‌‌models‌‌improve‌‌reconstructive‌‌performance.‌‌Shown‌‌                           
420 are‌‌the‌‌R‌2‌ ‌values‌‌of‌‌held-out‌‌test‌‌data‌‌based‌‌on‌‌the‌‌forward‌‌pass‌‌model‌‌evaluation‌‌from‌‌chip‌‌cytometry‌‌–‌‌colon‌‌                                       
421 data‌ ‌for‌ ‌linear‌ ‌models,‌ ‌encoder–decoder‌ ‌models,‌ ‌and‌‌variational‌‌autoencoders‌‌for‌‌both‌‌NCEM‌‌and‌‌nonspatial‌‌                           
422 models.‌ ‌‌baseline‌:‌ ‌a‌ ‌nonspatial‌ ‌linear‌ ‌model‌‌of‌‌gene‌‌expression‌‌per‌‌cell-type;‌‌‌NCEM‌‌interactions‌:‌‌linear‌‌model‌‌                             
423 with‌‌interaction‌‌effects;‌‌‌ED‌:‌‌encoder–decoder‌‌model;‌‌‌IND‌:‌‌the‌‌graph‌‌convolution‌‌is‌‌an‌‌indicator‌‌function‌‌across‌‌                             
424 cell-types‌‌in‌‌the‌‌neighborhood;‌‌‌GCN‌:‌‌the‌‌graph‌‌convolution‌‌is‌‌a‌‌linear‌‌embedding‌‌(filter)‌‌of‌‌the‌‌cell-types‌‌in‌‌the‌‌                                   
425 neighborhood.‌ ‌‌(c)‌ ‌Neighborhood‌ ‌transfer‌ ‌performance‌ ‌of‌‌NCEM‌‌and‌‌nonspatial‌‌models.‌‌Shown‌‌is‌‌the‌‌R‌2‌ ‌over‌‌                             
426 cells‌‌in‌‌the‌‌test‌‌set‌‌for‌‌models‌‌trained‌‌on‌‌predicting‌‌muscular‌‌cells‌‌and‌‌Lamina‌‌propria‌‌cells‌‌for‌‌both‌‌CVAE‌‌and‌‌                                       
427 CVAE–NCEMs‌ ‌trained‌ ‌on‌ ‌neighborhoods‌ ‌with‌ ‌different‌ ‌radii‌‌with‌‌optimization‌‌algorithm‌‌as‌‌color.‌‌‌Plain‌:‌‌normal‌‌                           
428 CVAE‌‌training;‌‌‌aggressive‌:‌‌aggressive‌‌encoder‌‌training.‌‌For‌‌each‌‌box‌‌in‌‌‌(b,‌‌c)‌,‌‌the‌‌centerline‌‌defines‌‌the‌‌mean‌‌                                 
429 over‌‌all‌‌three‌‌cross-validations,‌‌the‌‌height‌‌of‌‌the‌‌box‌‌is‌‌given‌‌by‌‌the‌‌interquartile‌‌range‌‌(IQR),‌‌the‌‌whiskers‌‌are‌‌                                     
430 given‌ ‌by‌ ‌1.5‌ ‌*‌ ‌IQR‌ ‌and‌ ‌outliers‌ ‌are‌ ‌given‌ ‌as‌ ‌points‌ ‌beyond‌ ‌the‌ ‌minimum‌ ‌or‌ ‌maximum‌ ‌whisker.‌ ‌‌(d–f)‌ ‌Latent‌‌                                     
431 variables‌‌of‌‌CVAE–NCEM‌‌are‌‌confounded‌‌with‌‌neighborhood‌‌conditions.‌‌‌(d)‌‌UMAP‌‌of‌‌molecular‌‌embedding‌‌in‌‌                           
432 the‌ ‌CVAE–NCEM‌ ‌IND‌ ‌latent‌ ‌space‌ ‌of‌ ‌muscular‌ ‌cells‌ ‌in‌ ‌an‌ ‌example‌ ‌image‌ ‌(n‌ ‌=‌ ‌1,149‌ ‌cells)‌ ‌with‌ ‌molecular‌‌                                   
433 sub-clustering‌ ‌superimposed‌ ‌(muscle‌ ‌0:‌ ‌n‌ ‌=‌ ‌315,‌ ‌muscle‌ ‌1:‌ ‌n‌ ‌=‌ ‌287,‌ ‌muscle‌ ‌2:‌ ‌n‌ ‌=‌ ‌238,‌‌muscle‌‌3:‌‌n‌‌=‌‌183,‌‌                                           
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434 muscle‌‌4:‌‌n‌‌=‌‌126)‌.‌‌‌(e)‌‌UMAPs‌‌of‌‌molecular‌‌embedding‌‌in‌‌the‌‌CVAE–NCEM‌‌IND‌‌latent‌‌space‌‌of‌‌all‌‌muscle‌‌cells‌‌                                       
435 in‌‌the‌‌same‌‌image‌‌with‌‌superimposed‌‌binary‌‌label‌‌of‌‌presence‌‌of‌‌a‌‌given‌‌cell-type,‌‌as‌‌defined‌‌in‌‌the‌‌title,‌‌in‌‌the‌‌                                         
436 neighborhood.‌‌The‌‌underlying‌‌neighborhoods‌‌were‌‌defined‌‌at‌‌a‌‌resolution‌‌of‌‌100‌‌µm.‌‌‌(f)‌‌Heatmap‌‌of‌‌fold‌‌change‌‌                                 
437 versus‌ ‌false-discovery‌ ‌corrected‌ ‌p-values‌ ‌of‌ ‌cluster‌ ‌enrichment‌ ‌of‌ ‌binary‌ ‌neighborhood‌ ‌labels‌ ‌where‌ ‌fold‌‌                         
438 changes‌‌are‌‌the‌‌ratio‌‌between‌‌the‌‌relative‌‌neighboring‌‌source‌‌cell-type‌‌frequencies‌‌per‌‌subtype‌‌cluster‌‌and‌‌the‌‌                               
439 overall‌ ‌source‌ ‌cell-type‌ ‌frequency‌ ‌in‌ ‌the‌ ‌image.‌ ‌ ‌   
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440 Online‌ ‌Methods‌ ‌ 

441 Data‌ ‌ 

442 MERFISH‌ ‌–‌ ‌brain:‌‌ ‌  

443 Zhang‌ ‌et‌ ‌al.‌12‌ ‌measured‌ ‌mouse‌ ‌primary‌ ‌motor‌ ‌cortex‌ ‌with‌ ‌multiplexed‌ ‌error-robust‌ ‌fluorescence‌ ‌in‌ ‌situ‌‌                           
444 hybridization‌ ‌(MERFISH)‌ ‌in‌ ‌634‌ ‌images‌ ‌across‌ ‌two‌ ‌mice‌ ‌with‌ ‌254‌ ‌genes‌ ‌observed‌ ‌in‌ ‌284,098‌ ‌cells.‌ ‌The‌‌                               
445 cell-types‌ ‌originally‌ ‌annotated‌ ‌by‌ ‌Zhang‌ ‌et‌ ‌al.,‌ ‌that‌ ‌are‌ ‌also‌ ‌used‌ ‌here,‌ ‌are‌ ‌astrocytes,‌ ‌endothelial,‌ ‌L2/3‌‌                               
446 intra-telencephalic‌ ‌(IT)‌ ‌neurons,‌ ‌L4/5‌ ‌IT,‌ ‌L5/6‌ ‌near-projecting‌ ‌(NP)‌ ‌neurons,‌ ‌L5‌ ‌IT,‌ ‌L5‌ ‌pyramidal‌ ‌tract‌ ‌(PT)‌‌                             
447 neurons,‌‌L6‌‌cortico-thalamic‌‌(CT)‌‌projection‌‌neurons,‌‌L6‌‌IT,‌‌L6‌‌IT‌‌Car3,‌‌L6b,‌‌Lamp5,‌‌microglia,‌‌oligodendrocyte‌‌                             
448 precursor‌ ‌cells‌ ‌(OPC),‌ ‌oligodendrocytes,‌ ‌perivascular‌ ‌macrophages‌ ‌(PVM),‌ ‌pericytes,‌ ‌Parvalbumin‌ ‌(Pvalb),‌‌                   
449 smooth‌ ‌muscle‌ ‌cells‌ ‌(SMC),‌ ‌Sncg,‌ ‌somatostatin‌ ‌(Sst),‌ ‌Sst‌ ‌Chodl,‌ ‌vascular‌ ‌leptomeningeal‌ ‌cells‌ ‌(VLMC),‌‌                         
450 Vasoactive‌‌intestinal‌‌polypeptide‌‌(Vip),‌‌and‌‌other‌‌cells‌‌are‌‌annotated,‌‌where‌‌L‌‌identifies‌‌the‌‌layer‌‌(L1–L6)‌‌of‌‌the‌‌                                 
451 distinctive‌‌laminar‌‌structure‌‌based‌‌on‌‌cytoarchitectural‌‌features‌‌(Supp.‌‌Fig.‌‌1a).‌‌Pvalb,‌‌Sst,‌‌Vip,‌‌Sncg‌‌and‌‌Lamp5‌‌                               
452 define‌‌five‌‌subclasses‌‌of‌‌GABAergic‌‌cells.‌‌We‌‌removed‌‌cells‌‌labeled‌‌as‌‌“‌other”‌‌from‌‌the‌‌dataset.‌‌The‌‌gene-wise‌‌                                 
453 mean-variance‌‌relationship‌‌does‌‌not‌‌indicate‌‌count‌‌noise‌‌(Supp.‌‌Fig.‌‌13a).‌‌As‌‌domain‌‌information,‌‌we‌‌used‌‌an‌‌                               
454 identifier‌‌for‌‌the‌‌respective‌‌mouse.‌‌The‌‌dataset‌‌has‌‌a‌‌lateral‌‌resolution‌‌of‌‌109‌‌nm‌‌per‌‌pixel.‌‌Zhang‌‌et‌‌al.‌‌used‌‌a‌‌                                         
455 seeded‌ ‌watershed‌ ‌algorithm‌ ‌to‌ ‌identify‌ ‌cell‌ ‌segmentation‌ ‌boundaries‌ ‌in‌ ‌each‌ ‌image.‌ ‌They‌ ‌performed‌‌                         
456 graph-based‌ ‌Louvain‌ ‌community‌ ‌detection‌19‌ ‌with‌ ‌the‌ ‌first‌ ‌35‌ ‌principal‌ ‌components‌ ‌using‌ ‌Scanpy‌17‌ ‌for‌ ‌k‌ ‌=‌‌10‌‌                               
457 neighbors‌ ‌for‌ ‌cell-type‌ ‌clustering.‌ ‌ 

458 chip‌ ‌cytometry‌ ‌–‌ ‌colon:‌‌ ‌  
459 Jarosch‌‌et‌‌al.‌‌measured‌‌an‌‌inflamed‌‌colon‌‌with‌‌chip‌‌cytometry‌‌in‌‌two‌‌images‌‌across‌‌one‌‌patient‌‌with‌‌19‌‌genes‌‌                                     
460 observed‌ ‌in‌ ‌11,321‌ ‌cells.‌ ‌The‌ ‌cell-types‌ ‌originally‌‌annotated‌‌by‌‌Jarosch‌‌et‌‌al.,‌‌which‌‌are‌‌modeled‌‌here,‌‌are‌‌B‌‌                                   
461 cells,‌‌CD4‌‌T‌‌cells,‌‌CD8‌‌T‌‌cells,‌‌GATA3+‌‌epithelial,‌‌Ki67‌‌high‌‌epithelial,‌‌Ki67‌‌low‌‌epithelial,‌‌lamina‌‌propria‌‌cells,‌‌                                   
462 macrophages,‌ ‌monocytes,‌ ‌PD-L1+‌ ‌cells,‌‌intraepithelial‌‌lymphocytes,‌‌muscular‌‌cells‌‌and‌‌other‌‌lymphocytes‌‌are‌‌                       
463 annotated‌‌(Supp.‌‌Fig.‌‌1a).‌‌We‌‌coarsened‌‌the‌‌cell-type‌‌annotation‌‌by‌‌combining‌‌Ki67‌‌high‌‌epithelial‌‌and‌‌Ki67‌‌low‌‌                                 
464 epithelial‌ ‌to‌ ‌a‌ ‌joined‌ ‌annotation‌ ‌of‌ ‌Ki67‌ ‌epithelial.‌ ‌The‌ ‌gene-wise‌ ‌mean-variance‌ ‌relationship‌ ‌indicates‌ ‌count‌‌                           
465 noise‌ ‌(Supp.‌ ‌Fig.‌ ‌13b).‌ ‌Therefore,‌ ‌we‌ ‌log-transformed‌ ‌gene‌ ‌expression‌ ‌values.‌ ‌Jarosch‌ ‌et‌ ‌al.‌ ‌performed‌‌                           
466 thresholding,‌ ‌watershed‌ ‌algorithm‌ ‌and‌ ‌additionally‌ ‌implemented‌ ‌a‌ ‌cell-type-specific‌ ‌segmentation‌ ‌method‌ ‌to‌‌                     
467 segment‌ ‌individual‌ ‌cells.‌ ‌Intensity‌ ‌values‌ ‌were‌ ‌corrected‌ ‌for‌ ‌spatial‌ ‌spillover‌ ‌prior‌ ‌to‌ ‌quantification.‌‌Cell-types‌‌                           
468 were‌ ‌clustered‌ ‌using‌ ‌the‌ ‌Leiden‌ ‌clustering‌18‌‌ ‌of‌ ‌the‌ ‌neighborhood-graph.‌ ‌ 

469 MIBI‌ ‌TOF‌ ‌–‌ ‌cancer:‌‌ ‌  

470 Hartmann‌‌et‌‌al.‌8‌ ‌measured‌‌colorectal‌‌carcinoma‌‌and‌‌healthy‌‌adjacent‌‌tissue‌‌with‌‌multiplexed‌‌ion‌‌beam‌‌imaging‌‌                             
471 by‌ ‌time-of-flight‌ ‌(MIBI-TOF)‌ ‌in‌ ‌58‌ ‌images‌ ‌across‌ ‌four‌ ‌individuals‌‌with‌‌36‌‌genes‌‌observed‌‌in‌‌63,747‌‌cells.‌‌The‌‌                                 
472 cell-types‌‌originally‌‌annotated‌‌by‌‌Hartmann‌‌et‌‌al.,‌‌which‌‌are‌‌modeled‌‌here,‌‌are‌‌endothelial,‌‌epithelial,‌‌fibroblast,‌‌                             
473 CD11c‌‌myeloid,‌‌CD68‌‌myeloid,‌‌CD4‌‌T‌‌cells,‌‌CD8‌‌T‌‌cells‌‌and‌‌other‌‌immune‌‌cells‌‌are‌‌annotated‌‌(Supp.‌‌Fig.‌‌1a).‌‌                                     
474 A‌‌coarser‌‌cell-type‌‌labeling‌‌was‌‌not‌‌applied‌‌to‌‌this‌‌dataset.‌‌‌The‌‌cohort‌‌in‌‌this‌‌dataset‌‌includes‌‌two‌‌patients‌‌with‌‌                                     
475 colorectal‌‌carcinoma‌‌and‌‌two‌‌healthy‌‌controls.‌‌The‌‌images‌‌have‌‌a‌‌size‌‌of‌‌‌400‌‌µm‌2‌ ‌and‌‌‌1,024‌‌×‌‌1,024‌‌pixels‌.‌‌The‌‌                                       
476 gene-wise‌ ‌mean-variance‌ ‌relationship‌ ‌does‌ ‌not‌ ‌indicate‌ ‌count‌ ‌noise‌ ‌(Supp.‌ ‌Fig.‌ ‌13b).‌ ‌We‌ ‌scaled‌ ‌the‌ ‌model‌‌                             
477 outputs‌‌by‌‌cell-wise‌‌size‌‌factors.‌‌Hartmann‌‌et‌‌al.‌‌trained‌‌a‌‌convolutional‌‌neural‌‌network.‌‌They‌‌fed‌‌the‌‌output‌‌into‌‌                                   
478 the‌‌watershed‌‌algorithm‌‌to‌‌segment‌‌individual‌‌cells‌‌and‌‌cell-types‌‌were‌‌clustered‌‌using‌‌the‌‌FlowSOM‌‌R‌‌package‌‌                               
479 and‌ ‌manually‌ ‌annotated‌ ‌based‌ ‌on‌ ‌their‌ ‌lineage‌ ‌marker‌ ‌profiles.‌ ‌ 

480 MELC‌ ‌–‌ ‌tonsils:‌‌ ‌  

481 Pascual-Reguant‌ ‌et‌ ‌al.‌7‌ ‌measured‌ ‌tonsils‌ ‌from‌ ‌patients‌ ‌undergoing‌ ‌tonsillectomy‌ ‌with‌ ‌multi-epitope‌ ‌ligand‌‌                       
482 cartography‌ ‌(MELC),‌ ‌an‌ ‌immunohistochemistry‌ ‌approach,‌ ‌in‌ ‌one‌ ‌image‌ ‌across‌ ‌one‌ ‌patient,‌ ‌with‌ ‌51‌ ‌genes‌‌                           
483 observed‌‌in‌‌9,512‌‌cells.‌‌The‌‌cell-types‌‌originally‌‌annotated‌‌by‌‌Pascual-Reguan‌‌et‌‌al.,‌‌which‌‌are‌‌modeled‌‌here,‌‌                               
484 are‌‌B‌‌cells,‌‌endothelial‌‌cells,‌‌ILC,‌‌monocytes/macrophages/DC,‌‌NK‌‌cells,‌‌plasma‌‌cells,‌‌T‌‌cytotoxic‌‌cells,‌‌T‌‌helper‌‌                               
485 cells‌ ‌and‌ ‌other‌‌cells‌‌are‌‌annotated‌‌(Supp.‌‌Fig.‌‌1a).‌‌We‌‌removed‌‌cells‌‌labeled‌‌as‌‌“‌other”‌‌from‌‌the‌‌dataset.‌‌The‌‌                                     
486 gene-wise‌ ‌mean-variance‌ ‌relationship‌ ‌does‌ ‌not‌ ‌indicate‌ ‌count‌ ‌noise‌ ‌(Supp.‌ ‌Fig.‌ ‌13d).‌‌Pascual-Reguant‌‌et‌‌al.‌‌                           
487 performed‌‌segmentation‌‌by‌‌applying‌‌a‌‌signal-classification‌‌step‌‌using‌‌Ilastik‌‌1.3.2‌‌and‌‌an‌‌object-recognition‌‌step‌‌                           
488 using‌ ‌CellProfiler‌ ‌3.1.8,‌ ‌which‌ ‌were‌ ‌analyzed‌ ‌and‌ ‌clustered‌ ‌in‌ ‌Orange‌ ‌3.26.0.‌ ‌ 
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489 CODEX‌ ‌–‌ ‌cancer:‌‌ ‌  

490 Schürch‌ ‌et‌ ‌al.‌13‌ ‌measured‌ ‌advanced-stage‌ ‌colorectal‌ ‌cancer‌ ‌with‌ ‌co-detection‌ ‌by‌ ‌indexing‌ ‌(CODEX)‌ ‌in‌ ‌140‌‌                           
491 images‌‌across‌‌35‌‌patients‌‌with‌‌57‌‌genes‌‌observed‌‌in‌‌272,266‌‌cells.‌‌The‌‌cell-types‌‌originally‌‌annotated‌‌by‌‌Zhang‌‌                                 
492 et‌ ‌al.,‌ ‌which‌ ‌are‌ ‌modeled‌ ‌here,‌ ‌are‌ ‌B‌ ‌cells,‌ ‌CD11b+‌ ‌monocytes,‌ ‌CD11c+‌ ‌dendritic‌ ‌cells,‌ ‌CD11b+CD68+‌‌                             
493 macrophages,‌ ‌CD163+‌ ‌macrophages,‌ ‌CD68+‌ ‌macrophages,‌ ‌CD68+‌ ‌macrophages‌ ‌GzmB+,‌ ‌CD68+CD163+‌‌                 
494 macrophages,‌ ‌CD3+‌ ‌T‌‌cells,‌‌CD4+‌‌T‌‌cells,‌‌CD4+‌‌T‌‌cells‌‌CD45RO+,‌‌CD4+‌‌T‌‌cells‌‌GATA3+,‌‌CD8+‌‌T‌‌cells,‌‌NK‌‌                                     
495 cells,‌ ‌T‌ ‌regs,‌ ‌adipocytes,‌ ‌dirt,‌ ‌granulocytes,‌ ‌immune‌ ‌cells,‌ ‌immune‌ ‌cells‌ ‌/‌ ‌vasculature,‌ ‌lymphatics,‌ ‌nerves,‌‌                           
496 plasma‌ ‌cells,‌ ‌smooth‌ ‌muscle,‌ ‌stroma,‌ ‌tumor‌ ‌cells,‌ ‌tumor‌ ‌cells‌ ‌/‌ ‌immune‌ ‌cells‌ ‌and‌ ‌vasculature‌ ‌are‌‌annotated‌‌                               
497 (Supp.‌‌Fig.‌‌1a).‌‌Cells‌‌with‌‌an‌‌annotation‌‌of‌‌dirt‌‌or‌‌an‌‌undefined‌‌label‌‌were‌‌removed‌‌from‌‌the‌‌dataset.‌‌A‌‌coarser‌‌                                       
498 cell-type‌‌grouping‌‌was‌‌applied‌‌to‌‌the‌‌macrophage‌‌groups‌‌CD11b+CD68+‌‌macrophages,‌‌CD163+‌‌macrophages,‌‌                       
499 CD68+‌ ‌macrophages,‌ ‌CD68+‌ ‌macrophages‌ ‌GzmB+‌ ‌and‌ ‌CD68+CD163+‌ ‌macrophages.‌ ‌Additionally,‌ ‌CD4+‌ ‌T‌‌                     
500 cells,‌ ‌CD4+‌ ‌T‌ ‌cells‌ ‌CD45RO+‌ ‌and‌ ‌CD4+‌ ‌T‌ ‌cells‌ ‌GATA3+‌ ‌were‌ ‌grouped‌ ‌into‌ ‌CD4+‌ ‌T‌ ‌cells.‌ ‌The‌ ‌gene-wise‌‌                                   
501 mean-variance‌ ‌relationship‌ ‌indicates‌ ‌count‌ ‌noise‌ ‌(Supp.‌‌Fig.‌‌13e).‌‌Therefore,‌‌we‌‌scaled‌‌model‌‌outputs‌‌by‌‌the‌‌                             
502 node‌ ‌size‌‌in‌‌the‌‌respective‌‌output‌‌layer‌‌of‌‌each‌‌model‌‌class.‌‌Schürch‌‌et‌‌al.‌‌performed‌‌segmentation‌‌using‌‌the‌‌                                   
503 CODEX‌ ‌toolkit‌ ‌segmenter‌ ‌and‌ ‌unsupervised‌ ‌cell-type‌ ‌clustering‌ ‌using‌ ‌X-shift.‌ ‌ 
504 ‌ 

505 ‌ 
506 Table‌‌1:‌‌Overview‌‌of‌‌datasets‌‌analyzed‌‌in‌‌this‌‌study.‌‌Shown‌‌are‌‌the‌‌spatial‌‌molecular‌‌profiling‌‌chemistry,‌‌the‌‌                                 
507 domain‌ ‌effect‌ ‌accounted‌ ‌for‌ ‌via‌ ‌batch‌ ‌covariates,‌ ‌the‌ ‌data‌ ‌transform‌ ‌used‌ ‌on‌ ‌the‌ ‌expression‌ ‌vectors,‌ ‌the‌‌                               
508 inclusion‌‌of‌‌cell‌‌size‌‌factors,‌‌the‌‌number‌‌of‌‌images‌‌given‌‌to‌‌the‌‌models‌‌during‌‌each‌‌update‌‌(batch‌‌size)‌‌and‌‌the‌‌                                       
509 number‌ ‌of‌ ‌nodes‌ ‌evaluated‌ ‌per‌ ‌image‌ ‌per‌ ‌batch‌ ‌(n).‌‌ ‌  

510 Models‌ 

511 The‌ ‌inputs‌ ‌to‌ ‌NCEMs‌ ‌are‌ ‌a‌ ‌gene‌ ‌expression‌ ‌matrix‌ ‌ where‌‌ ‌is‌‌the‌‌number‌‌of‌‌cells‌‌and‌‌ ‌is‌‌the‌‌                  ,  Y ∈ RN×J     N               J      

512 number‌ ‌of‌ ‌genes‌ ‌with‌ ‌ being‌ ‌the‌‌gene‌‌expression‌‌vector‌‌for‌‌gene‌‌ ,‌‌a‌‌matrix‌‌of‌‌observed‌‌cell-types‌‌        yi               , ..,i = 1 . J            

513 ‌where‌ ‌ ‌is‌ ‌the‌ ‌number‌ ‌of‌ ‌distinct‌ ‌cell-type‌ ‌labels‌ ‌and‌ ‌ is‌ ‌a‌‌matrix‌‌specifying‌‌the‌‌batch‌‌   X l ∈ R
N×L     L                      Xc ∈ RN×C            

514 assignments,‌ ‌with‌ ‌ ‌being‌ ‌the‌ ‌number‌ ‌of‌ ‌distinct‌ ‌batches‌ ‌or‌ ‌domains,‌ ‌such‌ ‌as‌ ‌images‌ ‌or‌ ‌patients,‌ ‌in‌ ‌the‌‌    C                                

515 dataset.‌‌We‌‌denote‌‌the‌‌adjacency‌‌matrix‌‌of‌‌connected‌‌cells‌‌as‌‌ which‌‌is‌‌calculated‌‌based‌‌on‌‌the‌‌spatial‌‌                     A ∈ RN×N              

516 proximity‌ ‌of‌ ‌cells‌ ‌per‌ ‌image.‌ ‌For‌ ‌linear‌ ‌models‌ ‌and‌ ‌models‌ ‌with‌ ‌an‌ ‌indicator‌ ‌aggregator,‌ ‌a‌ ‌binary‌ ‌adjacency‌‌                                 
517 matrix‌‌is‌‌used‌‌with‌‌ if‌‌ where‌‌ ‌describes‌‌the‌‌euclidean‌‌distance‌‌between‌‌nodes‌‌ ‌        aij = 1   (x , x )   d i   j ≤ δmax   (·,·)  d               ,  i j ∈ N  

518 and‌ ‌ the‌ ‌maximal‌ ‌distance‌ ‌between‌ ‌interacting‌ ‌nodes‌ ‌(neighborhood‌ ‌size),‌ ‌and‌ ‌ ‌otherwise.‌ ‌For‌‌   is δmax                   0aij =        

519 models‌ ‌using‌ ‌a‌ ‌GCN‌ ‌as‌ ‌graph‌ ‌layer,‌ ‌we‌ ‌normalize‌ ‌ ‌such‌‌that‌‌all‌‌rows‌‌sum‌‌to‌‌one,‌‌so‌‌ where‌‌ is‌‌the‌‌                  A                   A  D−1   D    

520 diagonal‌‌node‌‌degree‌‌matrix.‌‌The‌‌output‌‌of‌‌NCEMs‌‌is‌‌ ,‌‌a‌‌reconstruction‌‌of‌‌the‌‌input‌‌count‌‌matrix‌‌ ,‌‌                   Y
︿
∈ RN×J                Y  

521 with‌ ‌ being‌ ‌the‌ ‌reconstructed‌ ‌expression‌ ‌for‌ ‌gene‌ ‌ .‌ ‌For‌ ‌MIBI-TOF‌ ‌-‌ ‌cancer,‌ ‌MELC‌ ‌-‌ ‌tonsils‌ ‌and‌‌  y︿i             , ..,i = 1 . J                  

522 CODEX‌‌-‌‌cancer,‌‌we‌‌applied‌‌size‌‌factor‌‌scaling‌‌to‌‌the‌‌network‌‌output‌‌ .‌‌Let‌‌ be‌‌the‌‌global‌‌mean‌‌per‌‌                       Y
︿

   μ = 1
N ∑

N

i
∑
J

j
yij          

523 node,‌ ‌then‌ ‌size‌ ‌factors‌ ‌are‌ ‌given‌ ‌by‌ ‌ The‌ ‌network‌ ‌output‌ ‌scaling‌ ‌is‌ ‌then‌ ‌given‌ ‌by‌ ‌ ‌μ    .sf k =   / ∑
J

j
yj,k ∈ R

N
f .  Y

︿
= Y
︿
· s   

524 ‌ 
525 Loss‌‌functions:‌‌‌According‌‌to‌‌the‌‌noise‌‌structure‌‌of‌‌the‌‌datasets‌‌explored‌‌in‌‌this‌‌paper‌‌(Supp.‌‌Fig.‌‌13)‌‌we‌‌use‌‌a‌‌                                       
526 Gaussian‌ ‌log-likelihood‌ ‌loss‌ ‌as‌ ‌an‌ ‌optimization‌ ‌objective‌ ‌for‌ ‌GLM‌ ‌and‌ ‌ED‌ ‌models‌ ‌with‌‌                         

527 ,‌ ‌where‌ ‌ ‌is‌ ‌the‌‌predicted‌‌standard‌‌deviation‌‌for‌‌a‌‌gene‌‌ .‌‌The‌‌loss‌‌(log( )  )llN = 1
N ∑

N

i=1
√2π · σi +  

σ i
2

(y −y )i
︿

i     σi                   , ..,i = 1 . N      

528 function‌ ‌of‌ ‌CVAE‌ ‌models‌‌is‌‌the‌‌negative‌‌log-likelihood‌‌regularized‌‌by‌‌the‌‌Kullback-Leibler‌‌divergence‌‌between‌‌                           

‌ 

dataset‌ ‌/‌‌ ‌  
first‌ ‌author‌ ‌  technology‌ ‌  domain‌ ‌  transform‌ ‌  node‌ ‌size‌‌ 

scaling‌ ‌  batch‌ ‌size‌ ‌  n‌ ‌ 

Zhang‌ ‌  MERFISH‌ ‌  patient‌  -‌ ‌  False‌ ‌  64‌ ‌  10‌ ‌ 

Jarosch‌ ‌  Chip‌ ‌Cytometry‌ ‌  patient‌  log(x+1)‌ ‌  False‌ ‌  2‌ ‌  100‌ ‌ 

Hartmann‌ ‌  MIBI-TOF‌ ‌  image‌ ‌  -‌ ‌  True‌ ‌  58‌ ‌  10‌ ‌ 

Pascual-Reguant‌  MELC‌ ‌  patient‌  -‌ ‌  True‌ ‌  1‌ ‌  200‌ ‌ 

Schürch‌ ‌  CODEX‌ ‌  patient‌  log(x+1)‌ ‌  True‌ ‌  140‌ ‌  10‌ ‌ 
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529 the‌ ‌encoder‌ ‌distribution‌ ‌ ‌and‌ ‌the‌ ‌distribution‌ ‌of‌ ‌the‌ ‌latent‌ ‌space‌ ‌ ,‌ ‌so‌‌      (z|Y )qϕ                 (z)p    

530 ‌For‌ ‌chip‌ ‌cytometry‌‌–‌‌colon‌‌and‌‌CODEX‌‌–‌‌cancer‌‌we‌‌therefore‌‌  ll   KL[q (z|Y ) || p(z)].  lCV AE =   −   N +   ϕ                         og(Y )l + 1

531 transformed‌ ‌the‌ ‌gene‌ ‌expression‌ ‌data.‌‌ ‌  
532 ‌ 
533 Optimization:‌‌‌For‌‌each‌‌dataset,‌‌we‌‌ran‌‌grid‌‌searches‌‌to‌‌find‌‌the‌‌optimal‌‌set‌‌of‌‌hyperparameters.‌‌As‌‌batch‌‌size‌‌                                   
534 we‌‌choose‌‌the‌‌number‌‌of‌‌images‌‌per‌‌dataset.‌‌The‌‌number‌‌of‌‌nodes‌‌evaluated‌‌per‌‌image‌‌per‌‌batch‌‌was‌‌selected‌‌                                     
535 to‌ ‌ensure‌ ‌convergence‌ ‌and‌ ‌stabilize‌ ‌training.‌ ‌All‌ ‌models‌ ‌were‌ ‌trained‌ ‌with‌ ‌the‌ ‌Adam‌ ‌optimizer‌ ‌algorithm‌‌                             
536 implemented‌‌in‌‌tensorflow.‌‌Linear‌‌models‌‌were‌‌trained‌‌with‌‌a‌‌ ,‌‌the‌‌remaining‌‌models‌‌were‌‌trained‌‌for‌‌a‌‌                  r .5l = 0                

537 varying‌‌learning‌‌rate‌‌of‌‌ .‌‌Additionally,‌‌we‌‌used‌‌a‌‌learning‌‌scheduler‌‌on‌‌the‌‌validation‌‌loss‌‌        rl = {0.5, 0.05, 0.005}                         

538 with‌ ‌a‌ ‌patience‌ ‌of‌ ‌20‌ ‌epochs‌ ‌which‌ ‌reduces‌ ‌the‌ ‌learning‌ ‌rate‌ ‌by‌ ‌a‌‌factor‌‌of‌‌0.5,‌‌so‌‌ ‌and‌‌early‌‌                                  r  0.5  lrnew = l *        

539 stopping‌ ‌with‌ ‌a‌ ‌patience‌ ‌of‌ ‌100‌ ‌epochs.‌‌The‌‌exact‌‌description‌‌of‌‌all‌‌grid‌‌searches‌‌in‌‌code‌‌are‌‌supplied‌‌in‌‌the‌‌                                       
540 benchmarking‌ ‌repository‌ ‌(Code‌ ‌Availability).‌‌ ‌  
541 ‌ 
542 Linear‌‌NCEM:‌ ‌‌The‌‌NCEM‌‌includes‌‌two‌‌linear‌‌regression‌‌models.‌‌The‌‌nonspatial‌‌baseline‌‌linear‌‌model‌‌infers‌‌a‌‌                               

543 reconstruction‌‌ from‌‌a‌‌nodes‌‌cell-type‌‌and‌‌respective‌‌domain‌‌information‌‌via‌‌ ,‌‌where‌‌ is‌‌the‌‌design‌‌ Y
︿

                  X βY
︿
=   D    XD      

544 matrix‌ ‌and‌ ‌ are‌ ‌the‌ ‌parameters‌ ‌learned‌ ‌by‌ ‌the‌ ‌model.‌ ‌The‌ ‌design‌ ‌matrix‌ ‌for‌ ‌nonspatial‌ ‌baseline‌‌       β ∈ R(L+C)×N                          

545 models‌ ‌is‌ ‌given‌ ‌by‌ The‌ ‌spatial‌ ‌counterpart‌ ‌model,‌ ‌the‌ ‌NCEM,‌ ‌has‌ ‌access‌ ‌to‌ ‌an‌‌        X , X )  .  XD = ( l   c ∈ RN×(L+C)                    

546 interaction‌ ‌matrix.‌ ‌First,‌ ‌we‌ ‌compute‌ ‌discrete‌ ‌target‌ ‌cell‌ ‌interactions‌ ‌with‌ ‌ ,‌‌where‌‌                     XT = 1(A·X  > 0)l
∈ [0, ]1 N×L     1(·)

547 represents‌ ‌an‌ ‌indicator‌ ‌function.‌ ‌To‌ ‌generate‌ ‌a‌ ‌matrix‌ ‌representation‌ ‌of‌ ‌target-source‌ ‌cell‌ ‌interactions,‌ ‌we‌‌                           
548 compute‌ ‌the‌ ‌interaction‌ ‌between‌ ‌each‌ ‌column‌ ‌of‌ ‌ ‌and‌ ‌each‌ ‌column‌ ‌ via‌ ‌the‌ ‌point-wise‌ ‌product.The‌‌              X l         XT        

549 resulting‌ ‌interaction‌ ‌matrix‌ ‌is‌ ‌then‌‌denoted‌‌as‌‌ ‌and‌‌the‌‌design‌‌matrix‌‌for‌‌the‌‌linear‌‌model‌‌with‌‌               XTS ∈ {0, }1 N×L2                    

550 interaction‌ ‌terms‌ ‌is‌ ‌given‌ ‌by‌ ‌ .‌ ‌Equivalently,‌ ‌the‌ ‌model‌ ‌infers‌ ‌ ‌where‌‌          X , X , X )   XD = ( l   TS   c ∈ R
N×(L+L +C)2

          X βY
︿
=   D    

551 and‌‌additionally‌‌the‌‌gene‌‌variance‌‌per‌‌node‌‌which‌‌is‌‌inferred‌‌in‌‌the‌‌last‌‌layer‌‌of‌‌the‌‌linear‌‌model.‌‌ β ∈ R(L+L +C)×N2
                                   

552 We‌‌also‌‌considered‌‌an‌‌NCEM‌‌without‌‌interaction‌‌terms‌‌which‌‌does‌‌not‌‌have‌‌receiver-specific‌‌sender‌‌effects,‌‌but‌‌                               
553 only‌ ‌global‌ ‌sender‌ ‌effects‌ ‌which‌ ‌account‌ ‌for‌ ‌the‌ ‌presence‌ ‌of‌ ‌senders‌ ‌in‌ ‌the‌ ‌niche‌ ‌via‌ ‌ :‌‌                               XS ∈ {0, }1 N×L   

554 .‌ ‌Coefficient‌ ‌significance‌ ‌is‌ ‌computed‌ ‌with‌ ‌Wald‌ ‌hypothesis‌ ‌testing‌ ‌with‌ ‌a‌‌X , X , X )   XD = ( l   S   c ∈ R
N×(L+L +C) 

                     

555 significance‌ ‌threshold‌ ‌of‌ ‌  ‌on‌ ‌the‌ ‌parameters‌ ‌learned‌ ‌by‌ ‌the‌ ‌model‌ ‌for‌ ‌the‌ ‌interaction‌ ‌matrix‌ ‌ .‌‌ ‌.01τ = 0 XTS   

556 ‌ 
557 Nonlinear‌ ‌encoder–decoder‌ ‌NCEM‌ ‌(ED-NCEM):‌ ‌The‌ ‌NCEM‌ ‌includes‌ ‌nonlinear‌ ‌encoder–decoder‌ ‌models‌‌that‌‌                     
558 encode‌ ‌the‌ ‌neighborhood‌ ‌through‌ ‌a‌ ‌graph‌ ‌neural‌ ‌network‌ ‌(ED-NCEM)‌ ‌and‌ ‌decode‌ ‌expression‌ ‌vectors.‌ ‌The‌‌                           
559 nonspatial‌ ‌null‌ ‌model‌ ‌is‌ ‌a‌ ‌nonlinear‌ ‌model‌ ‌(ED)‌ ‌that‌ ‌predicts‌ ‌expression‌ ‌from‌ ‌cell-type‌ ‌and‌ ‌graph-level‌‌                             
560 predictors,‌ ‌alone.‌ ‌An‌ ‌encoder‌ ‌‌is‌ ‌given‌ ‌by‌ ‌ ),‌ ‌which‌ ‌encodes‌ ‌the‌ ‌cell-type‌‌labels‌‌ ,‌‌              q (z | X , g(A, ), Xf enc :   ϕ l   X l   c             X l  

561 some‌‌graph-level‌‌predictors‌‌ ‌and‌‌the‌‌local‌‌graph‌‌embedding‌‌ ,‌‌based‌‌on‌‌the‌‌adjacency‌‌matrix‌‌ ,‌‌into‌‌a‌‌     Xc             (A, )g X l            A      

562 latent‌‌state‌‌ .‌‌The‌‌latent‌‌state‌‌is‌‌input‌‌to‌‌the‌‌decoder‌‌and‌‌given‌‌by‌‌ .‌‌If‌‌ ‌is‌‌    z                         p (Y  | z, X , g(A, ), X )f dec :   θ

︿
  l   X l   c     (A, )g X l    

563 and‌‌indicator‌‌embedding‌‌function‌‌as‌‌described‌‌in‌‌the‌‌section‌‌“Linear‌‌NCEM”,‌‌then‌‌ ‌and‌‌the‌‌input‌‌to‌‌                        (A, )g X l = XTS          

564 the‌‌linear‌‌model‌‌and‌‌the‌‌encoder‌‌are‌‌the‌‌same.‌‌If‌‌then‌‌also‌‌all‌‌hidden‌‌layers‌‌are‌‌removed‌‌from‌‌the‌‌ED-NCEM,‌‌a‌‌                                         
565 single‌ ‌linear‌ ‌transformation‌‌of‌‌the‌‌input‌‌remains‌‌which‌‌is‌‌equivalent‌‌to‌‌the‌‌linear‌‌NCEM.‌‌Alternatively,‌‌ ‌                              (A, X )g   l  
566 can‌ ‌be‌ ‌a‌ ‌graph‌ ‌embedding‌ ‌learned‌ ‌by‌‌a‌‌graph-convolutional‌‌network‌‌(GCN)‌10,11‌.‌‌A‌‌one-layer‌‌GCN‌‌is‌‌given‌‌by‌‌                                 
567 ‌where‌ ‌ is‌ ‌an‌ ‌input-to-graph-embedding‌ ‌weight‌ ‌matrix‌ ‌with‌ ‌ being‌‌(A, X )  sof tmax(ReLU (AX W ))g   l =   l      W ∈ RL×H             H  

568 the‌‌dimension‌‌of‌‌the‌‌learned‌‌graph‌‌representation‌‌and‌‌ being‌‌the‌‌normalized‌‌adjacency‌‌matrix.‌‌In‌‌this‌‌case,‌‌               A                W

569 can‌ ‌be‌ ‌learned‌ ‌using‌ ‌gradient‌ ‌descent.‌ ‌ 
570 ‌ 
571 Conditional‌‌variational‌‌autoencoder‌‌NCEM‌‌(CVAE–NCEM):‌‌‌A‌‌variational‌‌autoencoder‌29‌ ‌learns‌‌a‌‌distribution‌‌over‌‌                       
572 node‌‌states‌‌ ‌through‌‌a‌‌variational‌‌posterior‌‌over‌‌a‌‌latent‌‌space‌‌representation‌‌ ‌which‌‌yields‌‌a‌‌reconstruction‌    Y                     z          

573 ‌of‌ ‌ ‌via‌ ‌a‌ ‌likelihood‌ ‌function‌ ‌(the‌ ‌decoder).‌ ‌The‌ ‌nonspatial‌ ‌CVAE‌ ‌null‌ ‌model‌ ‌contains‌ ‌the‌ ‌cell-type‌ ‌and‌‌Y
︿

    Y                                

574 graph-level‌ ‌predictors‌ ‌as‌ ‌a‌ ‌condition‌ ‌in‌ ‌the‌ ‌variational‌ ‌posterior‌ ‌and‌ ‌the‌ ‌likelihood.‌ ‌In‌ ‌CVAE–NCEM,‌ ‌the‌‌                             
575 conditions‌‌are‌‌the‌‌cell-type‌‌labels‌‌ ,‌‌some‌‌graph-level‌‌predictors‌‌ ‌and‌‌the‌‌local‌‌graph‌‌embedding‌‌ ,‌‌          X l         Xc             (A, )g X l  

‌ 
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576 based‌ ‌on‌ ‌the‌ ‌adjacency‌ ‌matrix‌ ‌ .‌ ‌The‌‌encoder‌‌is‌‌then‌‌given‌‌by‌‌ ‌and‌‌the‌‌          A               (z | Y , , g(A, ), X )f   qenc
NG−CV AE :   ϕ  X l   X l   c      

577 decoder‌ ‌is‌ ‌defined‌‌by‌‌ .‌‌A‌‌CVAE–NCEM‌‌for‌‌a‌‌full‌‌dataset‌‌depends‌‌on‌‌both‌‌        (Y  | z, X , g(A, ), X )  f   pdec
NG−CV AE :   θ

︿
  l   X l   c                    

578 the‌ ‌spatial‌ ‌context‌ ‌and‌ ‌the‌ ‌type‌ ‌of‌ ‌the‌ ‌cell‌ ‌itself.‌ ‌This‌ ‌setting‌ ‌presents‌ ‌the‌ ‌challenge‌ ‌of‌ ‌encountering‌ ‌a‌‌                                   
579 non-identifiability‌‌between‌‌variance‌‌attributed‌‌to‌‌latent‌‌variables,‌‌cell-type‌‌conditions,‌‌and‌‌neighborhood‌‌context.‌‌                       
580 In‌ ‌this‌ ‌study,‌ ‌we‌ ‌consider‌ ‌the‌ ‌CVAE–NCEM‌ ‌trained‌ ‌on‌ ‌the‌ ‌molecular‌ ‌vectors‌ ‌of‌‌a‌‌single‌‌target‌‌cell-type‌‌as‌‌a‌‌                                     
581 function‌ ‌of‌ ‌the‌ ‌full‌‌neighborhood‌‌context‌‌to‌‌remove‌‌the‌‌non-identifiability‌‌with‌‌respect‌‌to‌‌cell-type‌‌variation‌‌and‌‌                               
582 focus‌ ‌on‌ ‌the‌ ‌non-identifiability‌ ‌between‌ ‌latent‌ ‌variables‌ ‌and‌ ‌neighborhoods.‌‌ ‌  

583 Normalized‌ ‌saliency‌ ‌maps‌ ‌ 

584 Saliency‌ ‌maps‌ ‌are‌ ‌used‌ ‌to‌ ‌differentiate‌ ‌the‌ ‌importance‌ ‌of‌ ‌features‌ ‌in‌ ‌the‌ ‌network‌ ‌input‌ ‌to‌ ‌analyze‌ ‌their‌‌                                 
585 importance‌ ‌for‌ ‌the‌ ‌network‌ ‌output‌ ‌for‌ ‌nonlinear‌ ‌models.‌ ‌In‌ ‌our‌ ‌case,‌ ‌saliency‌ ‌maps‌ ‌are‌ ‌aggregated‌ ‌at‌ ‌the‌‌                                 
586 cell-type‌‌level‌‌to‌‌extract‌‌communication‌‌events‌‌learned‌‌by‌‌the‌‌model,‌‌so‌‌ ‌with‌‌ ‌being‌‌the‌‌number‌‌                      ALS   S ∈ RL x L    L        

587 of‌‌distinct‌‌cell-types‌‌in‌‌the‌‌model.‌‌Non-normalized‌‌saliencies‌‌will‌ ‌show‌‌a‌‌pattern‌‌similar‌‌to‌‌the‌‌contact‌‌frequency‌‌                                 
588 matrix‌ ‌ ‌as‌‌cell-types‌‌with‌‌frequent‌‌connections‌‌will‌ ‌skew‌‌the‌‌learned‌‌importance‌‌of‌‌cell‌‌connections.‌‌   M ∈ RL x L                             

589 We‌ ‌therefore‌ ‌normalize‌ ‌the‌ ‌saliencies‌ ‌by‌ ‌the‌ ‌absolute‌ ‌frequency‌ ‌of‌ ‌cell–cell‌ ‌connections,‌ ‌that‌ ‌is‌‌                           
590 for‌ ‌ with‌ ‌ .‌ ‌SALS  SALSnorm = 1

xij *
  ij ∈ R

L x L   xij ∈ M , j  , ..., Li   = 1      

591 Model‌ ‌evaluation‌ ‌ 

592 Overall‌‌model‌‌performance‌‌evaluation‌‌is‌‌based‌‌on‌‌the‌‌coefficient‌‌of‌‌determination‌‌ with‌‌                      1R2 =   −
(y −y)∑

N

i=1
i

2

∑
N

i=1
(y −y )i i

︿ 2

∈ 0,[ 1]  

593 being‌ ‌the‌ ‌mean‌ ‌over‌ ‌gene‌‌expression‌‌values.‌‌Best‌‌performing‌‌models‌‌are‌‌selected‌‌based‌‌on‌‌highest‌‌ for‌‌ y                               R2  

594 the‌‌validation‌‌dataset.‌‌These‌‌metrics‌‌are‌‌based‌‌on‌‌model‌‌predictions,‌‌which‌‌derive‌‌from‌‌a‌‌forward‌‌pass‌‌through‌‌                                 
595 the‌‌model.‌‌The‌‌performance‌‌of‌‌CVAEs‌‌is‌‌additionally‌‌assessed‌‌in‌‌style‌‌transfer‌‌tasks.‌‌In‌‌style‌‌transfer,‌‌the‌‌gene‌‌                                   
596 expression‌‌state‌‌and‌‌neighborhood‌‌of‌‌a‌‌reference‌‌node‌‌from‌‌the‌‌source‌‌domain‌‌is‌‌encoded‌‌to‌‌estimate‌‌the‌‌latent‌‌                                   
597 states‌ ‌of‌ ‌this‌‌node.‌‌This‌‌latent‌‌representation‌‌is‌‌then‌‌decoded‌‌to‌‌the‌‌target‌‌domain,‌‌which‌‌implies‌‌conditioning‌‌                                 
598 the‌ ‌decoding‌ ‌on‌ ‌the‌ ‌target‌ ‌neighborhood:‌ ‌ 
599 ‌(z | Y , , g(A, ), ) (1)zi  ~ qϕ

i
  X

i
l   X  

l X i
c  

600 ‌ ‌   p (z , X , g(A, ), X ) (2)Y
 
j
︿

=   θ
i
    l

j   X l   j
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601 where‌ i‌,‌ ‌‌j‌ ‌are‌ ‌cell‌ ‌indices,‌‌ is‌‌the‌‌variational‌‌posterior‌‌and‌‌ is‌‌the‌‌decoder‌‌network.‌‌See‌‌also‌‌“‌Conditional‌‌             qϕ            pθ              
602 variational‌ ‌autoencoder‌ ‌NCEM‌ ‌(CVAE–NCEM)‌”‌ ‌for‌ ‌details‌ ‌on‌ ‌the‌ ‌notation.‌ ‌ 

603 Ligand–receptor‌ ‌association‌ ‌analysis‌ ‌ 

604 For‌ ‌ligand–receptor‌ ‌permutation‌ ‌tests‌ ‌we‌ ‌used‌ ‌the‌ ‌CellphoneDB‌3‌ ‌implementation‌ ‌in‌ ‌Squidpy‌15‌.‌ ‌For‌ ‌the‌ ‌chip‌‌                           
605 cytometry‌‌–‌‌colon,‌‌MIBI‌‌TOF‌‌–‌‌cancer‌8‌,‌‌MELC‌‌–‌‌tonsils‌7‌,‌‌and‌‌CODEX‌‌–‌‌cancer‌13‌ ‌datasets,‌‌node‌‌feature‌‌names‌‌                                   
606 are‌ ‌mapped‌ ‌to‌ ‌HGNC‌ ‌gene‌ ‌names.‌ ‌After‌ ‌the‌ ‌mapping,‌ ‌we‌ ‌used‌ ‌the‌ ‌ligand–receptor‌ ‌interaction‌ ‌pairs‌ ‌of‌ ‌the‌‌                                 
607 Omnipath‌‌database‌30‌ ‌in‌‌Squidpy‌21‌ ‌and‌‌ran‌‌the‌‌permutation‌‌test‌‌for‌‌n‌‌=‌‌1,000‌‌permutations.‌‌For‌‌three‌‌datasets,‌‌                                 
608 we‌ ‌used‌ ‌a‌ ‌random‌ ‌subsample‌‌of‌‌all‌‌cells‌‌(MERFISH‌‌–‌‌brain‌12‌ ‌10%‌‌with‌‌n‌‌=‌‌27,655,‌‌MIBI‌‌TOF‌‌–‌‌cancer‌8‌ ‌40%‌‌                                         
609 with‌ ‌n‌ ‌=‌ ‌25,498‌ ‌and‌‌CODEX‌‌–‌‌cancer‌13‌ ‌10%‌‌with‌‌n‌‌=‌‌25,186).‌‌Results‌‌are‌‌visualized‌‌with‌‌Squidpy‌21‌ ‌with‌‌only‌‌                                       
610 p-values‌ ‌below‌ ‌a‌ ‌threshold‌ ‌of‌ ‌0.3‌ ‌shown.‌ ‌ 

611 Variance‌ ‌attribution‌ ‌analysis‌ ‌ 

612 We‌ ‌used‌ ‌Uniform‌ ‌Manifold‌ ‌Approximation‌ ‌and‌ ‌Projection‌31‌ ‌(UMAP)‌ ‌to‌ ‌embed‌ ‌the‌ ‌cells‌ ‌in‌ ‌two‌ ‌dimensions‌‌for‌‌                               
613 visualization‌‌of‌‌high-dimensional‌‌data.‌‌For‌‌the‌‌UMAPs‌‌of‌‌the‌‌MERFISH‌‌–‌‌brain‌‌data‌12‌ ‌matrix‌‌(Fig.‌‌1c‌‌and‌‌Supp.‌‌                                   
614 Fig.‌‌5b)‌‌we‌‌performed‌‌dimensionality‌‌reduction‌‌using‌‌PCA‌‌with‌‌the‌‌first‌‌35‌‌principal‌‌components‌‌(PCs)‌‌and‌‌the‌‌                                 
615 nearest‌‌neighborhood‌‌size‌‌of‌‌k‌‌=‌‌10.‌‌A‌‌similar‌‌approach‌‌was‌‌described‌‌by‌‌Zhang‌‌et‌‌al.‌‌to‌‌identify‌‌stable‌‌clusters‌‌                                       
616 for‌‌subsequent‌‌cell-type‌‌annotation.‌‌For‌‌the‌‌UMAPs‌‌of‌‌L2/3‌‌IT‌‌neurons‌‌in‌‌slice‌‌153‌‌(Fig.‌‌2)‌‌and‌‌slice‌‌162‌‌(Supp.‌‌                                       
617 Fig‌ ‌5b)‌ ‌of‌ ‌the‌ ‌MERFISH‌ ‌-‌ ‌brain‌ ‌dataset,‌ ‌we‌ ‌used‌ ‌the‌ ‌first‌ ‌40‌ ‌PCs‌ ‌with‌ ‌k‌ ‌=‌ ‌40‌ ‌and‌ ‌performed‌ ‌graph-based‌                                         
618 Louvain‌‌community‌‌detection‌19‌ ‌using‌‌Scanpy‌17‌ ‌to‌‌define‌‌stable‌‌L2/3‌‌IT‌‌substates.‌‌For‌‌the‌‌UMAPs‌‌of‌‌CD8‌‌T‌‌cells‌‌                                   
619 in‌ ‌area‌ ‌1‌ ‌in‌ ‌the‌ ‌chip‌ ‌cytometry‌ ‌dataset‌ ‌(Supp.‌ ‌Fig.‌ ‌8),‌ ‌we‌ ‌used‌ ‌the‌ ‌input‌ ‌matrix‌ ‌directly‌ ‌and‌ ‌k‌‌=‌‌22.‌‌For‌‌the‌‌                                             
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620 UMAPs‌‌of‌‌CD8‌‌T‌‌cells‌‌in‌‌image‌‌1,‌‌5,‌‌8‌‌and‌‌16‌‌of‌‌the‌‌MIBI-TOF‌‌-‌‌cancer‌‌dataset‌‌(Supp.‌‌Fig.‌‌9),‌‌we‌‌used‌‌the‌‌input‌‌                                                 
621 matrix‌‌directly‌‌and‌‌k=60.‌‌Clustering‌‌of‌‌the‌‌latent‌‌space‌‌in‌‌CVAE‌‌and‌‌CVAE–NCEM‌‌IND‌‌models‌‌(Fig.‌‌4d,‌‌Supp.‌‌                                   
622 Fig.‌‌11c)‌‌was‌‌performed‌‌using‌‌the‌‌latent‌‌space‌‌matrix‌‌directly‌‌and‌‌k‌‌=‌‌80‌‌for‌‌the‌‌MERFISH‌‌-‌‌brain‌‌dataset‌‌and‌‌k‌‌                                           
623 =‌ ‌250‌ ‌for‌ ‌the‌ ‌chip‌ ‌cytometry‌ ‌-‌ ‌colon‌ ‌dataset.‌ ‌ 
624 ‌ 
625 For‌ ‌cluster‌ ‌enrichment‌ ‌analysis,‌‌we‌‌performed‌‌Fisher’s‌‌exact‌‌test.‌‌Each‌‌contingency‌‌table‌‌is‌‌composed‌‌of‌‌two‌‌                               
626 categorical‌ ‌variables.‌ ‌The‌ ‌first‌ ‌variable‌ ‌is‌ ‌the‌ ‌number‌ ‌of‌ ‌cells‌ ‌in‌ ‌one‌ ‌specific‌ ‌L2/3‌ ‌IT‌ ‌substate‌ ‌versus‌ ‌the‌‌                                   
627 remaining‌ ‌L2/3‌ ‌IT‌ ‌substates.‌ ‌The‌ ‌second‌ ‌variable‌‌is‌‌the‌‌number‌‌of‌‌cells‌‌with‌‌a‌‌respective‌‌source‌‌type‌‌in‌‌their‌‌                                     
628 neighborhood‌ ‌and‌ ‌those‌ ‌cells‌ ‌where‌ ‌this‌ ‌source‌ ‌type‌ ‌is‌ ‌not‌ ‌present‌ ‌in‌ ‌the‌ ‌neighborhood.‌ ‌We‌ ‌performed‌‌                               
629 Benjamini‌‌and‌‌Hochberg‌‌false‌‌discovery‌‌rate‌‌correction‌‌(FDR)‌‌of‌‌cluster‌‌enrichment‌‌p-values.‌‌A‌‌similar‌‌approach‌‌                             
630 was‌ ‌used‌ ‌for‌ ‌the‌ ‌cluster‌ ‌enrichment‌ ‌analysis‌ ‌of‌‌CD8‌‌T‌‌cells‌‌in‌‌the‌‌chip‌‌cytometry‌‌-‌‌colon‌‌and‌‌the‌‌MIBI-TOF‌‌-‌‌                                         
631 cancer‌ ‌datasets.‌ ‌ 
632 ‌ 
633 For‌ ‌comparison‌ ‌of‌ ‌the‌ ‌source‌ ‌cell-type‌ ‌rankings‌ ‌of‌ ‌contact‌ ‌frequencies,‌ ‌ligand–receptor‌ ‌analysis‌ ‌and‌ ‌cluster‌‌                           
634 enrichment‌ ‌analysis‌ ‌of‌ ‌L2/3‌ ‌IT‌ ‌cells,‌ ‌we‌ ‌performed‌ ‌Kendall’s‌ ‌tau‌ ‌correlation‌ ‌analysis‌ ‌and‌ ‌computed‌ ‌the‌ ‌tau‌‌                               
635 statistic‌ ‌and‌ ‌the‌ ‌two-sided‌‌p-value.‌‌Contact‌‌frequencies‌‌are‌‌ranked‌‌by‌‌source‌‌type‌‌frequencies‌‌(row‌‌L2/3‌‌IT‌‌of‌‌                                 
636 Supp.‌ ‌Fig.‌ ‌6).‌ ‌For‌ ‌ligand–receptor‌ ‌analyses,‌ ‌source‌ ‌cell-types‌ ‌are‌ ‌ranked‌ ‌based‌ ‌on‌ ‌the‌‌number‌‌of‌‌significant‌‌                               
637 p-values‌ ‌below‌‌a‌‌threshold‌‌of‌‌0.05‌‌for‌‌this‌‌L2/3‌‌IT‌‌interaction.‌‌For‌‌the‌‌cluster‌‌enrichment‌‌analysis‌‌we‌‌used‌‌the‌‌                                     
638 ranking‌ ‌shown‌ ‌in‌ ‌Fig.‌ ‌2d.‌ ‌ 

639 Variance‌ ‌decomposition‌ ‌into‌ ‌inter-‌ ‌and‌ ‌intra-cell-type‌ ‌variance‌ ‌ 

640 The‌ ‌variance‌ ‌of‌ ‌a‌ ‌single-cell‌ ‌resolved‌ ‌dataset‌ ‌can‌ ‌be‌ ‌decomposed‌ ‌into‌‌inter-cell-type‌‌variance,‌‌intra-cell-type‌‌                           
641 variance,‌ ‌and‌ ‌gene‌ ‌variance.‌ ‌The‌ ‌gene‌ ‌variance‌ ‌is‌ ‌independent‌ ‌of‌ ‌cell-type‌ ‌definitions‌ ‌and‌ ‌can‌ ‌therefore‌ ‌be‌‌                               
642 considered‌ ‌separately‌ ‌from‌ ‌relative‌ ‌intra-‌ ‌and‌ ‌inter-cell-type‌ ‌variance.‌ ‌ 

643

‌ 

644 where‌‌x‌i‌ ‌is‌‌the‌‌expression‌‌vector‌‌of‌‌cell‌‌‌i‌,‌‌ ‌is‌‌the‌‌vector‌‌of‌‌gene-wise‌‌means‌‌of‌‌the‌‌dataset,‌‌ ‌is‌‌the‌‌vector‌‌of‌‌                  xg                     xgk
           

645 gene-wise‌‌means‌‌of‌‌the‌‌cells‌‌in‌‌cell-type‌‌‌k‌,‌‌‌k(i)‌‌is‌‌the‌‌cell-type‌‌of‌‌cell‌‌‌i‌,‌‌and‌‌ ‌is‌‌the‌‌scalar‌‌gene-‌‌and‌‌cell-wise‌‌                                x              

646 mean‌ ‌of‌ ‌the‌ ‌dataset.‌ ‌ 

647 Data‌ ‌Availability‌ ‌ 

648 The‌ ‌MERFISH‌ ‌–‌ ‌brain‌12‌,‌ ‌MIBI‌ ‌TOF‌ ‌–‌ ‌cancer‌8‌,‌ ‌MELC‌ ‌–‌ ‌tonsils‌7‌ ‌and‌ ‌CODEX‌ ‌–‌ ‌cancer‌13‌ ‌datasets‌‌are‌‌publicly‌‌                                   
649 available‌ ‌(Online‌ ‌Methods).‌ ‌The‌ ‌chip‌ ‌cytometry‌ ‌–‌ ‌colon‌ ‌dataset‌ ‌has‌ ‌been‌ ‌generated‌‌by‌‌the‌‌Busch‌‌lab‌‌and‌‌is‌‌                                   
650 currently‌ ‌under‌ ‌review,‌ ‌and‌ ‌has‌ ‌kindly‌ ‌been‌ ‌provided‌ ‌to‌ ‌us.‌ ‌ 

651 Code‌ ‌Availability‌ ‌ 

652 All‌ ‌models‌ ‌described‌ ‌here‌‌are‌‌implemented‌‌in‌‌a‌‌Python‌‌package‌‌available‌‌at‌‌‌https://github.com/theislab/ncem‌.‌‌                         
653 All‌‌benchmarking‌‌and‌‌analysis‌‌codes‌‌are‌‌provided‌‌at‌‌‌https://github.com/theislab/ncem_benchmarks‌.‌‌Tutorials‌‌for‌‌                     
654 model‌ ‌usage‌ ‌are‌ ‌available‌ ‌from‌ ‌‌https://github.com/theislab/ncem_tutorials‌.‌ ‌ 

655 Author‌ ‌Contributions‌ ‌ 

656 DSF‌‌and‌‌FJT‌‌conceived‌‌the‌‌project.‌‌DSF‌‌and‌‌ACS‌‌performed‌‌the‌‌analysis‌‌and‌‌wrote‌‌the‌‌code.‌‌DSF,‌‌ACS‌‌and‌‌                                     
657 FJT‌ ‌wrote‌ ‌the‌ ‌manuscript.‌ ‌ 
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