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Abstract

Proteins that interact together participate in the same cellular process and influence the same
organismal traits. Despite the progress in mapping protein-protein interactions we lack
knowledge of how they differ between tissues. Due to coordinated (post)transcriptional control,
protein complex members have highly correlated abundances that are predictive of functional
association. Here, we have compiled 7873 proteomic samples measuring protein levels in 11
human tissues and use these to define an atlas with tissue-specific protein associations. This
method recapitulates known protein complexes and the larger structural organization of the cell.
Interactions of stable protein complexes are well preserved across tissues, while signaling and
metabolic interactions show larger variation. Further, we find that less than 18% of differences
between tissues are estimated to be due to differences in gene expression while cell-type
specific cellular structures, such as synaptic components, represent a significant driver of
differences between tissues. We further supported the brain protein association network through
co-fractionation experiments in synaptosomes, curation of brain derived pull-down data and
AlphaFold2 models. Together these results illustrate how this brain specific protein interaction
network can functionally prioritize candidate genes within loci linked to brain disorders.
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INTRODUCTION

Protein-protein interactions mediate the biophysical structure and functioning of the cell, with
disruptions potentially leading to disease. Unraveling the universe of interactions for human
proteins has been a long-standing challenge [1], with recent advances in mass spectrometry
coupled with high-throughput screens such as protein-fragment complementation [2], yeast
two-hybrid (Y2H) [3], affinity-purification (AP-MS) [4,5], or co-fractionation (CF-MS) [6-8]
enabling the discovery of interactions on a proteome-wide scale. These experimental datasets
are complemented by modern computational approaches that compile collections of interactions
using machine learning-based methods often trained with experimental evidence [1]. Together,
these experimental and computational efforts are the basis for a myriad of publicly available,
high-quality protein interaction databases [1,9—11].

However, these databases typically aggregate interactions without specifying context, while the
interactome is highly tissue or cell-state specific with less than half of the proteome being
detected in all tissues [12]. Elucidating the tissue-specificity of protein interactions is important
for understanding cell-type specific function, finding drug targets, and developing a systems
level understanding of the human cell. Indeed, specifying tissue-specificity of the interactome
has proven difficult. Initial attempts to generate tissue specific interaction networks have relied
on gene expression data to identify co-expressed genes or to exclude proteins based on the
lack of expression in a given tissue [13,14]. However, the accuracy of predicting protein
associations by mRNA co-expression is limited and it is unclear to what extent gene expression
is the major driver of changes in protein interactions [15-18]. While there are some recent
experimental efforts for establishing tissue-specific interactions on a proteome-wide scale [4,6],
such works require extensive resources even for a single tissue and often use immortalized cell
lines or other models whose interactome may not appropriately represent the human tissue.
One approach has used changes in ratios for complex subunits from proteomic measurements
to establish changes in protein interactions in a disease state [19]. An alternative approach is to
use the co-abundance of proteins for the purpose of establishing protein associations
[6,17,20,21]. Co-abundance has been shown to be an accurate measure for predicting
protein-protein associations likely due to the fact that protein complexes consist of subunits
assembled in defined stoichiometries that are often co-expressed and with orphaned subunits
often being degraded [15,22-25]. The accuracy of co-abundance for predicting protein
association and a rising number of large-scale proteomics studies of human cancers — with
genetic heterogeneity underlying diverse cellular changes — offer a timely opportunity to
systematically establish the tissue-specificity of protein associations.

Here, we present a protein association atlas derived from the co-abundance of proteins in 7,840
human biopsies, scoring the likelihood of 114 million protein associations across 11 tissues. This
atlas recovers well-known protein complexes, maps relationships between and across traits and
cellular components, and proposes context-relevant associations for disease genes. Focusing
on the brain and using interactions derived from orthogonal approaches, we illustrate the use of
our association atlas for prioritizing genes and interactions related to disease in a tissue-specific
manner.
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RESULTS

Protein co-abundance for scoring protein associations on a genome-wide scale.

We started by collecting protein abundance data from proteomics studies of cohorts of cancer
patients. In total, we compiled a dataset of 50 studies across 14 human tissues, encompassing
5,696 samples of tumors and 2,177 samples of adjacent healthy tissue (Fig. 1a - Table S1)
[26—75]. We further included the mRNA expression data paired to the proteomics for 2,930 of
the tumor and 733 of the healthy samples. Following previous studies, we used the fact that
protein complex members are strongly transcriptionally and post-transcriptionally co-regulated to
compute probabilities of protein-protein associations from the abundance data (Fig. 1b -
Methods; Fig. S1) [5,17,20]. In short, we pre-processed the abundance data to obtain a
log-transformed and median-normalized abundance across patients. For each study, we then
computed a co-abundance estimate of a protein pair as the Pearson correlation when both
proteins were quantified in at least 30 samples (Fig. S2). Finally, we converted the
co-abundance estimates to association probabilities using a logistic model and curated stable
protein complexes as positives (CORUM [76]).

To test the ability of the association probabilities to recover known complex members, we
computed ROC curves for probabilities derived from protein co-abundance, mRNA
co-expression and protein co-fractionation [6,7,77] (Fig. 1c; Fig. S3). We found that protein
co-abundance (AUC ~0.80 + 0.01) outperformed correlation of protein co-fractionation data
(AUC ~0.69 £ 0.02) and mRNA co-expression (0.68 £ 0.01) for recovering known interactions
(Fig. 1d - Methods). In addition, the combination of mMRNA and protein abundance data did not
significantly improve the recovery of known complex members (Fig. 1e - AUC ~0.81 + 0.01,
p-value = 0.47; two-sided t-test). We therefore chose to use only protein co-abundance for
computing association probabilities, since we don’t observe an improvement and only half of all
cohorts had paired mRNA expression data available. Additionally, we found similar AUCs when
regressing gene expression out of the protein abundance prior to computing protein
co-abundance estimates (~0.78 + 0.01, p-value = 0.35), suggesting that post-transcriptional
processes — not regulation of gene expression — drive most of the predictive power for protein
associations.

Having established that the association probabilities derived from protein co-abundance data
recover known interactions of protein complex members, we sought to test whether replicate
studies of the same tissue yielded association probabilities that were representative for each
tissue. Using the 1,256,313 association probabilities that were quantified for all studies, we
found that the replicate cohorts from the same tissue generally clustered together (Fig. 1f — e.g.,
blood, brain, liver, and lung). Next, we selected the associations that were tissue-specific -
associations whose average probability exceeded the 95-th percentile for a given tissue and
whose average probability remained below 0.5 across all other tissues. Through a hold-one-out
methodology, we found that the tissue-specific associations are primarily recovered by cohorts
of the same tissue of origin (AUCs 0.69 + 0.01) compared to cohorts from different tissues (0.55
+ 0.00 - p-values below 1e-3 for all tissues except the stomach and throat; one sided t-test) (Fig.
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1g — Methods; Fig. S4). These observations suggest that the tissue of origin is a major driver of
differences between cohorts.
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Figure 1. Protein co-abundance outperforms mRNA co-expression and protein co-fractionation for recovering protein-protein interactions
on a genome-wide scale. (a) Number of tumor and healthy samples per tissue. Bar sections indicate individual studies, with multiplexed proteomics
with isobaric labeling (dark blue) or other methods (light blue). (b) Schematic representation of workflow. Subunits of protein complexes occur in fixed
stoichiometries. Protein or mRNA abundance is used to compute co-abundance estimates, which are converted to protein interaction probabilities
using a logistic model with CORUM complexes as positives. (¢) ROC curves for interaction probabilities in lung tissue derived from protein
co-abundance (blue), mRNA co-expression (orange) and protein co-fractionation (green). Grey dotted line shows the performance of a random
classifier. (d) AUC values for interaction probabilities as illustrated in (c). Shown are studies that quantified both protein co-abundance (blue) and
mRNA co-expression (orange), or protein co-fractionation (green). (e) AUC values for interaction probabilities derived from protein co-abundance
combined with mRNA co-expression through a linear model (purple), and for protein co-abundance after regressing gene expression out of the protein
abundance (pink). Shown are the same studies as in (d). In (d-e), each dot represents one study having paired transcriptomics and proteomics data.
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Protein pairs were filtered for having association probabilities from both modalities. Error bars show mean with s.e.m.. (f) Radial dendrogram clustering
the 48 cohorts through complete-linkage clustering with the Pearson correlation distance. Cohorts are labeled according to the type of cancer, colors
represent the different human tissues. (g) Heatmap of AUCs for recovering tissue-specific interactions with cohorts that were withheld when predicting
these interactions. Each square represents the average AUC for all cohorts of a given tissue.

An atlas of protein associations in human tissues.

With the replicate cohorts representing the tissue of origin, we aggregated the replicate
association probabilities into single association scores for 11 human tissues (Fig. 2a — Methods;
Table S2). Aggregating the replicate cohorts was advantageous, as all but one of the individual
cohorts were outperformed by the tissue-level scores for recovering known protein interactions
(p-value = 9.4e-4). Moreover, the tumor-derived scores outperformed the healthy-tissue derived
scores for all tissues as expected, given that the genetic heterogeneity of tumors increases
variation between samples (p-value 6.4e-4 - paired t-test; Fig. S5) and thus yields better
co-abundance estimates (Fig. 2b - AUCs 0.87 = 0.01 and 0.82 = 0.01, respectively). The
healthy- and tumor-derived scores originated from separate dissections of the same tissues and
patients, and could thus serve as independent replicates. Analogous to the cohorts, we
computed tissue-specific associations from the healthy-tissue derived scores, which we then
recovered with the tumor-derived scores (Fig. 2c). For all tissues, we found that the
tumor-derived scores primarily recovered the tissue-specific associations of the same healthy
tissue (AUC ~ 0.81 = 0.2) compared to the other healthy tissues (AUC ~ 0.53 + 0.0; p-value =
8.6e-12). These analyses show that the co-abundance derived, tissue-level association scores
recover known protein interactions and are reproducible and representative of the tissue of
origin (Fig. S6).

We defined a protein association atlas with association scores for all quantified protein pairs by
averaging the association probabilities over the cohorts of each tissue. The resulting association
atlas scores the association likelihood for 114 million protein pairs across 11 human tissues (Fig.
2d). On average, each tissue contains association scores for 55 £ 6.1 million protein pairs, of
which 10 + 0.9 million are likely to be associated (score above 0.5), and 0.55 + 0.06 million are
“confident” associations (score exceeds 99-th percentile of the scores in a tissue). Finally, we
found that protein associations tend to be likely in only a few tissues, with 93,395 protein pairs
having likely associations in all tissues (Fig. 2d).

Differences between tissues are not primarily driven by gene expression.

One of the well-known drivers of differences in protein interactions between tissues is gene
expression — the expression of a gene allows for its protein to be present and interact in a
tissue. Indeed, the proteins that were quantified in a given tissue were generally enriched for
genes with elevated expression for that same tissue, but not the other tissues (Fig. S7).
Likewise, the associations between proteins with elevated expression profiles for a tissue were
more likely than their associations with all proteins (association scores 0.58 + 0.05 vs 0.34 +
0.01 respectively). However, the number of likely associations between proteins with elevated
expression profiles remained limited to ~0.06% of all likely associations of the tissues (Fig. S7),
demonstrating that differences in gene expression are reflected in our association atlas but do
not define the likely associations for each tissue.
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We further explored the variation of likely associations between pairs of tissues. Specifically, for
a given tissue, we found that on average, 22.2% of likely associations were shared with other
tissues, while 10.8% were unlikely in other tissues and 30% were not quantified in other tissues
(Fig. 2e). We then asked to what extent these differences are explained by gene expression.
We found that, on average, 50.9% of the unquantified associations involved proteins that were
not expressed or whose expression was reduced by at least 2-fold in the other tissue
(representing 14.2% of all likely associations). Similarly, 31.8% of associations that are unlikely
in other tissues involved proteins with reduced expression (3.4% of all likely associations). Thus,
only around 18% of differences in likely associations between tissues are explainable by
changes in gene expression. Finally, using the healthy- and tumor-derived scores as
independent replicates for the same tissue, we found that, on average, 52.3% of likely
associations were reproducible, while 7.3% and 1.1% of likely associations were not
reproducible by being unlikely or unquantified respectively. Given that 52% of likely associations
reproduce between replicates, and that on average 22% of likely associations are also likely in
other tissues, we estimate that up to 30% of likely associations are tissue-specific (Fig. S8).
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Figure 2. Association atlas scores likelihood of protein interactions across human tissues. (a) Schematic for aggregating replicate cohorts into a
single tissue score. (b) AUC values for the tissue scores derived from healthy samples (green) and tumor samples (blue). Positives defined by complex
members in CORUM. Association scores filtered for protein pairs having probabilities in all cohorts of a tissue. (¢) Heatmap of AUCs for using
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tumor-derived tissue scores to recover tissue-specific interactions defined by the tissue scores from healthy tissues. Tissue scores only included
cohorts that had both healthy and tumor samples. In (b,e) tissues were clustered with average-linkage clustering using the Manhattan distance. (d)
Atlas of protein associations in 11 human tissues. Radial diagram shows, for each tissue, the number of protein-pairs that were quantified (gray), are
likely to interact (light green - interaction score exceeds 0.5) or are confidently quantified (dark green - association score exceeds 99-th percentile of
scores in a tissue). Bar graph shows the number of associations that are quantified in a given number of tissues. (e) Likely associations of tissues
classified in other tissues as likely (also association score > 0.5 - green), unlikely (association score < 0.25 - orange) or not quantified (no association
score - gray), and for the latter two categories further subclassified as having reduced expression (>2-fold - red; consensus normalized expression from
the Protein Atlas) or not being expressed (purple) in the other tissues. Shown is the percentage of likely associations classified in each category
averaged over all pairs of tissues (top bar) and between the replicate tumor- and healthy-derived scores (bottom bar). Dark shaded area shows
minimum and maximum percentage for the tissue-level averages. (f) Likely associations shared between pairs of tissues as quantified by the Jaccard
index (gray dots), compared to shared associations restricted to complex members (CORUM), functional associations (STRING scores exceeding
400), biological pathways (Reactome) and signaling (SIGNOR) (purple dots), or associations detected through yeast two-hybrid (HuRlI), or affinity
purification (Bioplex) experiments (blue dots). Each dot represents a pair of tissues. Error bars show mean with s.e.m..

Tissues share known interactions and reveal tissue-specific cellular components

Finally, we sought to characterize the likely associations that were shared between tissues.
Compared to all likely associations (average Jaccard index ~0.12), we found that the similarity
between pairs of tissues increased as we restricted the associations to interactions identified
through high-throughput screens such as yeast two-hybrid (Jaccard index ~0.19 - HuRI [3]) or
affinity purification (~0.34 - BioPlex [4]) experiments (Fig. 2f). Likewise, the similarity between
pairs of tissues increased when restricting likely associations to known interactions reported for
signaling (0.24 - SIGNOR [78]), biological pathways (0.37 - Reactome [79]), functional
associations (0.46 - STRING [80]) or well-defined human protein complexes (0.67 - CORUM).
Our association atlas thus reflects the characteristics of protein interactions, with functional and
signaling interactions being less commonly shared between tissues than protein complexes.

Well characterized protein complexes were generally preserved across tissues, becoming more
variable as the complex-averaged association scores decreased (rho = -0.77, -log10-p-val =
125; Fig. S8). As seen in other proteomics datasets [81], more variable complexes typically
involved signaling and regulation (e.g., TNF and Emerin) while more stable complexes involved
central cellular structures (e.g., ribosomes and the respiratory chain — Fig. S9). While protein
complexes varied little between tissues, we found that protein associations varied strongly for
tissue-specific cellular components (Gene Ontology) of the brain (synapse-related components),
throat (structural components of muscle fiber), ovary (e.g., ER luminal membrane), lung (e.g.,
9+2 motile cilium) and the liver (e.g. microbodies) (Fig. S10). This suggests that tissue and
cell-type specific cellular components are an important driver of tissue-specific protein
interactions that are independent of simple expression differences.

Association atlas reveals cell-type specific associations

To explore cell-type specific associations in our association atlas, we took the AP-2 adaptor
complex as a well-known example. The AP-2 complex has neuron-specific functions besides
functions that are general to all cells [82]. Indeed, the subunits of the AP-2 complex were
co-abundant in all tissues (average association score between subunits ~0.80). We found 103
proteins that had association scores with all AP-2 subunits in all tissues and were known to
associate with AP-2 (STRING score > 400). Among these, the 37 synaptic proteins (SynGO
[83]) had higher association scores with the AP-2 complex in the brain (average 0.58) compared
to the other tissues (0.5 + 0.01; p-value = 0.027 — MWU-test). Conversely, the non-synaptic
interactors had lower association scores with the AP-2 complex in the brain (0.32) compared to
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the other tissues (0.46 = 0.01; p-value 5e-7) (Fig. 3a). We explored further examples by
focusing on cell-type specific associations in the context of disease. We found that many
proteins of hemoglobin are related to anemia and have likely associations with anemia proteins,
but only in the blood (Fig. 3b; Methods). Likewise, we found that subunits of chylomicron - which
transports dairy lipids from the intestines — contain and have likely associations with proteins
related to Crohn’s disease, but only in the colon [84,85]. Finally, we found that subunits of
fibrinogen— synthesized in the liver — contain and have liver-only likely associations with proteins
related to liver disease [86,87]. For the other tissues, we could find many examples of cell-type
specific associations of protein complexes or cellular components that related to tissue-specific
disorders such as diabetes and kidney disease (Fig. S11). These examples demonstrate that
our association atlas can be used to study tissue-specific functions of protein complexes and
context-dependent associations for disease genes.
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Figure 3. Association scores define relationships between protein sets. (a) Association scores between AP-2 subunits and with known AP-2
interactors (STRING scores > 400) that are synaptic proteins (L1CAM, RALBP1 - SynGO) or not (DAB2, COPA). Heatmaps represent the association
scores in the brain and the averaged association scores in the other tissues. (b) Associations of Hemoglobin (GO:0005833) with proteins associated to
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anemia, Chylomicron (GO:0042627) with proteins associated to Crohn’s disease, and Fibrinogen (GO:0005577) with proteins associated to liver
disease. Proteins (nodes) are complex members (gray) or disease genes (black edge). Associations are likely in all tissues (thin gray lines) or likely in a
single tissue and not likely in all others (thick colored lines). Thick gray lines are interactions with prior evidence (STRING scores exceeding 100).
Complexes defined through GO annotation, including proteins quantified in all tissues with STRING scores amongst subunits exceeding 750. Disease
genes were defined through GWAS variants (OTAR L2G > 0.5). (¢) Schematic of approach. Proteins associated to pre-defined groups are used to
score relationships between sets of proteins by aggregating the association scores of proteins that are not shared between the sets. (d) Relationship
scores between cellular components (light gray - Gene Ontology), GWAS traits (dark blue - L2G > 0.5) and across traits and components (light blue).
Each dot represents the relationship between two protein sets. Shown are the average and coefficient of variation of relationship scores relative to the
tissue median. Green dots show relations of the ribosome and spliceosome (for avg. rel. score > 1.5 - green box), purple dots show relations of
synaptic components (for CV > 0.35 - purple box). (e) Dendrogram (left) of 15 GWAS traits most specific to the brain as measured by z-scores of the
median association probability between trait-associated proteins (L2G > 0.5) relative to the tissue median. Dendrogram (right) of 15 GO cellular
components having the highest relationship scores with Obsessive-Compulsive Disorder (OCD) in the brain. Heatmaps show overlapping genes
between cellular components and OCD (orange - Jaccard Index) and the enrichment (Benjamini-Hochberg (BH) adjusted p-values) of non-overlapping
genes from the cellular components with drug targets for OCD (purple - ChEMBL clinical stage Il or higher), genes associated to OCD in mice (IMPC),
or other GWAS variants associated to OCD (L2G score < 0.5). Dendrograms were constructed with complete-linkage clustering using the Manhattan
distance on the relationship scores between traits (left) and the relationship scores between cellular components (right).

Tissue-specific relationships between traits and cellular components

We sought to generalize these examples of context-relevant associations by systematically
mapping the relationships amongst traits and multi-protein structures such as complexes and
cellular components. We defined the relationship score between two sets of proteins as the
median association score between all pairs of proteins that are not shared between the sets
(Fig. 3c — schematic). This methodology thus avoids scoring relationships with the similarity
between sets that is simply due to the proteins that they have in common. Protein sets for
components were defined based on GO cellular components and protein sets for human
traits/diseases were defined based on evidence of their coding genes being associated with
traits through GWAS (Open Targets L2G score > 0.5 [88-90]). We computed the relationship
scores between traits (37.382 pairs), between traits and cellular components (124.079 pairs),
and between components (101.823 pairs; Tables S3-5). Pairs of these protein sets generally
shared few proteins (average Jaccard index ~0.009), with the (non-zero) similarity between
protein sets being a poor predictor of relationship scores (Pearson correlation coefficient =
-0.22). Relative to the median association scores of the tissues, we found that the relationship
scores of cellular components widely varied between pairs of components and across tissues,
compared to the relationship scores of the traits (Fig. 3d). Moreover, the relationship scores that
were high in all tissues were primarily of core cellular components such as the ribosome and
spliceosome (82% of relationships with relative average score > 1.5), while the relationship
scores that varied most across tissues often involved tissue-specific compartments such as
synaptic components (62% of relationships with CV > 0.35). These observations suggest that
the relationship scores recapitulate relatedness of protein sets in a tissue-specific manner,
particularly for the brain.

Relationship scores for prioritizing disease genes

Focusing on the brain, we aggregated the association scores at the trait-level to unbiasedly
select the 15 traits whose GWAS-linked proteins had protein-protein associations most specific
to the brain (Methods; Tables S6-7). Indeed, 13 of these 15 traits were related to the brain (e.g.,
neuronal disorders — more general, 58% of the top 50 traits were related to the brain; Table S8).
We then clustered these brain-specific traits using the trait-trait relationship scores from the
brain, revealing a hierarchical organization of traits with co-occurring conditions such as
anorexia nervosa, obsessive-compulsive disorder (OCD) and Tourette syndrome closely
clustering together (Fig. 3d — left dendrogram) [91,92]. As an example, using the
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trait-component relationships, we further determined the 15 cellular components that had the
highest relationship scores with obsessive-compulsive disorder (OCD) in the brain, all but two of
which were related or specific to neurons (Fig. 3e — right dendrogram). The majority of these
cellular components had no genes in common with the genes confidently associated with OCD
(Fig. 3d — orange heatmap; Jaccard indices < 0.02). However, after removing the few genes
confidently associated with OCD through GWAS, we found that all components were still
enriched with or contained OCD-related genes (Fig. 3d, purple heatmaps) —i.e., drug targets for
OCD (ChEMBL clinical stage Il or higher [93]), genes related to OCD from mice deletion
phenotypes (IMPC [94]), or genes less confidently linked to OCD through GWAS (L2G score <
0.5 - Methods). Moreover, these 15 components with the strongest OCD-relationships in the
brain were more strongly enriched with OCD-related genes than other cellular components that
contained OCD-linked genes (MWU-test p-values: 8.3e-5 (drug targets), 4.9e-4 (genes related
to OCD in mice), and 0.03 (genes less confidently linked to OCD through GWAS) - Methods).

Together, the results above demonstrate that the relationship scores can prioritize cellular
components that are enriched with trait-relevant genes. Analogously, we found that we could
use the relationship scores for reconstructing the hierarchical organization of the cell, including
maps of subcellular structures, cellular components, and modules of tissue-specific relations
between cellular components (Fig. S12). These observations demonstrate the potential for our
association atlas to facilitate the systematic mapping of relations between traits, cellular
compartments and likely other ontology terms.

A network of validated brain-interactions for schizophrenia genes

The results above indicate that the tissue-specific associations could facilitate the prioritization
of disease-linked genes by functional association. Indeed, direct interactors of disease linked
genes have been used to prioritize causal genes in genetically linked loci and shown to be
enriched in successful drug candidates [95-97]. To explore this in more detail we constructed a
network of brain-interactions for schizophrenia. We started by taking n=368 genes associated
with schizophrenia through GWAS studies (“starting genes” — L2G scores > 0.5) and computed
the top 15 traits and cellular components that had the strongest tissue-specific relation to
schizophrenia in each tissue (Fig. 4a — Methods). This gave us a collection of genes related to
schizophrenia in a tissue-specific manner. We then considered as potential interactions all
protein pairs that had one schizophrenia starting gene and one related gene. For each tissue,
we filtered these potential interactions for being in the 97-th percentile of the tissue-scores,
leading to tissue-specific networks of schizophrenia-associations (Fig. S13; Table S9). After
removing the schizophrenia starting genes from these networks, the remaining genes were
strongly enriched for genes associated to schizophrenia in mice (log10-p-value ~17.0 — Fisher’s
exact test), drug targets for schizophrenia (~4.0 — ChEMBL clinical stage Il and above), and
variants associated to schizophrenia (~12.3 — OTAR L2G scores < 0.5). This enrichment was
specific to the brain compared to any of the other tissues, suggesting that the proposed
methodology presents a systematic approach for prioritizing disease genes of tissue-specific
traits (Fig. 4b).
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Indeed, for brain-related disorders - including autism, ADHD, bipolar disorder, and others - we
found that the proposed methodology for predicting disease-related protein associations
generally enriched - specifically in the brain - for genes associated to the respective disorder
through mouse phenotypes or drug targets, with many also being enriched for GWAS variants
that are less confidently linked to the disorder (Fig. S14).
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Figure 4. Network of validated brain-associations for schizophrenia proteins. (a) Schematic of approach. Genetic variants associated with
schizophrenia are used together with relationships between traits and cellular components and the tissue-scores to prioritize potential
schizophrenia-interactions. (b) Enrichment of predicted brain-interactions with genes associated with schizophrenia through mouse phenotypes
(IPMC), drug targets (clinical stage Il or higher) or GWAS variants (L2G scores below 0.5). (c) Enrichment of pulldown interactions in the predicted
brain-interactions of schizophrenia genes. In (b-c), purple dots represent the brain, grey dots are other tissues. Error bars show mean with s.e.m.. (d)
Simplified network of validated brain-interactions for schizophrenia genes (Methods). Circular and hexagonal nodes were prey and bait proteins in the
pulldown studies respectively. Nodes are colored as GWAS variants (green), drug targets (red) or associated with schizophrenia in mice (blue) or other
(grey). Grey edges were predicted from tissue scores in the brain and validated through pulldown experiments. Yellow edges are known interactors
(i.e., reported in STRING with scores above 750). Purple edges have pdockq scores above 0.23. Purple labels are cellular components most enriched
(Benjamini-Hochberg (BH) adjusted p-value between brackets) for genes in the subgraphs of known interactions. (e) AlphaFold2 model of the interface
between HCN1 and the 14-3-3 proteins (structure of YWHAZ shown). Shown are the HCN complex (cryoEM pdb6UQF - light green) aligned with the
AF2 model of HCN (dark green - interface yellow & red) with YWHAZ (blue). Sequence shows the 14-3-3 binding site in HCN1 according to the AF2
models, overlaid with the predicted 14-3-3 binding site (black box - 1433pred score 0.457). Interface residues are colored according to cutoff (10A
(yellow), 5A (red)).
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To further validate the networks of predicted schizophrenia-associations, we assembled a
curated dataset of brain interactions established experimentally through pulldowns using human
brain cells (i.e., AP-MS or ColP-MS in human micro-dissected brain tissue or human
iPSC-derived neurons [98-102]). This dataset contained 7,887 human brain interactions for 30
bait proteins and has been incorporated into the IntAct database [9] (Table S10). We filtered
these brain interactions for the bait proteins associated with schizophrenia (OTAR L2G score
above 0.5), and further filtered the predicted schizophrenia-associations for ones involving at
least one bait protein. The remaining schizophrenia-associations were strongly enriched with
interactions for schizophrenia-baits, especially for the brain (log10 p-value ~63.0 — Fisher exact
test) compared to the other tissues (~1.8; Fig. 4c). Thus, the predicted
schizophrenia-associations for the brain - but not the other tissues - are experimentally validated
by pulldown studies and enriched with genes related to schizophrenia.

Finally, we combined the predicted schizophrenia-associations for the brain with the pulldown
interactions to obtain a network of 156 validated brain-interactions related to schizophrenia, that
we simplified to only show genes having prior evidence (Fig. 5d — Methods, Table S11). The
visualized network contains 54 proteins connected to 3 bait proteins through a collection of 64
validated brain interactions. These connected proteins include schizophrenia drug targets (5
proteins — clinical stage Il and higher), proteins associated with schizophrenia in mice (19
proteins), or proteins linked with schizophrenia with weaker prior evidence (13 proteins — OTAR
L2G scores < 0.5). Surprisingly, only two of the validated brain interactions were reported in any
of the major protein interaction databases before our curation effort (CACNA1C with CACNB2
and SRC). Moreover, only 18 of the 64 validated brain interactions are quantified in any of the
other tissues. Of these 18 interactions, only four have average association scores above 0.5
and only the interactions of SHANK3 with AP2B1 and CLTB are quantified in more than three
other tissues (interaction scores of 0.36 + 0.04 and 0.31 = 0.02 respectively). These
observations  support our earlier analysis that the network of validated
schizophrenia-interactions is specific to the brain.

The network contains several groups of highly interconnected proteins (STRING score > 750).
These groups are enriched with genes of cellular components typical for neuronal functioning
and schizophrenia, such as a group of proteins for neurofilaments (log10 p-value 4.4 - [103]) or
for clathrin vesicle coat (log10 p-value 10.7). For the clathrin vesicle coat, the network connects
all but one subunit of the AP-2 complex and clathrin proteins to HCN1. Interestingly, previous
pulldown studies have shown that HCN channels directly interact with TRIP8b [104,105].
TRIP8b regulates trafficking of HCN channels [105] and mainly associates with the AP-2
complex [106]. Moreover, while AP-2 and clathrin are not cell-type specific, both HCN1 and
TRIP8b were found to be enriched at PV synapses [107], with HCN channels being specific to
PV neurons and important for their high firing frequencies [108,109]. Given the link of
PV-neurons with schizophrenia [110-114], these observations suggest that AP-2 and clathrin
may be involved in a PV-neuron specific disruption of HCN channel trafficking with
schizophrenia.
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To suggest putative interface models for the validated schizophrenia-interactions we used
AlphaFold2 to predict the structures for 211 protein interactions, including the entire visualized
network (Fig. 4d; Table S12). The predicted models were enriched for confident interactions
when compared to models for known interactors (e.g., complex members from CORUM [115],
p-value = 2.7e-14 - one-sided MWU test). In total, we identified 46 moderate-confidence
interactions (pDockQ scores > 0.23). These included the brain-specific binding of SHANKS3 to
AP2B1 (pDockQ = 0.34; association score ~0.82 in the brain, compared to ~0.36 when
averaged over the other tissues). Additionally, we found that all three 14-3-3 proteins (YWHAG,
YWHAH and YWHAZ) had confident interfaces with HCN1 (Fig. 4e - pDockQ scores exceeding
0.45). The interfaces of these three models overlap and are located in the C-terminal disordered
region of HCN1 (residues 775-802). This consensus interface includes a predicted 14-4-3
binding site (centered around S789; 1433Pred score 0.457 [116]) that has been verified through
pulldown experiments [117]. Indeed, the binding of 14-3-3 proteins with HCN1 was found to be
dependent on the phosphorylation of S789, with the interaction between 14-3-3 and HCN1 likely
inhibiting HCN1 degradation [117].

Finally, the network contains 13 genes within loci genetically associated with schizophrenia that
had weaker evidence supporting them as the causal genes at each locus. Given their interaction
with other schizophrenia associated genes, these could be prioritized as more likely causal due
to their functional roles. Some of these genes (AP2B1, ELAVL2 and MYO18A) have the highest
locus to gene score for their respective locus with SNPs linked to the schizophrenia but had
scores just below the 0.5 cutoff used (0.457, 0.342, 0.428 respectively) [89,90]. In addition to a
member of the AP-2 complex (AP2B1) we also found a member of the AP-3 complex (AP3B2).
AP3B2 is the second highest linked gene to the locus with the linked SNP (rs783540) having
splicing and expression QTL associations with AP3B2 but ranked higher for disruption of
CPEB1 given that the variant lies within a CPEB1 intron. Finally, both NTRK2 and PLXNA4 have
the second highest L2G score in their locus but the top associated genes (AGTPBP1 and
PODXL respectively) have lower or less specific brain expression patterns [12].

Co-fractionation of synaptosomes to derive a synapse-specific interactome

As a final application of our protein association atlas, we focused on the interactome of
synapses. To do so, we prepared and purified synaptosomes from rat brains as an orthogonal
approach for validating the brain associations. We fractionated the synaptosomes with size
exclusion chromatography (SEC) into 75 fractions that were then subjected to LC-MS/MS. A
total of 3,409 unique proteins were detected, including well-known protein complexes such as
the CCT complex subunits, whose profiles correlate across the fractions (Fig. 5a - average
correlation coefficient of ~0.96).

We pre-processed the fractionation profiles of the synaptosome and computed the
co-abundance of proteins across fractions to score the co-fractionation of 4,200,651 protein
pairs in rat synapses (Methods). To increase the confidence of the interaction scores, we then
combined the rat synaptosome with other co-fractionation profiles from in vivo mouse brains [6]
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and subcellular fractionation profiles from human glioblastoma cells [7]. We merged the
co-fractionation studies by orthologs that were quantified in all three datasets, and computed
interaction probabilities with a logistic model using the CORUM database as positives (Methods;
Table S13). The resulting synaptic interactome quantified 1,287,210 interaction probabilities for
1,605 proteins, and improved the recovery of known interactions compared to the
co-fractionation studies individually (Fig. 5b — AUCs ~0.79 and ~0.73 respectively). Of the 1,605
proteins in the interactome, 18% are annotated as synaptic proteins in the SynGO database,
49% have been reported as synapse-enriched in mouse brains, and 56% have previously been
identified through cross-linking MS (XL-MS) of the mouse synaptosome [83,107,118]. All XL-MS
interactions for these proteins were quantified in our synaptic interactome with ~64% of these
interactions being scored as likely (p-value 1.2e-46 - MWU-test). Moreover, the synaptic
interactions were more likely when they involved synaptic proteins compared to the interactions
between other proteins (p-value < 6e-159 for SynGO or synapse-enriched proteins - MWU-test).
Together, these observations suggest that our synaptic interactome largely aligns with current
state-of-the-art synaptic interaction resources and scores the likelihood of interactions for a wide
range of synaptic proteins, with interactions being more likely for synaptic proteins compared to
other proteins.

Networks of validated synaptic interactions for brain-disease genes

The interactions involving synaptic proteins enriched for more likely associations compared to
non-synaptic proteins, especially for the brain compared to the other tissues of our association
atlas (Fig. 5c). Given this brain-specific elevated likelihood of synaptic interactions, we
constructed a network of interactions between synaptic proteins (SynGO) that were both likely
co-abundant in the brain (15.441 associations) and likely co-fractionated for the synaptosome
(12.247 interactions). The resulting network consisted of a collection of 5.248 validated protein
interactions between synaptic proteins (Table S14). These synaptic interactions were primarily
specific to the brain, since few of the interactions were likely for the majority of other tissues in
our association atlas (~16.8%), and only a small fraction was reported in any protein interaction
database (5.7% in STRING>400, 3.7% in HUMAP>0.99 [1], 2.4% in IntAct, and 2% in BioPlex).

We were particularly interested in the validated interactions of synaptic proteins that are
associated with brain disorders. As before, we filtered for the 43 GWAS traits that had
associated mouse phenotype data (IMPC) or known drug targets (ChEMBL) and whose
trait-level association scores were elevated in the brain compared to the other tissues (z-score >
0). We found that 11 of these 43 traits were disorders clearly related to the brain (Table S15).
From these 11 traits we selected the 514 synaptic interactions that involve at least one disease
gene. Additionally, to suggest putative interface models, we used AlphaFold2 to predict the
structures for these 514 interactions with the predicted models being enriched for confident
interactions (high pDockQ scores) when compared to models for known interactors (e.g.,
complex members from CORUM (p-value = 4e-73) or HUMAP (p-value = 3e-5); MWU-test). In
total, we identified 201 moderate-confidence interactions (pDockQ scores > 0.23; Table S16).
Finally, we visualized the networks of validated synaptic interactions between disease genes for
each of the brain disorders (Fig. 5d - Methods).
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Prioritizing synaptic disease genes as more likely to be causal for brain disorders

Several genes in these networks have weaker prior evidence supporting them as the causal
genes at loci genetically associated with the brain disorders. These genes could be prioritized
as more likely to be causal for the disorders due to their validated synaptic interactions with
other genes that are confidently associated with the same disorders. As before, we looked for
genes with the highest (below cutoff) locus to gene scores for their respective locus with SNPs
linked to the brain disorders. We found likely causal genes for Alzheimer (RABEP1 - score
0.471; CLPTM1 - 0.378; MADD - 0.315), multiple sclerosis (MAPK3 - 0.462; MADD - 0.301),
unipolar depression (DGKI - 0.378; MADD - 0.244), attention deficit hyperactivity disorder (DGKI
- 0.387; CADPS2 - 0.34; CTNND1 - 0.204), and bipolar disorder and OCD (DGKI - 0.378)
[89,90]. Of these genes, all but CTNND1, DGKI and RABEP1 have the highest expression in
brain tissue [12].

Additionally, we found genes that did not have the highest locus to gene score for the respective
SNP linked to the brain disorders, but still had additional evidence. For example, we found that
PAFAH1B1 associates with RHOA in our synaptic interactome, both having weak prior evidence
for being causal to depression. PAFAH1B1 plays a role in neural mobility and is required for
activation of Rho GTPases such as RHOA [119]. PAFAH1B1 was the second highest scoring
gene for the locus with a SNP (rs12938775) linked to unipolar depression. This variant has
expression QTL associations with PAFAH1B1 and lies within a PAFAH1B1 intron, despite being
more distant to the transcription start site of PAFAH1B1 compared to the highest scoring gene
(CLUH). However, PAFAH1B1 is a synaptic protein while CLUH is not, with the expression of
PAFAH1B1 being higher and more specific to the brain compared to CLUH [12]. Overall, this
example demonstrates how orthogonal approaches targeting sub-cellular structures and
individual tissues can provide tissue-specific protein interaction networks and aid in the
prioritization of genes likely to be causal for tissue-related disorders.
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Figure 5. Synaptic interactome. (a) Schematic of experiment. In vivo synaptosomes (light blue) from rat neurons were purified and fractionated into
75 fractions through SEC and subjected to LC-MS/MS. Elution profiles show the unprocessed protein intensities from mass spectrometry for the CCT
complex members (grey). (b) AUC values for the co-fractionation studies (in vivo mouse brain (gray), subcellular glioblastoma (gray), in vivo rat
synaptosome (light blue)) and for the merged synaptic interactome (dark blue). Positives defined by complex members in CORUM. (¢) Comparing the
distributions of association scores for interactions of synaptic proteins and for interactions between other proteins from the synaptic interactome.
Shown are the p-values (MWU-test) for the brain (purple dots) and other tissues (grey dots). Synaptic proteins: synapse enriched, in SynGO, in GO
synaptic components, or brain-elevated expression (at least 2-fold higher expression compared to other tissues on average - Protein Atlas). In (b-c),
error bars show mean with s.e.m.. (d) Networks of validated synaptic protein associations for genes related to ADHD, unipolar depression, Alzheimer’s
disease, Parkinson’s disease, multiple sclerosis, bipolar disorder, and OCD. Shown are associations of synaptic proteins (SynGO) that are
co-abundant in the brain and co-fractionated in the synaptosome. Hexagonal nodes are confident GWAS variants (OTAR L2G > 0.5). Circular nodes
are colored by association to each disease through drug targets (ChEMBL clinical stage Il or higher - red), mouse phenotypes (IMPC - blue) or GWAS
variants (L2G < 0.5 - green). Grey edges were predicted from tissue scores in the brain and validated through the co-fractionation studies. Yellow
edged are known interactors (STRING scores exceeding 400). Purple edges have an AlphaFold2 model with pdockg-score above 0.23.

16


https://doi.org/10.1101/2024.05.15.594301
http://creativecommons.org/licenses/by/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2024.05.15.594301; this version posted May 17, 2024. The copyright holder for this preprint (which
was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY 4.0 International license.

DISCUSSION

Despite progress in mapping protein interactions on a large scale, we lack a comprehensive
understanding of how these interactions differ across tissues. It has been previously shown that
the protein-protein associations derived from correlated protein abundance measurements can
be more accurate than those derived from mRNA co-expression [15-18]. Here we show
additionally that these associations can be more accurate than those found by correlation
analysis of co-fractionation. However, in-line with other reports, we observe that the combination
of different co-fractionation datasets can improve the predictions [120] and it's likely that more
advanced analyses of co-fractionation data may yield more accurate results [121]. Interestingly,
we note that we can exclude the variation in protein levels that is explained by mRNA changes
without significantly affecting the performance of the method. This suggests that protein
interactions partners are often post-transcriptionally co-regulated. This is in-line with the
observations that protein abundances of subunits within a complex can be limited by the
abundance of the complex itself with active degradation of excess unbound subunits
[15,16,22,24,122].

Several lines of evidence attest to the quality of the derived association scores: cohorts of the
same tissue have similar association scores; association scores derived from tumor and healthy
controls from the same tissue tend to replicate in a tissue-specific manner; and essential protein
complexes are generally very well predicted across all tissues. Nevertheless, the replication
between healthy and tumor of the likely associations is on average around 50%, suggesting that
these associations can be useful in generating testable hypotheses regarding tissue-specific
biology, for example for measuring associations between proteins assigned to specific
compartments in a tissue-specific manner. However, these associations should be
complemented with other data, in particular when deriving hypotheses about any given
interaction. For the brain network, we have complemented the co-abundance association with
experimental data from pull-downs, co-fractionation and AlphaFold2 predictions to provide a
more confident subset of interactions for disease gene mapping. Our associations are derived
from human tissues and therefore can provide supporting evidence for interactions obtained
from less physiologically relevant material.

We estimate that up to 30% of associations are tissue specific. While we observe a large
fraction of associations that are not quantified in different tissues, likely due to technical issues
of detectability, we estimate that only a small fraction of the differences across tissues are due
to changes in expression levels. We find that cell-type specific structures such as synaptic
components may contribute significantly to differences in protein associations across tissues,
with differences in post-translational modifications being other potential mechanisms that could
explain some variation in tissue-specific protein associations.

Finally, we show that our atlas can be used to derive relations between traits and with cellular
components. This approach is particularly effective for disorders of the brain and synaptic
components, demonstrating that the network of brain associations is more specific and distinct
from the other tissues. We present validated brain-interactions enriched for disease associated
genes and drug targets, and show how this can be useful to prioritize novel disease linked
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genes and presumably also for prioritizing drug candidates. The combination of genetics,
tissue-specific networks and AlphaFold2 models provide an integrated network for enhanced
understanding of disease mechanisms and target prioritization. In addition, our approach may
improve safety of targeting disease genes as the predicted disease-gene associations will tend
to be tissue specific and therefore the proposed genes may be safer to target.

METHODS

Homogenizing protein identifiers across cohorts

Protein abundance measurements were primarily reported at the gene-level and using gene
symbols as gene identifiers (45 of 50 cohorts). Gene identifiers were identified, checked, and
corrected where possible to maximize the number of overlapping genes between cohorts.
Identifiers that contained multiple gene names were split into individual replicate measurements
(for 9 of 50 cohorts). All gene identifiers that were aliases, previous symbols, Ensembl IDs or
UniProt IDs were converted to the approved HGNC gene symbols (using HGNC dataset and
Ensembl Biomart; Table S19). Thus, gene identifiers were not changed if they were already an
approved HGNC gene symbol. Identifiers that mapped to multiple approved gene symbols were
ignored, and symbols were corrected for common errors made with gene symbols (e.g.,
replacing ‘Sep.01’ with ‘SEPTIN1T’). Finally, identifiers that could not be mapped to approved
HGNC gene symbols and that occurred in at least 5 cohorts were kept with their original
identifier. Overall, we mapped ~99.5% of the reported gene identifiers in the cohorts to 16.881
unique gene symbols (Table S20).

Pre-processing abundance data

Publicly available protein abundance data was filtered by removing non-abundance samples
and measurements (e.g., internal controls, reference samples, samples that were withdrawn or
that did not have further annotation, etc.). Protein measurements without gene identifier were
removed, and the abundance data of cohorts with replicate samples for some but not all
patients were averaged at the patient level (for 5 of 50 cohorts, e.g. for cohorts having a sample
with 5 technical replicates as internal control). Zeros were replaced with NaNs for all entries of
cohorts that were not log-transformed to ensure that undetected proteins did not have
abundance data. Cohorts were then split into tumor and healthy samples if not reported
separately. The sample names were homogenized to obtain paired RNA expression and protein
abundance data and paired tumor and healthy biopsies. The gene identifiers were homogenized
across cohorts to allow for comparison between studies (following ‘Homogenizing protein
identifiers across cohorts’). Then, sequentially, duplicate measurements were averaged (i.e.,
averaging the reported abundance of proteins whose identifier occurred more than once),
proteins with measurements in fewer than 10 patients were removed, and the data was
log2-transformed if not already on a log-scale (13 of 50 cohorts). Finally, the abundance of each
protein was median normalized across patients. Note that only the log-transformation affects the
co-abundance estimates, since correlation coefficients are invariant under linear
transformations. RNA expression data was processed in analogous fashion.

As deviations from the above, samples were removed from cohorts that shared patients by
filtering the follow-up studies for patients whose protein abundance was not previously reported
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[47,48]. Moreover, zeros were replaced with 10% of the smallest non-zero abundance value
before performing a log-transformation for cohorts whose data was reported as a fold-change
and whose zeros did not represent unmeasured proteins (reported as NaNs; [37]). If applicable
(6 of the 50 cohorts), iIBAQ intensities were converted to fraction of total values (FOT) by
dividing the iBAQ intensities by the total iBAQ (sum over samples and proteins) and multiplying
all values by 10e5, after which proteins were removed when the FOT did not exceed 10e-5 for
any of the samples.

Computing association probabilities

Co-abundance estimates were computed by calculating the correlation matrix consisting of
Pearson correlations between all possible pairs of proteins for a cohort. Each pair of proteins
was required to have at least n = 30 paired abundances across samples for computing a
correlation value (i.e., protein pairs must be quantified in at least 30 of the same samples -
available for 48 out of 50 studies). Correlations were then reported for each unique protein pair
(alphabetically sorted by gene symbols), ignoring self-correlations and missing values. Finally,
correlations were converted to association probabilities as follows. Protein pairs were annotated
as being complex members (co-occuring in a protein complex in the CORUM database [76]) or
not. A logistic regression was then fitted to the correlation values using the complex members
as positives and all other protein pairs as negatives. Positive and negative classes were
balanced by adjusting the weights of protein pairs inversely proportional to the class frequencies
(balanced class weights). The model included an intercept and no penalty for parameter values
was used. Finally, the fitted logistic model was used to transform the correlation values to
probabilities. Note that the model only transforms correlations (in the range -1 to 1) to
probabilities (range 0 to 1) and thereby yields the same ranking of protein pairs when sorting
correlations and probabilities from large to small. The association probabilities per tissue are
available through the BioStudies repository for this paper

https://www.ebi.ac.uk/biostudies/studies/S-BSST1423.

Computing interaction probabilities from co-fractionation data

Co-fractionation data was collected from studies of in vivo mouse tissues (SEC-PCP-SILAM —
2x55 fractions for 7 tissues) [6], human breast tissue-derived cell lines (IEX-HPLC-MS -
3x2x192 fractions of 3 biological replicates with each 2 technical replicates) [77], and subcellular
fractionation of human cancer cell lines (HIRIEF-LC-MS - 5x10 fractions for 5 different tissues,
and additionally 4x10 fractions from 3 replicates and 1 condition in the lung) [7]. The protein
identifiers of the mouse data were converted to human orthologs (Ensembl BioMart, date =
2023-09-28). Replicates and conditions were merged together and treated as different fractions.
The resulting 10 co-fractionation datasets (7 mouse tissues, 1 human breast cell line, 1 human
lung cell line and 1 human mixed cell lines) were further processed as follows. Data was filtered
for fractions and proteins that had non-zero measurements, and abundances of duplicate
protein identifiers were averaged. Empty fractions of each fractionation-experiment were then
set to 90% of the minimum non-zero value for each protein, log2-transformed (mouse tissues
and breast cell line) and median normalized across samples. Setting empty fractions to 90% of
the minimum non-zero value was advantageous as it increased the number of protein pairs
having sufficient observations across fractions for computing association probabilities (i.e., on
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average ~7.5-fold more protein pairs), and improved the co-fractionation estimates by including
the fractions where proteins are co-absent (increased AUCs on average by ~9.5%). Here, the
co-fractionation estimates were not sensitive to the value used for empty fractions (i.e., on
average ~0.5% difference in AUC values between using 90% or 10% of the minimum non-zero
values). Interaction probabilities were then computed following ‘Computing association
probabilities’ using the correlation of intensities of protein pairs across fractions.

Computing AUC values

Positives were defined as interactors predicted through prior evidence (e.g., complex members
reported in CORUM). Sets of non-duplicate negatives of the same set size as the positives were
sampled from all other protein pairs having association scores. AUC values were then
computed as the average of the AUC values for the (n = 10) replicate sets of negatives. For
each cohort, the same sets of negatives were used to compare the matched association scores
from gene expression and protein abundance data.

Scoring recovery of known complex members from RNA expression, protein abundance,
and protein co-fractionation data (Fig. 1d-e)

Studies were selected for having both RNA expression and protein abundance data available
(32 studies - 29 studies had sufficient shared samples). For each of these studies, both the RNA
and protein abundance data was filtered for genes and samples quantified for both modalities.
The RNA expression was then regressed out of the protein abundance data to exclude the
variation of protein abundance that can be explained by gene expression (‘protein - RNA).
Specifically, a linear model (linear regression with intercept) was fitted for each protein to find
the dependence of protein abundance on RNA expression, ignoring missing values. The gene
expression was then regressed out of the protein abundance by subtracting the model’s
prediction from the protein abundance for all values. The Pearson correlation coefficient
between the RNA expression and protein abundance was zero after regressing out the RNA
expression. Co-abundance estimates and association probabilities were computed following
‘Computing association probabilities’. Additionally, for the same studies, the RNA expression
and protein abundance data were combined to predict association probabilities (‘protein +
RNA®). Specifically, the correlation estimates for both the RNA co-expression and protein
co-abundance of the studies were filtered for protein pairs quantified for both modalities. The
correlation estimates were then converted to association probabilities using a logistic model and
the two modalities as variates. Complex members from CORUM were used as positives
(following ‘Computing association probabilities’).

For each study, the protein pairs were filtered for having association probabilities for both
modalities and their combinations (from ‘Combinations of gene expression and protein
co-abundance data’). AUC values were then computed following ‘Computing AUC values’ for
the filtered sets of association probabilities, using complex members reported in CORUM as
positives. AUC values were also computed for the co-fractionation studies (from ‘Computing
interaction probabilities from co-fractionation data)’. Protein pairs of co-fractionation studies
were not filtered as they were separate studies from the RNA co-expression and protein
co-abundance studies.
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Recovering tissue-specific associations (Figs. 1g & 2c¢)

Cohorts were filtered for protein pairs having association probabilities in all cohorts. The
recovery of tissue-specific associations was then scored through a hold-one-out methodology
as follows. Each cohort was sequentially used as a hold-out by not using its association scores
for predicting tissue-specific associations. Using all other cohorts, tissue-level association
probabilities were computed, for each tissue, as the averaged probabilities of the cohorts.
Associations of protein pairs were defined as tissue-specific if the tissue-level association
probability exceeded the 95-th percentile for a given tissue and remained below 0.5 when
averaged over all other tissues. The with-held study was then used to recover the tissue-specific
associations of each tissue following ‘Computing AUC values’, resulting in AUC values for all
pairs of studies and tissues (Table S21). Recovery of tissue-specific associations for a tissue
with the cohorts from some (other) tissue was then summarized at the tissue-level by averaging
the AUC scores of the respective cohorts.

Tissue-specific associations were recovered for the tissue-level scores from tumor- and
healthy-derived biopsies (Fig. 2c) in analogous fashion. Tissues were filtered for protein pairs
having association scores across all studies for both the tumor- and healthy-derived scores.
Tissue-specific associations were predicted using the association scores derived from healthy
samples. Here, the tissue-specific associations were defined as the protein pairs whose
association scores exceeded the 95-th percentile in one tissue and remained below 0.5 when
averaged over the other tissues. For each tissue, these tissue-specific associations were then
recovered using the association scores derived from the tumor samples.

Defining protein association atlas for human tissues (Fig. 2a-d)

Association scores for a tissue were computed by averaging, for each protein pair, the
association probabilities of all cohorts of the tissue. Missing values were ignored. Three cohorts
were excluded based on their performance for recovering tissue-specific associations of the
other cohorts of their respective tissues (Fig. S4). Tissues were only included if association
probabilities from at least two studies were available (not for the bladder, prostate, uterus
(tumor), and only for the lung, throat, liver, kidney, colon and stomach (healthy)). Likely
associations were defined as the protein pairs whose association score exceeded 0.5 for a
given tissue, confident associations were defined as the protein pairs whose association score
exceeded the 99-th percentile for a given tissue.

Differences of likely associations between tissues (Fig. 2e)

For each pair of tissues, the likely associations of one tissue were classified as being likely,
unlikely or not quantified in the other tissue. Here, unlikely associations were protein pairs
whose association score was below 0.25 for a tissue. A likely association was classified as not
quantified if the protein pair did not have an association score in the other tissue. The likely
associations of each tissue classified in all other tissues were then expressed as a percentage
of the total number of likely associations of that tissue. Finally, the percentage of associations in
each class was averaged over all pairs of tissues. Associations were analogously classified for
the six pairs of tumor- and healthy-derived scores.
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The likely associations of each tissue that were unlikely or not quantified in other tissues were
further classified by gene expression. First, gene expression levels across tissues were
obtained from the protein atlas (consensus normalized expression) [12], and aggregated at the
whole-tissue-level by taking the maximum expression for each protein over the sub-tissues for
the brain (cerebellum, amygdala, cerebral cortex, basal ganglia, choroid plexus, hippocampal
formation, hypothalamus, midbrain, pituitary gland, spinal cord) and colon (colon, duodenum,
small intestine). Expression of bone marrow was used for blood. For a pair of tissues, the
proteins were selected whose expression was at least 2-fold higher in one tissue compared to
the other tissue. The likely associations of that tissue that were unlikely or not quantified in the
other tissue and that involved at least one of the proteins with 2-fold higher expression were
then labeled as being unlikely or not quantified with reduced expression. Analogously, likely
associations of one tissue that were not quantified in another tissue were labeled as not
quantified without expression if the protein was not expressed in the other tissue (expression
level is 0 in the other tissue - these were not considered for the proteins having at least 2-fold
lower expression).

Similarity of likely associations between tissues (Fig. 2f)

For each tissue, the likely associations were filtered for having prior evidence. Specifically,
associations were filtered for interactions reported in HuRI (date = 23-02-27) [3], BioPlex
(combined interaction networks for 239T, HCT116 (both 22-09-22) and RPE1 (23-04-05)) [4],
Signor (23-04-05) [78], Reactome (23-04-05, [79]), STRING (with scores >= 400 — 22-10-24)
[80], and all pairwise complex members from HUMAP with scores exceeding the 99-th percentile
(23-11-20) [1] and CORUM (22-09-20) [76]. The similarity of likely associations between each
pair of tissues was then computed as the Jaccard index of their sets of likely associations after
filtering for the different types of prior evidence, or without any filtering.

Context-dependent associations for protein complexes (Fig. 3a)

Association scores were filtered for protein pairs quantified for all tissues. Proteins were filtered
for having associations with all subunits of the AP-2 complex, and further filtered for the 103
proteins that were known to interact with at least one AP-2 subunit (STRING scores > 400).
These 103 known interactors were then divided into the 37 synaptic and 66 other (non-synaptic)
proteins (following SynGO, release 2021-02-25), and their association scores with the AP-2
subunits were averaged at the complex level (Table S22). The distribution of complex-level
association scores for the synaptic proteins were then compared between the brain and the
other tissues on average (one-sided MWU-test). The distributions for the non-synaptic proteins
were compared following the same methodology. The AP-2 complex was visualized with the
interactors that had the largest complex-level difference in association scores between the brain
and the other tissues, taking synaptic interactors that had higher association scores in the brain
and non-synaptic interactors that had higher association scores in the other tissues.

Proteins associated with GO cellular components
Descriptions of GO terms were downloaded from Gene Ontology
(http://purl.obolibrary.org/obo/go/go-basic.obo - date = 23-06-28 [88]) and filtered for not being

22


https://paperpile.com/c/rirhhF/g3Dv
https://paperpile.com/c/rirhhF/mqot
https://paperpile.com/c/rirhhF/KCj5
https://paperpile.com/c/rirhhF/4Z0Q
https://paperpile.com/c/rirhhF/yyqm
https://paperpile.com/c/rirhhF/im8B
https://paperpile.com/c/rirhhF/rxtg
https://paperpile.com/c/rirhhF/jeNK
http://purl.obolibrary.org/obo/go/go-basic.obo
https://paperpile.com/c/rirhhF/nxah
https://doi.org/10.1101/2024.05.15.594301
http://creativecommons.org/licenses/by/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2024.05.15.594301; this version posted May 17, 2024. The copyright holder for this preprint (which
was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY 4.0 International license.

obsolete, having a description, and being cellular components but not protein complexes
(namespace = ‘cellular_component’, name does not contain ‘complex’ — 2.059 compartments).
The cellular compartments were annotated with associated genes (HGCN gene symbols) using
the QuickGO annotations from EBI (date = 23-07-03). Additionally, the cellular compartments
were annotated with associated genes reported by UniprotKB (date = 23-06-28) through their
Rest API. For both sets of associated genes, the cellular compartments were filtered for having
at least 10 and at most 500 genes quantified through the association atlas, and were then
merged GO-term level. The resulting 454 GO cellular compartments each have at least 10
associated genes from either EBI or UniprotKB reported in the association atlas (Table S23).

Proteins associated with human traits through GWAS variants, drug targets or mouse
phenotypes

Evidence was downloaded from the Open Targets repository (OTAR, date = 23-07-10) [89,90].
Three types of evidence collected from OTAR were used for associating genes to traits.
Specifically, genes were considered associated with traits through GWAS, mouse phenotypes
(International Mouse Phenotyping Consortium (IMPC)) [94] or as drug targets (ChEMBL) [93].
For genes associated with traits through GWAS, the evidence was loaded from the OTAR
‘ot_genetics_portal’ source (scores exceeding 0.5 were considered as confidently associated
genes). Gene identifiers were converted to HGCN gene symbols following the symbols used in
the association atlas (following the same identifiers used in ‘Homogenizing protein identifiers
across cohorts’). Trait identifiers (EFO) were converted to trait names using annotations from
the Open Targets platform. For genes associated with traits through mouse phenotypes and
drug targets, the evidence was loaded from the OTAR sources ‘impc’ (scores exceeding 0.5)
and ‘chembl’ (clinical stage | or higher) respectively. All gene sets were filtered for genes that
were quantified in the association atlas (Tables S24-26).

Disease-relevant associations for protein complexes (Fig. 3b)

The association scores were filtered for protein pairs quantified for all tissues. For associations
with disease genes (Fig. 3b), the disease genes for Anemia (blood), Crohn's disease (colon)
and Liver disease (liver) were then selected by merging together the genes associated to each
disease through GWAS (OTAR L2g > 0.5), drug targets (ChEBML clinical stage | or higher) or
mouse phenotypes (IMPC). Protein complexes for each disease (Hemoglobin (GO:0005833 -
for blood), Chylomicron (GO:0042627 - for colon) and Fibrinogen (GO:0005577 - for liver)) were
filtered for complex members that had interactions with the other subunits according to STRING
(scores > 750). Tissue-specific associations were then selected for each tissue-related pair of
complex and disease, defined as the associations that were likely in the respective tissue but
whose score remained below 0.5 in all other tissues. Exemplary disease genes were selected
by taking the proteins that had at least two (liver) or four (blood, colon) tissue-specific
associations and whose specificity was largest on the complex-level. Specificity of the
tissue-specific associations was computed as the difference between the highest (respective
tissue) and second highest (other tissues) association score, averaged over the subunits of the
protein complex.
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Trait- and component-level association scores and relationship scores of traits and
components

Protein sets were defined by the genes associated to GO cellular components (454 components
- 'Proteins associated to GO cellular components') or genes associated to traits through GWAS
(274 traits - 'Proteins associated with human traits through GWAS variants, drug targets or
mouse phenotypes'; traits having at least 50 associated proteins). Set-level association scores
were then defined as the median of the association scores between all pairs of proteins in the
set that were quantified for a given tissue. Set-level association scores were computed for all
protein sets in all tissues (Tables S6-7). The relationship score between protein sets A and B for
a given tissue was defined as the median of all association scores between proteins from A
(that were not in B) and proteins from B (that were not in A). Relationship scores were then
computed for all pairs of protein sets in all tissues (Tables S3-5).

Specificity and preservation of relationship scores (Fig. 3d)

For each tissue, the relationship scores between cellular components (from ‘Trait- and
component-level association scores and relationship scores of traits and components’) were
normalized with the median association score of the tissue, and filtered for relationships whose
score was quantified for all tissues. Relationships were then filtered for pairs of components
whose score averaged across tissues exceeded 1.5, and for which the name of at least one
component contained ‘ribosom’, ‘spliceo’ or ‘snRNP’. Alternatively, relationships were filtered for
pairs of components whose coefficient of variation across tissues exceeded 0.3 and for which
the name of at least one component contained ‘synap’, ‘axo’, ‘neuro’, ‘dendrit’, ‘node of Ranvier’
or ‘calyx of Held'.

Relationship scores for prioritizing genes associated with OCD (Fig. 3e)

The trait-level association scores (from ‘Trait- and component-level association scores and
relationship scores of traits and components’) were normalized with the tissue-median for each
tissue and then z-scored across tissues. The top 15 traits most specific to the brain were
selected by taking the traits with the highest z-score for the brain tissue (Table S8). The trait-trait
relationship scores of the brain were then filtered for all relationships of the brain-specific traits.
The resulting matrix scored the relationships of the brain-specific traits with all other traits, and
was used to cluster the brain-specific traits. Next, the cellular components that had relationship
scores were filtered for components having at least 15 proteins quantified in the association
atlas (384 components). The trait-component relationship scores of the brain were filtered for all
relationships between these components and OCD, from which the 15 components with the
highest relationship scores with OCD were selected (Table S27). The component-component
relationship scores of the brain were then filtered for all relationships of these OCD-related
components and used for clustering the OCD-related components.

Enrichment of OCD-associated genes in the OCD-related components was then tested with
one-sided Fisher’s exact tests. The genes confidently associated with OCD through GWAS
(OTAR L2G > 0.5) were removed from all gene sets before testing (these genes were already
used to score the relationships between OCD and cellular compartments). For each
OCD-related component, the genes in all other cellular components were used as backgrounds.
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OCD-associated genes were defined as OCD drug targets (ChEMBL clinical stage Il and
higher), genes associated with OCD in mice (IMPC) or genes with weak evidence supporting
them as causal for OCD (OTAR L2G < 0.5 - disorders with at least 10 associated proteins). The
collection of all other genes reported in each database was used as a background respectively.
Finally, the enrichment of OCD-associated genes in all other cellular components was tested in
similar fashion (Table S28). For each database of OCD-associated genes, the cellular
components were filtered for the ones that contained OCD-associated genes. The level of
enrichment of OCD-associated genes in OCD-related components was then compared with the
enrichment in the other components by comparing the distributions of non-adjusted p-values
(one-sided MWU-test).

Predicting associations of schizophrenia genes (Fig. 4a)

For each tissue, a tissue-specific distance matrix of GWAS traits was created by computing the
pairwise Manhattan distance between pairs of traits using the relationship scores between traits
after z-scoring across tissues. The schizophrenia-related traits were then selected as the top 15
traits closest to schizophrenia. Analogously, the schizophrenia-related GO cellular
compartments were selected by z-scoring the relationships between schizophrenia and
components across tissues, and then selecting the top 15 components most specific for
schizophrenia in each tissue. The potential interactions were then the protein pairs that had one
gene confidently associated with schizophrenia through GWAS (L2G scores > 0.5 - n = 368)
and one gene from the tissue-specific schizophrenia-related traits and compartments. These
potential interactions were filtered for associations whose likelihood exceeded the 97-th
percentile of association scores (Table S9).

Schizophrenia-associations enriched with schizophrenia genes (Fig. 4b)

The 368 genes confidently associated with schizophrenia through GWAS were removed from
the collection of proteins involved in the potential schizophrenia-interactions for each tissue.
Enrichment of other schizophrenia-associated genes was then tested with a one sided Fisher’s
exact test using all other proteins of the associations for each tissue as background. For these
tests, the schizophrenia-associated genes were defined as schizophrenia drug targets
(ChEMBL clinical stage Il and higher), genes associated with schizophrenia in mice (IMPC) or
genes with weak evidence supporting them as causal for schizophrenia (OTAR GWAS L2G <
0.5). The collection of all other genes reported in each database were used as background
respectively.

Schizophrenia-associations validated by pulldown interactions (Fig. 4c)

Brain interactions were collected and pooled from pulldown studies using micro-dissected
human brain tissue or human iPSC-derived neurons (Table S10) [98-102]. These pulldown
interactions were filtered for bait proteins that were confidently associated with schizophrenia
(OTAR L2G score > 0.5), and the predicted schizophrenia associations were filtered for
associations that involved the same bait proteins. This ensured that the predicted schizophrenia
associations were the associations that could have been pulled down with the available baits,
and that the pulldown interactions represented the collections of interactions that would have
been found for baits available in the association atlas. Enrichment was then tested with a one
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sided Fisher's exact test, comparing the predicted schizophrenia associations for the bait
proteins with all other associations as background for each tissue respectively. Background for
the pulldown interactions were all associations of each tissue that could have been pulled down
for the same baits.

Network of validated interactions for schizophrenia genes (Fig. 4d)

Potential schizophrenia-associations from the brain tissue (n = 1.318) were filtered for
interactions reported in the pulldown studies (n = 1.942). The remaining n = 156 protein
interactions were defined as the validated interactions for schizophrenia genes. The resulting
network of validated interactions was further annotated with the association scores for the other
tissues in the association atlas, and whether the interactions were reported in the major protein
interaction databases (STRING score > 400, HuMAP interactions exceeding the 99-th
percentile, and interactions from HuRI, BioPlex, and IntAct [9]) (Table S11).

Visualizing the network of validated schizophrenia interactions (Fig. 4d)

The STRING network was filtered for fully connected subgraphs (cliques) of proteins in the
network of validated schizophrenia interactions (schizophrenia network). Cliques were selected
if they consisted of at least 3 proteins (and all STRING scores exceeded 950) or if they
consisted of at least 4 proteins (all STRING scores exceeded 750). The selected cliques were
the starting graph of the visualized graph. To this graph, all interactions between the cliques and
bait proteins in the schizophrenia network were added, together with any interaction between
these bait proteins and other proteins in the schizophrenia network that had prior evidence for
being related to schizophrenia (i.e., schizophrenia drug targets (ChEMBL clinical stage Il or
higher), associated with schizophrenia in mice (IMPC), or had weaker evidence supporting them
as causal for schizophrenia (OTAR L2G < 0.5)) (Table S11). Finally, each GO cellular
component was tested for being enriched with the genes of each clique (excluding bait) in the
visualized network using a one-sided Fisher’'s exact test. All other proteins of the brain
associations and all other genes reported for the GO cellular components were used as
backgrounds. Benjamini-Hochberg adjusted p-values were log-transformed and sorted for the
cellular component with the strongest enrichment. Cellular components are shown for adjusted
p-values < 0.01.

Structural models of protein-protein interaction interfaces (Fig. 4-5)

Structures were predicted using AlphaFold-multimer v. 2.3.1. Input protein sequences were
downloaded from Uniprot (release 2023 03 to release 2024 02). The use of templates was
turned on. Five structures were predicted for each protein pair, and the predicted structure with
the highest model confidence score was considered the “best” structure for each pair. The
predicted DockQ (pDockQ) scores were calculated for the top ranked structure using the
implementation from [115]. Interaction interfaces were defined by considering that any residue
with at least one atom within 10 A (and 5 A (Fig. 4e)) of the other protein chain is part of the
interface.

Synaptosome preparation
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Cortices of adult rats (Sprague—Dawley) were dissected and a synaptosome preparation was
generated using Syn-PER (Thermo Scientific) according to the manufacturer's instructions. All
animal experiments were carried out under institutional guidelines (ZH172/18 Kanton Zirich
Gesundheitsdirektion Veterinaramt).

Cell lysis

The procedures used for cell lysis and SEC-based fractionation followed experimental protocols
previously published [123,124], with slight adaptations regarding the lysis, detergent and used
SEC-column. In short, synaptosomes were lysed in HNN buffer (50 mM HEPES, 100 mM NacCl,
50 mM NaF) supplemented with Protease inhibitor (1x out of a 500x stock solution), 20 mM
Sodium-Vanadate (of a 200 mM stock solution), 1 mM PMSF (from a 100 mM stock solution)
and 1% n-Dodecyl B-D-maltoside (DDM), from a freshly prepared 10% DDM stock solution.
Samples were lysed by gentle pipetting up- and down. The lysate was pre-clarified by
centrifugation at 16,000 g at 4 °C for 20 minutes. The supernatant was split to multiple
ultracentrifuge tubes in order to remove insoluble cell debris by ultracentrifugation in a TLA
100.1 rotor (Beckman-Coulter) at 35,000 g at 4°C for 15 minutes. Next, supernatants were
transferred to Eppendorf tubes and protein concentration was assessed by BCA assay
(ThermoFisher Scientific). A total protein amount of 1.2 mg (or 319 yL of protein lysate) was
then diluted up to 4 mL with HNN buffer (without detergent). To concentrate the sample and
remove surplus detergent, samples were concentrated over a 30 kDa molecular weight cutoff
filter (Amicon). Samples were centrifuged at 3,600 g at 4 °C for 5 to 10 minutes, with 5 minutes
intervals to monitor lysate volume. First samples were concentrated to approximately 500 uL
before diluting them again up to 1 mL. This dilution step was repeated for a total three times,
before samples were concentrated to approximately 100 pL.

Separation of complexes by size-exclusion chromatography (SEC)

For the separation of complexes, a 1260 Infinity Il HPLC system (Agilent) connected to a SRT-C
SEC-1000 (Sepax) 7.8x300 mm column with a SRT-C SEC-1000 (Sepax) 7.8x50 mm
pre-column was employed. The system was operated at 500 pL/min flow rate. The column was
equilibrated with SEC-buffer (50 mM HEPES, 100 mM NaCl, pH 7.5) for at least 4 column
volumes (CV). Before collection of the separated sample, a replicate of the rat synaptosome
extract was injected to prime the column. The input for the prime and SEC-experiment was kept
at 950 ug total protein amount (according to BCA). The sample was fractionated into 75 x 100
pL fractionations. For separation the HPLC was cooled to 4°C and the column was placed on
ice. Column performance was monitored by injecting before and after the experiment a standard
protein mix (Phenome protein standard mixture, diluted 1:3 in SEC-buffer).

Preparation of SEC-fractions by FASP protocol

SEC-fractions were further processed employing a high-recovery and high-throughput FASP
protocol (Fossati et al., Methods Mol Biol, 2021). In short, the 96-well Acroprep advance filter
plate (10,000 MWCO) was equilibrated by flushing the plate twice with 100 yL H,O
(HPLC-grade) followed by centrifugation at 1,800 g. Each fraction was diluted 1:1 (v/v) with
SEC-buffer and added to the filter plate. Additionally an aliquot of SEC-input was added to the
filter plate. Sample was loaded by centrifugation at 1,800 g to completely remove the
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SEC-buffer. Next, 50 yL of TUA buffer (6 mM TCEP, 8 M Urea, 20 mM Ambic) was added to
each fraction. The plate was incubated for 30 minutes at 400 rpm at 37 °C. After cooling down
the plate to room temperature, 20 yL of 35 mM IAA was added to each well and the plate was
incubated for 1 hour at 400 rpm at room temperature. Urea, IAA and TCEP were removed by
centrifugation at 1,800 g and the plate was washed 3 x 100 pyL of 20 mM Ambic with
centrifugation steps in-between. After the last centrifugation there should be less than 10 pL 20
mM Ambic left in each well. Before adding the digestion mix, the filter plate was moved to a new
receiver plate. Proteins were digested overnight at 300 rpm at 37 °C by adding to each well 1 pg
Trypsin and 0.3 pg Lys-C diluted in 50 yL 20 mM Ambic. Peptides were collected by
centrifugation at 2,400 g for 30 minutes. The filter plate was subsequently washed with 100 L
of HPLC-grade H20. To increase recovery of hydrophobic peptides, 50 L of 50% Acetonitrile
was added to the receiver plate. Each fraction was then transferred to LoBind tubes and
peptides were dried under reduced pressure at 42 °C.

MS-data analysis of SEC-fractions

For MS analysis, peptides were reconstituted in 5% acetonitrile and 0.1% formic acid containing
iRT peptides (Biognosys). The peptides were analyzed on a Fusion Lumos mass spectrometer
(Thermo Scientific) using a 2 cm Acclaim™ PepMap™ 100 C18 HPLC trap column (Thermo
Scientific) and 25 cm EASY-Spray™ HPLC analytical column (Thermo Scientific) set-up
connected to an EASY-nLC 1200 instrument (Thermo Scientific) as previously described
[125,126]. Peptides were loaded in 100% buffer A (98% H20, 2% acetonitrile, 0.15% formic
acid) and eluted at a flow rate of 250 nL/min with a segmented 1-h gradient from 1 to 58% buffer
B (80% acetonitrile, 0.15% formic acid). The data was acquired in data-independent
acquisition (DIA) mode. The Orbitrap-based method used contained 40 dynamic windows
over a scan range of 350—-1650 m/z with 30,000 resolution and 27% HCD collision energy and a
survey scan with 120,000 resolution and a maximum injection time of 50 ms and default charge
state 2. The mass spectrometry proteomics data have been deposited to the ProteomeXchange
[127] Consortium via the PRIDE [128] partner repository with the dataset identifier PXD049084.
The processed protein information and protein-protein associations are available through the
BioStudies repository for this paper https://www.ebi.ac.uk/biostudies/studies/S-BSST1423.

Pre-processing of synaptosome co-fractionation data

Raw files were converted to HTRMS using HTRMSConverter (Biognosys) and analyzed in
Spectronaut 13 (Biognosys) applying the “only protein group-specific” proteotypicity filter, and
otherwise, the standard manufacturer’s settings for directDIA using the UniProt reference
proteome for Rattus norvegicus (retrieved October 2019), QC standards and common
laboratory contaminants. The Spectronaut output (BGS report) was then further pre-processed
(Table S29). Rat protein identifiers were converted to human orthologs (Ensembl BioMart, date
= 2023-09-26). The total sum of intensity of the fractions was scaled to account for different
dilutions applied at the MS injection stage (fractions 44 to 54 were multiplied by 2 and fraction
56 to 75 were multiplied by 4). After rescaling, fractions were removed when the total sum of
intensity was less than 50% of the average total sum of intensity for the adjacent 10 fractions
(fractions 44, 45, 50, 51, 63 and 69). For the purpose of estimating co-fractionation through
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correlation of protein intensity across fractions, the total sum of intensity for each fraction was
then normalized to account for variation of total intensity between neighboring fractions (~25.8%
difference in total intensity between neighboring fractions on average). The data was then
pre-processed following ‘Computing interaction probabilities from co-fractionation data’.

Predicting the synaptic interactome from co-fractionation data in the brain (Fig. 5a-b)
Co-fractionation data from the in vivo rat synaptosomes (75 fractions), in vivo mouse brains (110
fractions) [6] and subcellular fractionation of a human glioblastoma cell line (U251, 10 fractions)
[7] was pre-processed as described in ‘Pre-processing of synaptosome co-fractionation data’
and following ‘Computing interaction probabilities from co-fractionation data’. For each study, the
correlations of the pre-processed intensities were computed per protein pair across fractions as
in ‘Computing association probabilities’. The correlation estimates of the studies were then
filtered for protein pairs that were quantified for all three studies (1.287.210 pairs), and
converted to interaction probabilities using a logistic model and all three studies as variates
(model weights ~0.90 (glioblastoma), ~2.35 (mouse brain), ~0.68 (rat synaptosome); intercept
-0.95), with complex members as positives (following ‘Computing association probabilities’)
(Table S30). AUC values for the recovery of complex members were computed using the
association probabilities for each study individually and the combined studies following
(‘Computing AUC values’).

Interactions involving synaptic proteins enriched for more probable associations (Fig.
5¢)

Sets of synaptic proteins were defined as reported in the SynGO database [83] (release date =
2021-02-25; 1233 genes), reported as synapse enriched in mouse brains [107] (converted to
human proteins through orthologs - 1685 genes), reported as part of synaptic cellular
components (genes in GO cellular components [88] whose name contain descriptions of ‘neuro’,
‘synap’, ‘axo’, or ‘dendrit’ components - 1869 genes), or reported as having elevated expression
in the brain (Protein Atlas, maximum expression of the brain tissues exceeds twice the average
expression of the other tissues - 6142 genes; [12]) (Table S31). Synaptic interactions were
defined as the protein pairs whose interaction probability exceeded the 90-th percentile in the
synaptic interactome (probability ~0.67). Interactions were then split into involving synaptic
proteins (as defined above) or between proteins that were not synaptic proteins (between other
proteins). The distributions of association scores were then compared for the interactions
involving synaptic proteins and the interactions between other proteins for each tissue in the
association atlas and each set of synaptic proteins (one-sided MWU-test).

Defining network of interactions between synaptic proteins (Fig. 5d)

The interaction probabilities of the synaptic interactome and the association scores of the brain
from the association atlas were filtered for protein pairs that were quantified in both (1.287.206
protein pairs). The resulting protein pairs were further filtered for protein pairs that were both
reported as synaptic proteins according to the SynGO database (41.616 pairs). Finally, the
remaining protein pairs were filtered for both the synaptic interaction probabilities exceeding 0.5
and the brain association scores exceeding 0.5 (5.248 pairs). The resulting network of validated
interactions between synaptic proteins was further annotated with the fractions of tissues for
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which the interactions were likely (from the association atlas) and whether the interactions were
reported in the major protein interaction databases (STRING score > 400, HUMAP interactions
exceeding the 99-th percentile, and interactions from HuRI, BioPlex, IntAct and CORUM
complex members) (Table S14).

Annotating validated synaptic interactions for brain disorders (Fig. 5d)

GWAS traits were selected for having associated mouse phenotype data (IMPC) or drug targets
(ChEMBL - clinical stage Il or higher). Traits were further filtered for having trait-level association
scores relative to the median association score in each tissue being elevated in the brain
compared to the other tissues (z-score > 0 - 43 traits; 11 disorders were specific to the brain;
Table S15). The network of synaptic interactions was filtered for interactions between proteins
associated with any of the brain-specific disorders, and each interaction was annotated with the
respective disorder(s) (72 proteins; 514 interactions) (Table S16). Finally, the network was split
into subnetworks of synaptic interactions between proteins associated to each disorder - if at
least three interactions were available - and further annotated with evidence for that disorder
(whether the gene is associated to the disorder according to IMPC, ChEMBL, or OTAR GWAS,
including the SNPs and L2G scores for each gene). The visualized networks represent the
annotated data (except for schizophrenia).

List of materials

Cell lysis + SEC + sample preparation

# compound # product number # supplier
HEPES, BioPerformance = | H4034 Sigma-Aldrich
99.5

Sodium-Chloride (NaCl) 1.06404.5000_P Merck
Sodium-Fluoride (NaF) S7920 Sigma-Aldrich
Sodium Orthovanadate S6506 Sigma-Aldrich
(Na3Vv0O4)

PMSF P7625 Sigma

Protease Inhibitor cocktail P8849 Sigma

n-Dodecyl B-D-maltoside D4641 Sigma-Aldrich
(DDM)

Column Performance Check | AL0-3042 Phenomenex
Std. Aqueous SEC 1

BCA assay kit 23225 ThermoFisher Scientific
Ultracentrifuge tubes (8x34 | 343776 Beckman-Coulter
mm)

TLA 100.1 rotor Beckman-Coulter
Amicon(R) Ultra-4, 30 K UFC803096 Merck

Guard column, SRT-C1000, | 235950-7805 Sepax

5 um, 1000 A, 7.8x50 mm
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Spect. Grade

SRT-C1000, 5 pym, 1000 , 215950-7830 Sepax
7.8x300 mm

Liquid Chromatography high | 1100 Series Agilent
pressure pump

Degasser 1100 Series Agilent

LC Fraction Collectors 1260 Infinity Series Agilent

LC Operating Software OpenLab
Agilent

AcroPrep Advance 96 Well | 8164 Pall

Filter Plates, 350 uL,

Omega 10K MWCO

HPLC-grade H20 7732-18-5 Fisher Chemical
Urea GEPUREOQ0-67 Eurobio
TCEP C4706 Sigma-Aldrich
lodoacetamide 16125 Sigma
Ammonium-bi-carbonate 09830 Fluka

(Ambic)

Sequencing Grade Modified | V5113 Promega AG
Trypsin

Lysyl Endopeptidase, Mass | WA3 125-05061 Wako

Acetonitrile, LC/MS Grade 75-05-8 Fisher Chemical
LoBind tubes 022431081 Eppendorf
iRT Kit Ki-3002-2 Biognosys
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SUPPLEMENTARY FIGURES
Abundance of known interactors correlates Abundance of CCT complex subunits
for tumor and healthy samples (in Lung) across tumor and healthy samples (in Liver)
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Figure S1. Abundance of known interactors correlates across tumor and healthy samples (Related to Fig. 1). (a) To compare the abundance of
proteins across samples, we filtered for studies for which we had both tumor and healthy samples whose abundance values were not truncated (17
studies). We further filtered each study to only consider paired samples and genes that were quantified in all samples for both the tumor and healthy
samples. As an example of the co-abundance of known protein interactions, we looked at the protein pairs that were most co-abundant in tumors on
average across studies. Specifically, we took the Fibrinogen proteins FGB and FGG (average Pearson correlation ~0.97) and the Hemoglobin proteins
HBB and HBD (~0.93). Shown is the (co-)abundance of these proteins for the healthy and tumor samples for a representative cohort with many
samples (n = 216 - in the lung). Each dot represents the abundance in one sample for the healthy (purple) and tumor (blue) samples. (b) As an
example of the co-abundance of subunits in a protein complex, we selected the abundance of the CCT complex subunits from a representative cohort
having a large number paired tumor and healthy samples (n = 163 - in the liver; Gao2019). Shown is the abundance of the CCT subunits across
patients for the tumor (blue - top) and paired healthy samples (purple - bottom). Patients were sorted by the abundance in tumors of the subunit that
had the largest variance across patients. Subunits were sorted by the correlation across tumors with the same subunit (CCT2). Healthy data is shown
in the same order. For this example, we found that the abundance of CCT subunits correlates across tumor samples (average Pearson correlation
coefficient ~0.93 + 0.01) and healthy samples (~0.75 + 0.01). Surprisingly, we found that the abundance of CCT subunits poorly correlated between the
healthy and tumor dissections across patients (0.11 + 0.04), which generalized to the correlation of protein abundance of paired healthy and tumor
samples across studies (average correlation coefficient of healthy and tumor samples across common genes and studies ~0.21 + 0.03).
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Figure S2. Co-abundance estimates as function of the number of patients per cohort (Related to Fig. 1). (a) To test the effect of the available
number of samples on the co-abundance estimates, we computed the recovery of known protein interactions when varying the number of samples.
Specifically, we computed the AUC for the recovery of interactions between subunits of the CORUM complexes when subsampling the samples of
cohorts with large numbers of samples. As cohorts, we selected studies that had cohorts consisting of at least 200 cancer patients and whose AUC on
the entire dataset exceeded 0.75. Moreover, we used at most one cohort per tissue, selecting the cohort achieving the highest AUC value on the entire
dataset. In total, we selected 5 cohorts (breast, kidney, liver, lung and brain). We then filtered each cohort for proteins that were quantified for all
samples, such that we could quantify co-abundance estimates for the same protein pairs across sample sizes (i.e., the analysis does not depend on
the available protein pairs). We then subsampled varying numbers of patients of each cohort and computed the AUC for the recovery of interactions for
CORUM complexes using the association probabilities computed from the co-abundance of proteins within the respective subsampled sets of patients.
Shown is the AUC as a function of the number of samples for each of the cohorts. As expected, the AUC value decreases as the number of samples
decreases. (b) Additionally, we computed the number of protein pairs that were both quantified in at least a threshold number of samples as a function
of that threshold number. Here, we did not filter for proteins quantified for all samples. Shown is the percentage of possible protein pairs as a function of
the threshold number of samples required for computing a co-abundance estimate (same studies as in (a) (dark red), studies with 75-100 samples
(light red)). The fraction of protein pairs for which we can compute a co-abundance estimate decreases when requiring more samples (increasing
threshold number of samples). In (a-b), the gray dotted line shows the threshold number of samples (n = 30) used throughout this work. Overall, these
analyses demonstrate that having more samples for computing co-abundance estimates result in association scores for less protein pairs but higher

AUC values. As a compromise, we used a threshold of 30 samples for computing co-abundance estimates throughout all analysis.
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Fig. S3. Associations between complex members are more likely than associations of other protein pairs (Related to Fig. 1). We compared the
association scores of complex members with the association scores of proteins that are not reported as interacting according to the CORUM database
using the transcriptomics and proteomics data from a single Lung cohort. Shown are the Kernel Density Estimates (KDE) for the association scores
derived from protein co-abundance and RNA co-expression, for both complex members (green) and other protein pairs (red). These distributions
demonstrate that the associations between complex members are more likely compared to the associations of other proteins, especially as quantified
through protein co-abundance.
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Figure S4. Cohorts recover tissue-specific associations (Related to Fig. 1). We tested whether a cohort of a tissue could recover associations
predicted by the other replicate cohorts of the same tissue. For this, we used the tissue-specific associations for each tissue: associations whose
average probability exceeded the 95-th percentile for a given tissue and whose average probability remained below 0.5 across all other tissues. We
then used a hold-one-out methodology where we predicted the tissue-specific associations for a given tissue with all-but-one cohorts of that tissue, and
tested how well the withheld cohort could recover the predicted associations. By predicting and recovering the tissue-specific associations through
sequentially withholding each cohort of a given tissue, we could score how well each cohort aligned with the other cohorts of that tissue. Shown are the
AUCs for recovering the tissue-specific associations across tissues. Each dot represents one cohort. Error bars show mean and s.e.m. (when
available). We found three cohorts whose AUC values were below 0.55 for recovering the associations predicted by the other cohorts of the same
tissue. We chose to not incorporate these cohorts for computing the aggregated tissue scores as the tissue-specific associations of these cohorts were

poorly aligned with the other cohorts of the same tissue (brain, breast and throat).
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Figure S5. Comparing variation of abundance for tumor and healthy samples (Related to Fig. 2). To compare the variation between samples of
tumor and healthy samples, as before, we selected the abundance of common genes and common samples in the 17 studies that had paired tumor
and healthy samples available. We then computed the standard deviation of abundances across samples and averaged the standard deviations over
all genes. We found that the average standard deviation across patients was 0.78 + 0.1 for the tumor samples and 0.66 + 0.1 for the paired healthy
samples. Shown is the variation across tumor samples as function as the variation across healthy samples. We compared the distributions of average
standard deviations using a paired t-test (one-sided; p-value 1.9e-3), suggesting that - averaged over all genes - there is no reason to assume that the
tumor samples are less variable than the paired healthy samples. Finally, when comparing the standard deviation of abundances across samples
between tumor and healthy samples per gene, we found that the tumor samples were on 1.3 + 0.08 -fold more variable compared to the healthy
samples. Overall, these analyses suggest that the genetic heterogeneity of tumors is represented in the data by a larger variation in abundance of the
tumor samples compared to the paired healthy samples in the cohorts. Dots represent the different studies. Diagonal indicates equal variation between

tumor and healthy samples.
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Fig. S6. Network of protein interactions that are lost in tumors (Related to Fig. 2). For six tissues we had protein association scores derived from
both tumor and from healthy biopsies (colon, kidney, liver, lung, stomach, throat). We hypothesized that there may be some protein interactions that are
lost for tumors and that the loss of these interactions could be reflected in our association scores. To test this, we computed the difference between the
healthy and tumor-derived association scores for each of the six tissues. We then selected the protein pairs that were quantified in at least three of the
tissues (13,905,554 protein pairs). We further filtered for protein pairs that are known to interact (reported in STRING with scores exceeding 400 —
63,433 pairs). Finally, we selected the protein pairs for which, in at least one tissue, the tumor-derived association score was at least 0.5 below the
association score derived from the healthy biopsies of the same tissue (“lost associations” — 88 pairs). Thus, we ensured that we considered only
known interactions that were commonly quantified in our association atlas and whose likelihood of associating substantially decreases for at least one
tissue. We found no reason to assume that known protein interactions were enriched for such lost associations compared to associations without prior
evidence (i.e., no STRING score exceeding 400; p-value 0.7 — one-sided Fisher exact test). Here, we used all non-“lost associations” with and without
having prior evidence as backgrounds respectively. Next, we explored the proteins that were involved with the lost associations. First, using mutation
frequencies for any tissue from the Pan-cancer Atlas (cbioportal), we found that 58% of the proteins with lost associations were frequently mutated in
cancers (mutation frequencies exceeding 1%). Indeed, the average decrease in association scores from healthy- to tumor-derived scores was
generally larger for cancer proteins compared to the association scores between other proteins (p-value 6.7e-207 — one-sided MWU-test). Looking at
the GO biological processes related to the lost protein associations, we found that the lost associations were most enriched for proteins related to
positive regulation of cell population proliferation (p-value = 6.4e-5; GO:0008284) and positive regulation of cell migration (2.5e-3; GO:0030335), with
fibroblast migration (1.5e-2; GO:0010761), canonical Wnt signaling (1.5e-2; GO:0060070) and adherens junction organization (1.5e-2; GO:0034332)
also being amongst the most related processes (Fisher’s exact test with Benjamini-Hochberg (BH) adjusted p-values; all other proteins from the known
interactions and all other proteins in GO biological processes used as backgrounds respectively). Finally, we found that 0.027% p/m 0.02% of likely
associations had a difference that exceeded 0.5 when comparing the healthy and tumor-derived scores. In other words, at most 0.03% of protein pairs
have a substantial difference in association scores and are likely to be associating according to either — but not both — the healthy-derived or the
tumor-derived scores. The substantially different association scores are thus negligible on the scale of the association atlas. Thus, while the known
interaction lost in tumors may be sensible in the context of cancer, our observations demonstrate the lack of a sizable cancer-specificity in the
association atlas. The visualized network shows the known protein interactions whose association is lost in tumors for at least one tissue. Nodes are
colored for the proteins being associated with the positive regulation of cell population proliferation (red), cell migration (blue) or other (gray). Node

edges indicate proteins that are frequently mutated in cancer (black) or not (gray).
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Figure S7. Differences between tissues not primarily driven by gene expression (Related to Fig. 2). (a) Heatmap showing the enrichment (log10
p-value; Fisher’s exact test) of genes with tissue-enriched expression (at least 4-fold higher expression compared to any other tissue; from the Protein
Atlas ‘consensus normalized expression’) amongst the proteins for which we quantified protein associations in each tissue. (b) association probability
and number of likely associations of proteins whose expression is tissue-specific (“TS”). Shown is the median association probability in each tissue for
all quantified protein pairs (gray dots), all associations of the tissue-specific proteins, or the associations between the tissue-specific proteins. As
tissue-specific proteins, we used the definition of the Protein Atlas (“tissue-enriched”; genes whose expression is at least 4-fold higher in one tissue
compared to any other tissue — orange dots) or the top 250 proteins that are quantified in our association atlas and had the most tissue-specific
expression (“elevated expression”; highest z-score across tissues — purple dots). Each dot represents one tissue. Given the low and varying number of
proteins that were tissue-enriched for some tissues, we used here the top 250 proteins with elevated expression as representative to quantify the effect
of gene expression. We found that the median association probabilities changed from 0.35 + 0.01 for all quantified protein pairs to 0.34 + 0.01 for all
associations of proteins with elevated expression, and to 0.47 + 0.03 for the associations between the proteins with elevated expression. Here, the
likely associations between the proteins with elevated expression represented 0.14% + 0.02% of all likely associations, while all likely associations of
the proteins with elevated expression represented 4.8% + 0.2% of all likely associations of the tissues. We found similar numbers for the
tissue-enriched genes (main text). Thus, the proteins that were quantified for a given tissue are generally enriched for genes with elevated expression
for that same tissue, but not the other tissues. Moreover, the protein associations between these genes are more likely than the associations of other
proteins. However, the associations of proteins with elevated expression are not generally more likely compared to the associations of all proteins, and

the collection of likely associations of proteins with elevated expression is not substantial compared to all likely associations.
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Figure S8. Quantifying differences of associations between pairs of tissues (Related to Fig. 2). (a) For each tissue, we selected the protein pairs
whose association scores exceeded the n-th percentile of associations in that tissue (“likely” associations - for convenience of notation, we changed the
definition for likely associations to be the associations exceeding some n-th percentile of associations in this supplementary figure). We then quantified
the percentage of protein pairs whose association score in another tissue also exceeded the n-th percentile (green bars), remained below some m-th
percentile (“unlikely” - orange bars), or that were not quantified in the other tissue (“not quantified” - gray bars). Shown is the percentage of
associations averaged over all pairs of tissues. Dark colored sections (green/orange) indicate the maximum and minimum percentage of the
tissue-level averages. For the unlikely and unquantified associations we additionally computed the percentage of associations that involved proteins
whose expression was reduced by at least 2-fold in the other tissue (red bar section - Protein Atlas) or that were not expressed (purple bar section).
Shown are the percentages for unlikely associations as defined through association scores exceeding the 90-th percentile (top bar) or 67-th percentile
(bottom bar), with the unlikely associations defined by association scores remaining below the 50-th percentile (top bar) or 33-rd percentile (bottom
bar). We find that 17% - 32% of associations are shared with other tissues depending on the threshold used to define the likely associations. Moreover,
similar to Fig. 2e, we find that 18% - 22% of differences in likely associations between tissues are explainable by changes in gene expression. With a
wide range of thresholds defining the likely and unlikely associations, these observations support our observation that the differences between tissues
are not driven by gene expression. (b-c) As in (a) but for associations shared between “dummy tissues” (b) and the healthy- and tumor-derived scores
as independent replicates for the same tissue (c). (b) Analogously to the 11 human tissues, we constructed “dummy tissues” that aggregated the
association probabilities from cohorts of mixed tissues. By mixing cohorts of different tissues, we eliminate the tissue-specificity of tissues (i.e., the
effects of tissue-specific associations and gene expression), thereby leaving other sources of variation. That is, the difference between dummy tissues
and actual tissues is primarily the tissue-specificity of our association atlas. Here, we mixed cohorts originating from the lung, breast and liver (the
tissues having at least 5 cohorts, excluding the brain). Having 5 cohorts available from each, we could construct 25 dummy tissues where all cohorts
are paired exactly once (25 unique combinations of cohorts from the breast and liver, that each can get assigned a lung cohort to never reuse a pair of
cohorts). We then split these dummy tissues into 5 sets of 5 dummy tissues each, ensuring that in each set the dummy tissues do not share any
cohorts. For each set, we then computed the differences of associations between pairs of dummy tissues (as in (a)). We found that - depending on the
thresholds for likely and unlikely associations - between 23% and 39% of likely associations was shared between dummy tissues. Compared to our
association atlas, the dummy tissues thus share 6% - 7% more likely associations, which can be attributed to tissue-specificity of our association atlas.
Given the conservation of other sources of variation for the dummy tissues, these results provide a lower bound of 6% for the percentage of
tissue-specific associations between pairs of tissues. Moreover, the unquantified associations for the dummy tissues illustrate that 19% - 22% of likely
associations are not replicated when using different cohorts and studies for the same tissue. This observation suggests that the majority of the
unquantified associations between tissues in the association atlas originated from experimental sources such as the different groups of patients and
experimental procedures, further confirming our observations that the differences between tissues are not driven by gene expression. (c) As in Fig. 2e
for the healthy- and tumor-derived scores. We find that between 44% and 58% of associations are shared between replicate tissues, resulting in an
estimated 26-27% of associations being tissue-specific when compared to the association atlas. Together, these results suggest that - for the chosen
thresholds for likely and unlikely associations - between 6% and 27% of likely associations are tissue specific between pairs of tissues of our

association atlas.

39


https://doi.org/10.1101/2024.05.15.594301
http://creativecommons.org/licenses/by/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2024.05.15.594301; this version posted May 17, 2024. The copyright holder for this preprint (which
was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY 4.0 International license.

A B
Variation landscape of complex stability Complexes conserved across tissues
£ Tissue median Tissue median Complex family
= I / _ Yy
3 0.6 @ Respiratory chain
? § 0.6 |- @ Ribosome
X - —
% % | > 8 % i [ ] Pro‘teasome
€204k .‘... =32 @ Spliceosome
QO ® ® qC) 204 Chromatin remodelling
O I.‘( o= Y b
e z 3
[ s 48 L D CAlUmerace
“?9 \, 8 8 ) 1era ‘
F®02F ).. c T Q2 .‘( @ Emerin
@ <} “r le
% 8 ™ = 5 I b ke @ TNF signalling
g i 5 T I o8 P Other
‘S 00 ] ] 1 ) > 0.0 1 1 ] J
5 0.4 0.6 0.8 1.0 0.4 0.6 0.8 1.0
= Association score Association score

Figure S9. Well-defined human protein complexes preserved across tissues (Related to Fig. 2). Given the conservation of associations between
complex members across tissues, we explored the variation landscape of well-defined human protein complexes. Specifically, we filtered the human
protein complexes in the CORUM database for complexes that consisted of at least 5 subunits and merged complexes with identical names. For the
resulting 645 protein complexes, we explored the variation of associations within complexes and between tissues. We computed a complex-level
association score (the median association score between all pairs of subunits; Table S17), a complex-level variation (the coefficient of variation (CV) of
the association scores of all pairs of subunits; Table S18) and the variation of complexes between tissues (the CV of the complex-level association
scores across tissues). (a) Complex-level variation as a function of the complex-level association scores, both averaged across tissues. We found that
76% of the protein complexes had an average complex-level association score that exceeded 0.5. Complexes became more variable as the
complex-level association score decreased (rho = -0.77, -log10-p-val = 125), suggesting that the associations of subunits become unlikely for more
variable — less stable — complexes. Indeed, we found that variable complexes typically involved signaling and regulation (e.g., TNF and Emerin
complexes) while more stable complexes involved central cellular structures (e.g., ribosomes and the respiratory chain). (b) Average and variation of
complex-level association scores across tissues. Variation of complexes between tissues poorly correlates with the complex-level association scores
(rho = -0.27, p-value = 2.8e-12). As expected, central cellular structures such as the ribosome, respiratory chain, spliceosome, proteasome, and RNA
polymerase were less variable between tissues compared to other protein complexes for which we quantified at least 5 subunits in all tissues (average
CV across tissues of ~0.12 and ~0.15 respectively, p-value 4.1e-7; MWU-test). However, we also found that complexes were not more variable across
tissues than arbitrary collections of associations. Specifically, we found that there was no reason to assume that the complexes were more variable
across tissues than dummy complexes consisting of arbitrary subunits and following the same size distribution (average coefficients of variation of
0.167 and 0.168 respectively; p-value 0.52, MWU-test. To construct these dummy complexes, we randomly sampled the subunits for each CORUM
complex from the pool of proteins that was quantified in all tissues (20 replicates) and subsampled these sampled subunits to match the number of
actual subunits that were quantified for each tissue. We then computed the association score of the dummy complex as the median association score
between all pairs of the sampled subunits). Together, these observations suggest that the well-defined protein complexes are generally preserved
across tissues, and that there is no reason to assume tissue-specificity at the complex-level beyond what would be expected to result from
tissue-specific interactions of the individual subunits to a similar degree as arbitrary pairs of proteins. In (a-b), each dot represents one protein complex.

Brown solid line represents the median tissue score averaged over the tissues.
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Figure S10. Protein associations vary for tissue-specific cellular components (Related to Fig. 2). Analogous to the protein complexes, for each
tissue, we computed component-level association scores as the median association score between all pairs of proteins associated with cellular
components as defined by the Gene Ontology (Methods). We then selected the cellular components for which at least 10 associated proteins were
quantified in all tissues, and computed the component-level association scores relative to the median association score for each tissue. Shown are
these relative component-level associations z-scored across tissues, filtered for the cellular components whose z-score exceeded 2.5 in at least one
tissue. We found that ~21% of cellular components had z-scores exceeding 2.5 in at least one tissue. Indeed, the protein associations varied strongly

for typical tissue-specific components, such as synaptic components for the brain and structural components of muscle fiber for the throat.

41


https://doi.org/10.1101/2024.05.15.594301
http://creativecommons.org/licenses/by/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2024.05.15.594301; this version posted May 17, 2024. The copyright holder for this preprint (which
was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY 4.0 International license.

A B
Tissue-elevated cellular components related to disease Tissue-elevated cellular components

associating with disease genes

Throat: myofibril & GERD

Stomach: rough ER
& GERD

TMOD1 NCF1
FBP2 ccbe4?
criod O @GUCY1B1 O CHUK Throat
1 /1 ©CATM APPZTA @ YLt
CSRP1 / RPN2 p
. OKRT13 26t OFTo Stomach
SVIL 4 L sros ReN1 (Y -
\ ] Y
TWF2 SN Y PLOD1 \E“. /I CoKALt Pancreas oo oo )
TPM1 ‘=~:: - CAE;?SW PLOD3 PI4KB Extracellular vesicle
9
MTMT ) oAk CKAP4 MACO1 Ovary
—0i2 |
. i . A Lung e e
Pancreas: extracellular vesicle Lung: 9+2 motile cilium | ]
& type 2 diabetes mellitus & respiratory failure Liver o o & &% Microbody
e o
sLc12a2 TERC ‘
O_@HERC2 rapia ATPIAT Kidne la
[ J
MGAT1 ® TMEM 1065 (¢] © ANKI y
COLOAZ ey PIK3R1 CAPZB
COL6A3 A\‘ 4 o'Te83 Colon o e s °
e PPP2R2A
ITGB2 & . ACE CROCC Breast
PKM £40 ) '
FGA 5 SEPTIN2 Brain GABA-ergic : azt::)rmg
FGB synapse ] o 00
ynap ©88® embrane
. . [ 4
Kidney: intracellular nMBO Blood o o008

& kidney disease Component member L 1 1 1 ] |

WNK?NCE‘7 T?éSR Disease gene O 0-IO 1-0' p
o o Known interaction 0g10(# of disease genes)
TARDBP N © MAOB Likely on average
HNRNPAT S5O RrpL 18
CAPRINT  EvR1

Figure S11. Tissue-specific associations for cellular components related to tissue-specific disorders (Related to Fig. 3). Analogous to Fig. 3b.
We selected the cellular components for which at least 5 associated proteins were quantified in all tissues. For each tissue, we then filtered for the
components whose relative component-level association score exceeded 1 when z-scored across tissues. For each tissue-elevated component, we
selected tissue-related disorders whose associated proteins (partially) overlapped with the component, and looked for tissue-specific associations
between the non-overlapping proteins (i.e., tissue-specific associations of proteins associated to the component with proteins associated to the
disorder). Here, we defined as tissue-specific the associations that are likely in a given tissue (association score > 0.5) but not likely in any other tissue
(< 0.5), and whose z-scored association score additionally exceeded 2 for that tissue. Finally, we filtered for proteins that had at least two of such
tissue-specific associations for a given component-disorder pair. (a) Throat-specific associations of myofibril with proteins associated to
Gastroesophageal Reflux Disease (GERD), stomach-specific associations of rough Endoplasmic Reticulum (ER) with GERD, pancreas-specific
associations of extracellular vesicles with type 2 diabetes, lung-specific associations of 9+2 motile cilium with respiratory failure, and kidney-specific
associations of intracellular non-Membrane-Bounded Organelles (nMBO) and kidney disease. Associations are likely on average across tissues (thin
gray lines) or tissue-specific (thick colored lines). Thick gray lines are interactions with prior evidence (STRING scores exceeding 100). Shown are
component members (gray nodes) that are disease genes (black edge) or have tissue-specific associations with disease genes (colored nodes). (b)
Disease-genes having tissue-specific associations with tissue-elevated cellular components. Shown is the number of disease-associated proteins
having at least 2 tissue-specific with each tissue-elevated component (overlapping genes are ignored). Each dot represents one tissue-elevated
component (no components were elevated for the breast). In (a-b), we ignored traits (measurements) and cancers, and required disorders to be related
to tissues by name (e.g., disorders for hemoglobin and anemia were assigned as related to blood, while “neuro” disorders were related to the brain,
etc). Proteins were associated with disorders through GWAS (OTAR L2G score > 0.5), mouse phenotyping (IMPC) or as drug targets (ChEMBL clinical

stage Il or higher). Components are defined through GO annotation.
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Figure S12. Mapping the organization of subcellular structures (Related to Fig. 3). Using our association atlas, we sought to explore the structural
organization of the human cell by systematically mapping the relations between multi-protein structures such as organelles and protein complexes in a
tissue-specific manner. Most ontologies such as GO have been built and manually curated by domain experts. However, manually curating relations
between ontology terms at scale and in a consistent manner has proven to be difficult. Moreover, systematically mapping the relations between
ontology terms is challenging as it requires some relational information to link terms with no overlapping genes. For example, pairs of protein sets such
as GO cellular components share few proteins with an average Jaccard index of ~0.008, illustrating that such gene sets are insufficient to link arbitrary
pairs of ontology terms. However, as an example, one would expect that proteins that are annotated to be related with the nuclear membrane have
higher association scores with proteins annotated with other nuclear-linked compartments compared to arbitrary proteins. By calculating the average
association scores between pairs of proteins from different components for each tissue, we could thus build a tree of relationships that recovers the
structural organization of the cell in a tissue-specific manner. We defined the relationship score between two ontology terms as the median association
score between all pairs of proteins that are not shared between the terms (following Fig. 3). This methodology thus omits any similarity between terms
that is simply due to the presence of common genes. (a) As a proof-of-concept, we sought to explore the relationships between subcellular structures
as defined through cellular location data reported by the Protein Atlas (date = 23-06-17). We filtered for proteins that had an unique main location and
whose reliability was ‘Enhanced’ or ‘Supported’. We then determined the relationship scores between all subcellular locations in all tissues. Finally, we
averaged the relationship scores between subcellular locations across tissues, and then clustered the locations to reconstruct a map of subcellular
structures. Dendrogram shows the subcellular structures as defined by cellular location of proteins from the Protein Atlas (complete-linkage clustering
with the Manhattan distance). Subcellular structures are labeled as nuclear (orange), cytoplasm (green) or endomembrane (yellow) following
annotation from the Protein Atlas. We found that the structures were organized based on both organellar similarity (i.e., nuclear, cytoplasmic and
endomembrane) and spatial distribution (i.e., nucleus, cellular core and periphery). The relationship scores thus reveal a hierarchical organization of

structures in the cell. (b) With the same approach, we used the relationship scores to map the hierarchical organization of GO cellular components. We
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computed the component-level association scores as the median association score between all pairs of proteins associated with a GO cellular
component. We then selected the cellular components whose median association score exceeded 0.5 when averaged over the tissues. We then used
the relationship scores between these 71 cellular components, relative to the median association score of each tissue, to compute the average relative
relation between each pair of components. Dendrogram shows hierarchical organization of GO cellular components (complete linkage clustering with
the Manhattan distance of the relationship matrix). Leaves are colored based on shared GO ancestry of the cellular components (i.e., components are
colored based on shared first common ancestors in the go-basic dataset (date=27-07-2023). Specifically, following the branches from leaves to the
root, each intermediate cluster in the dendrogram was labeled according to the first common ancestor of its leaves. Only ‘is_a’ relationships of cellular
compartments in go-basic were considered (goatools)). We found that cellular components with common GO ancestry generally clustered together,
except for a diverse group of cellular anatomical entities. The proposed methodology thus reconstructs the spatial organization of preserved cellular
structures on several size-scales ranging from protein complexes to subcellular compartments. (c) Finally, we used the relationship scores across
human tissues to map the tissue-specificity of cellular components. As an example, for each tissue, we filtered for pairs of components that consisted
of at least 15 proteins and whose relationship score exceeded the 99.5-th percentile of all pairs of components. We then selected pairs of cellular
components whose relationship scores were tissue-specific (z-scores > 3), revealing modules of high-confidence, tissue-specific relations between
cellular components for the brain (purple) and throat (yellow). We annotated the cellular components that were enriched with genes from mouse
phenotypes (green boxes - IMPC). Here, each component shows at most one phenotype and each phenotype is shown only once, for the component
having the strongest enrichment (Fisher’s exact test, Benjamini-Hochberg (BH) adjusted p-values < 0.0001). The brain modules had tissue-specific
connections involving synaptic components that were enriched with genes associated with brain disorders in mice. Similarly, for the throat, we found
that the modules had tissue-specific connections of cellular components for muscle fiber and were enriched with genes associated with muscular
disorders in mice. Overall, these analyses demonstrate the use of our association atlas for systematically scoring the relations between cellular

structures in a tissue-specific manner.
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Figure S13. Schizophrenia-related brain associations enriched for interactions from AP-MS in neurons (Related to Fig. 4). As before, we
filtered the brain interactions from pulldowns to baits that we would consider based on GWAS studies (L2G > 0.5), and we filtered the protein
associations in each tissue to only include associations that we could have detected with the pulldown studies (i.e., interactions of the bait proteins).
We then tested how well the association scores could recover the brain interactions from pulldown studies in a tissue-specific manner. (a) First, we
tested whether the most likely associations of each tissue (association scores exceeding the 95-th percentile) were enriched for these pulldown
interactions. Indeed, we found that these top-percentile associations were enriched for the brain-interactions from pulldowns, especially for the brain
(log10 p-value 114.6) compared to the other tissues (2.2 p/m 0.9). (b) Next, we tested whether we could filter these most likely associations to further
enrich the pulldown interactions. To do so, we selected the associations of protein pairs that involved one schizophrenia starting gene (L2G > 0.5) and
one protein from the top 15 traits and cellular components that had the strongest tissue-specific relation to schizophrenia in each tissue (Methods).
Here, we found that these schizophrenia-prioritized protein pairs were further enriched for the pulldown interactions compared to the other likely
interactions, with the brain (-log10 p-value 6.3) outperforming most other tissues (1.5 p/m 0.6 - except for the lung (6.6)). We could thus use the likely
associations of protein pairs involving schizophrenia genes and genes from related traits and cellular components to enrich for interactions found for
schizophrenia genes with pulldowns in brain cells. (c) Finally, we confirmed that the enrichment of pulldown interactions amongst the likely
schizophrenia-prioritized associations was not sensitive to the choice of the threshold association score (i.e., the 1og10 p-value exceeded 45 for all

threshold association scores in the range 0.5 (all likely interactions; ~85-th percentile) to 0.9 (~99.8-th percentile)).
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Figure S14. Proposed methodology for constructing networks of disease-related brain associations enriches for disease genes (Related to
Fig. 4). We selected brain-disorders from the GWAS traits that were also a mouse phenotype (IMPC) or had drug targets (ChEMBL) and whose
trait-level association scores were elevated in the brain compared to the other tissues (z-score > 0; Fig. 3). Following the methodology identical to
selecting the potential schizophrenia-related interactions (Fig. 4a-b), we created tissue-specific networks of associations for each of the resulting 11
brain disorders. In short, we started by taking the genes associated with each disorder through GWAS studies (“starting genes” — L2G scores > 0.5)
and computed the top 15 traits and cellular components that had the strongest tissue-specific relation to the respective disorder in each tissue. We then
considered as potential interactions all protein pairs that had one starting gene for a brain-disorder and one related gene for that same disorder,
respectively (Methods). Next, for each tissue, we filtered these potential interactions for being in the 95-th percentile of the tissue-scores, leading to
tissue-specific networks of associations for each brain-disorder. (a) After removing the starting genes for each disorder from the respective
brain-network, the remaining genes were enriched for genes associated to the respective disorders through mouse phenotypes (log10-p-value ~3.5
p/m 1.5 — Fisher’s exact test), drug targets (~7.2 p/m 2.8 — ChEMBL clinical stage Il and above), and variants with weak evidence supporting them as
causal for the respective disorder (~3.5 p/m 1.4 — L2G scores < 0.5). Shown are the BH-adjusted log10-p-values for each disorder. (b) For most
disorders (except Alzheimer, Parkinson, and multiple sclerosis), this enrichment was elevated for the brain compared to the other tissues, as
demonstrated by the z-scored adjusted log10-p-values for the brain (z-score > 0). This enrichment was especially striking for autism, bipolar disorder,
schizophrenia and ADHD (z-score > 1.5) for all of the gene-disease associations. Together, these observations suggest that the proposed methodology

presents a systematic approach for prioritizing disease genes of tissue-specific traits.

Supplementary Tables
Table S1 to Table S31 are available through the BioStudies repository for this paper
https://www.ebi.ac.uk/biostudies/studies/S-BSST1423.
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