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Supplementary Note 1: Biases and PPI network selection 5 

To estimate how the data generation process of different networks may affect predictions, we 6 

compared the topological measures for positively labeled Mendelian and the remaining genes. In 7 

systematically acquired large-scale datasets networks such as HuRI1 and BioPlex2, Mendelian 8 

disorder genes have almost the same probability to be in the neighborhood of other Mendelian 9 

disorder genes as unlabeled genes (Supplementary Figure 1a).  In contrast, in networks generated 10 

by agglomerating data from hypothesis-driven approaches the proportion of other Mendelian 11 

disorder genes in their neighborhood (homophily) increases. This drastic discrepancy reflects on one 12 

hand the well documented inspection bias of hypothesis-driven approaches1,3,4, but may also be 13 

influenced by the incompleteness of high-throughput approaches (Supplementary Figure 1b). The 14 

degree distribution of Mendelian and unlabeled genes further confirms the substantial inspection 15 

bias in the small-scale literature. While there is no meaningful difference in the distribution and mean 16 

degree of both groups of genes in the tested unbiased networks, in networks based on the small-17 

scale literature, Mendelian disorder genes show a substantial shift towards higher degrees than 18 

unlabeled genes, this reflecting the ‘interest’ of the community in specifically studying these genes 19 

(Supplementary Figure 1c).  Since GNNs are influenced by the label distribution in the direct 20 

neighborhood5, this effect of publication bias on the neighborhood label distribution might artificially 21 

increase performance on a holdout set while at the same time perpetuating existing biases if 22 

hypothesis-driven networks are used. Although IntAct6 shows biased patterns towards a higher mean 23 

degree of Mendelian disorder genes, we include it in our analyses both as a reference to other 24 

studies and to account for interactions that are not covered by high-throughput approaches, but we 25 

monitor the effect of its biases on the resulting candidate genes (Supplementary Note 4). STRING7 26 

(cutoff 0.7), on the other hand, is excluded due to its drastic difference in degree distributions 27 

between Mendelian disorder genes and unlabeled genes. 28 
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Supplementary Note 2: Design and optimization of GNN 30 

Our model consists of three parts, pre-message passing (pre-MP), message passing (MP) and post-31 

message passing (post-MP) (Supplementary Figure 5). Pre- and post-MP are MLPs built from 32 

stacked fully connected layers interspersed with ELU nonlinearity, while the MP module is built from 33 

GNN layers, interspersed with ELU nonlinearity and instance normalization layers. The pre-MP 34 

module is built of one input layer which transforms the input space into the hidden dimension 𝑑𝑖𝑚ℎ𝑖𝑑 35 

of our model and q further layers which extract node-level features and feed it into the MP module. 36 

We use the same hidden dimension 𝑑𝑖𝑚ℎ𝑖𝑑 across all hidden layers of the model. The MP module 37 

is built from r blocks each consisting of one GNN, one nonlinearity, and one normalization layer, 38 

which then feeds the latent features into the post-MP module. The post-MP module consists of 𝑠 39 

fully connected layers for node-level pattern recognition and two fully connected layers to transform 40 

it into the one-dimensional output space with an intermediate step of 
𝑑𝑖𝑚ℎ𝑖𝑑

2
 dimensions. We have 41 

searched hyperparameters q and s for all iterations from 1 to 6 without much difference in 42 

performance (data not shown). Therefore we settled at q = s = 2, which leaves both modules ample 43 

room for feature recognition and keeps the number of model parameters small. When  evaluating 44 

the impact of the  dimensionality of the pre- and post-MP input/output vectors 𝑑𝑖𝑚ℎ𝑖𝑑 at  10, 20, 30, 45 

40, 50, 75, 100, 125 we observed no performance change  exceeding one standard deviation of the 46 

AUROC; we fixed 𝑑𝑖𝑚ℎ𝑖𝑑 = 50. Although hidden dimensions larger than 125 were included in the 47 

code, the runs went out of memory on a 40GB A100 GPU for the large, multi-network models and 48 

did not return results. 49 

For the MP module, we tested 35 adjacency matrices and eleven GNN layers from the repertoire of 50 

PyTorch Geometric, of which eight are single-network GNNs, which only use a single adjacency 51 

matrix and which are evaluated first, and three are multi-network GNNs, that can use multiple 52 

adjacency matrices simultaneously. Setting the number of GNN layers to r = 0 collapses the model 53 

into an MLP with only pre-MP and post-MP and renders the influence of adjacency matrix and GNN 54 

layer to zero. Supplementary Figure 6 shows the influence of different single-network GNN layers 55 

and the hyperparameter 𝑟 on the performance of the model using the adjacency matrices BioPlex 56 

3.0 HEK293T, GRNdb Adipose Tissue and IntAct Direct Interaction. We evaluated the topology 57 

adaptive graph layer (TAG)8, GraphSAGE9, the graph transformer layer10, Chebyshev graph 58 

convolution layer11, the seminal graph convolution layer (GCN)12, simplified graph convolution layer 59 

(sGCN)13, the graph attention layer (GAT)14 and the graph isomorphism layer (GIN)15. We conducted 60 

the hyperparameter optimization for gene labels of immune dysregulation (Supplementary Figure 6) 61 

and cardiovascular disease (now shown). For two adjacency matrices, most layers reduce the model 62 

performance compared to an MLP (r = 0). Only with IntAct Direct Interaction (Supplementary Figure 63 

6c), the GNN (r > 0) outperforms the MLP. However, across all three adjacency matrices, the TAG 64 

layer usually outperforms all other layers. The best performing layers, especially according to 65 

Supplementary Figure 6b, c are TAG, GraphSAGE and the graph transformer layer. These layers 66 

either have mechanisms to block out the neighborhood and retain the self node’s features during the 67 
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convolution (TAG and GraphSAGE) or have a non-linear neighborhood attention mechanism 68 

(transformer), allowing them to modulate the incoming message. Simpler GNN layers, however, fail 69 

to perform compared to the MLP, which hints towards the tendency of the full neighborhood 70 

information being harmful for prediction. From these data we settled for 2 TAG layers which generally 71 

achieve the best performance and do not deteriorate performance below the performance of an MLP. 72 

After fixing the MP module to 2 layers of TAG, we investigated the performance on all 35 adjacency 73 

matrices. In this analysis we also included three multi-network GNN layers that use all adjacency 74 

matrices which are typed and fed in the network simultaneously: RGCN16, RGAT17 and FiLM18. RGAT 75 

went out of memory for all runs on a 40GB A100 GPU and is not shown. As recent analyses19 showed 76 

that allowing the information flow to also bypass the GNN can drastically improve the performance, 77 

we also evaluated a skip-connection from pre-MP to the output of MP and concatenation of pre-MP’s 78 

and MP’s output features prior to post-MP (Supplementary Figure 5c). From the single-adjacency 79 

runs, only Intact Direct Interaction and Intact Physical Association provide a benefit, likely reflecting 80 

the above discussed bias (Supplementary Figure 7a). Using all adjacency matrices simultaneously 81 

is only helpful if the FiLM layer is used. Furthermore, using a skip-connection or concatenation is not 82 

beneficial, possibly because the TAG layer already contains skip-connections and the FiLM layer is 83 

flexible enough to block and override unhelpful information. We therefore settle on using the FiLM 84 

layer with all adjacency matrices and the TAG layer with IntAct Direct Interaction without any further 85 

skip-connections or concatenations. 86 

Based on the HPO we have settled on two combinations of GNN layer and network: 1. using r = 2 87 

TAG layers on the IntAct Direct Interaction network and 2. using r = 2 FiLM layers on a merge of all 88 

networks. Due to the strict annotation criteria the IntAct Direct Interaction network is very sparse 89 

(Supplementary Figure 7b) and most nodes are isolated, whereas after merging all networks for the 90 

FiLM layer, only 33 nodes are not in the large connected component (Supplementary Figure 7c). 91 

The average shortest path length between positives and between all genes are much shorter in the 92 

combined network than in IntAct Direct Interaction. However, in both graphs positives and unlabeled 93 

nodes do not differ in their average shortest path lengths. Also, when combining the networks, the 94 

node degree distribution shifts away from a scale-free graph as low-degree nodes become less 95 

frequent than mid-degree nodes. Finally, positives in Intact Direct Interaction have a much higher 96 

frequency of other positives in their neighborhood than when all networks are combined. 97 

 98 
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4 

Supplementary Note 3: Network features influencing model performance 100 

Several observations indicate that, while the input features of every node and adjacent edges are 101 

important for its own prediction, the features of neighboring nodes may be irrelevant or even harmful 102 

for the machine learning task. In the initial evaluation of base classifiers (Fig. 1a), the best performing 103 

method for recovering held out positives is N2V+MLP. This method first uses a random-walk based 104 

neural network to project the graph topology into vector space without any node features. These 105 

vectors, which describe the position of nodes in the graph, are concatenated with the regular input 106 

features like GWAS summary statistics and gene expression for the node of interest and feed it into 107 

an MLP. Since the MLP part of N2V+MLP processes every gene in isolation, the neighboring node’s 108 

features are not seen by the model. It only processes the input features of the node itself along with 109 

the topological information of its position in the graph, encoding its connections to other nodes. At 110 

the same time we established that this topological information is valuable as N2V+MLP outperforms 111 

an MLP that only uses the regular input features in the recovery of held out positives (Fig. 1a) and 112 

in the discovery of unlabeled positives (Fig. 3a). In contrast to N2V+MLP, GNNs process graphs by 113 

convoluting the features of adjacent nodes along the connecting edges using the message passing 114 

framework. Thus, the edges are used to determine “where” the convolution is applied, but the 115 

neighboring nodes’ features define the content that is processed and propagated through the 116 

network.  117 

We observed that GNNs are outperformed by N2V+MLP in recovering held out positives (Fig. 1a), 118 

but perform better or comparable to N2V+MLP in discovering unlabeled positives (Fig. 3a, 4a). We 119 

ascribe this observation to the effect of GNN layers to regularize the ML training by weighting 120 

adjacent node’s features and acting as a low pass filter, and thus lowering the risk of overfitting to 121 

known positive examples. However, the performance of different GNN layers varies greatly, and in 122 

fact several decrease overall model performance (Supplementary Figure 6), whereas others achieve 123 

high prediction performance also for novel core genes (Fig. 3d). N2V+MLP works well for known 124 

positives but underperforms for unknowns (Fig. 3c). Since we are predominantly interested in the 125 

discovery of unlabeled positives, GNNs are the more promising choice. However, GCN12 and 126 

RGCN16 layers generally underperform (Fig. 1b). On the one hand GCN, which mainly exploits the 127 

features of all neighboring nodes, is outperformed by an MLP, and on the other hand N2V+MLP, 128 

which exploits edges but no neighboring node features outperforms the MLP. So, It appears that the 129 

node features of neighbors are not helpful, while the edges are per se informative. This explains that 130 

TAG8 ameliorates the dip in performance caused by the GCN layer by incorporating skip-131 

connections, which can bypass the message passing. In this setting, the TAG layer can be 132 

understood as a conditional GNN layer which, if the adjacent node’s features are unhelpful, can 133 

revert to an MLP for any given node. This is also mirrored in the fact that TAG always performs at 134 

least as good as an MLP if the network topology is unhelpful (Fig. 1b). However, this mechanism 135 

neglects the information contained in the topology of the graph alone, i.e. in the edges themselves, 136 

which appear to be helpful as indicated by the N2V+MLP performance. Conceptually, the FiLM18 137 
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layer, does not only use the sender node’s features for its convolution, but also the receiving nodes’ 138 

features and the type of the connecting edge. When we examined which features are most important 139 

for FiLM predictions we found that the influence of the adjacent node’s input features was negligible 140 

for individual examined nodes (see Supplementary Figure 17), and globally the latent features of 141 

surrounding nodes make up only a tiny proportion of all messages in the FiLM layer (Supplementary 142 

Figure 18, Supplementary Note 6). This indicates that also for FiLM the receiving node’s features 143 

and the edge type are the most important factors determining the message (Supplementary Note 7). 144 

Thus, reminiscent of the N2V+MLP results, the FiLM layer predominantly learns the topology free of 145 

the influence of adjacent node’s features but has the additional advantage of incorporating edge 146 

types.  147 

The fact that FiLM’s messages are mostly dependent on the receiving node’s features and the edge 148 

type is also reflected in the results shown in Fig. 5. The importance of the edges is almost identical 149 

between edges of the same type, with only minute differences caused by the sending node’s 150 

features. It also indicates that only a handful of roughly 300 incident edges is important for the 151 

prediction. Collectively these analyses indicate that methods gain performance when they have the 152 

option to ignore adjacent nodes’ features and instead learn patterns of select incident edges. 153 

Biologically, it is possible that neighborhood functions are encoded in the network topology, e.g. in 154 

the form of protein complexes, or a sufficiently specific interaction wiring in different modules, and 155 

thus learned indirectly by the GNNs as a pattern that better captures functions than individual node 156 

features. In addition, the wealth of connections, and network incompleteness, likely also impact on 157 

the observed phenomena. Novel methods that are designed to distill the information of edges20,21 or 158 

topological features22,23 of the graph alongside the node features could therefore be a valuable 159 

addition to future iterations of comparable work.  160 

 161 
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Supplementary Note 4: Impact of network biases on predictions 163 

As the bias of aggregating small-scale literature is visible in network characteristics concerning 164 

Mendelian disorder genes (Supplementary Note 1), we monitored how these biased inputs affect the 165 

predicted candidate genes and potentially inhibit new insights. TAG, which is trained only on IntAct 166 

Direct Interaction, is heavily biased towards predicting genes that have a degree larger than zero in 167 

the IntAct Direct Interaction network (Supplementary Figure 11a) and in the case of immune 168 

dysregulation even exclusively predict such genes as candidates (Supplementary Figure 11b). This 169 

indicates that presence in the IntAct direct network, and hence the fact that the involved proteins 170 

were deemed ‘interesting’ by researchers to justify their biochemical purification and in vitro 171 

interaction studies, and hence previous perceptions of a gene’s importance, was a key feature in 172 

their prediction by TAG. The argument that the scientific communities’ accumulated knowledge 173 

reflected in such a focused deeper characterization of relatively few genes corresponds to underlying 174 

biological importance has previously been refuted1,3,4. The candidate genes predicted by FiLM, which 175 

is trained on all networks simultaneously including IntAct Direct Interaction and is aware of edge 176 

types, shows much lower odds ratios (OR) for genes from IntAct Direct Interaction, but still 177 

significantly higher than 1 (Supplementary Figure 11a). The Node2Vec in N2V+MLP is also trained 178 

on all networks simultaneously but is not aware of edge types, so IntAct Direct Interaction makes up 179 

only 0.36% of all edges, thus further reducing the ORs of genes contained in IntAct Direct Interaction 180 

among its candidates. Importantly, when FiLM is trained on all networks except IntAct Direct 181 

Interaction and IntAct Physical Association (FiLM Unbiased), we still reap the benefits of GNNs 182 

without biasing predictions towards genes included in IntAct. However, even the candidates 183 

produced by N2V+MLP and FiLM Unbiased are weakly enriched for genes involved in IntAct Direct 184 

Interaction, reflecting a bias of IntAct Direct Interaction for immune system regulation. This 185 

interpretation is supported by the validation of FiLM Unbiased predictions using mouse KOs, in which 186 

the OR drops for immune dysregulation, compared to the initial FiLM predictions, but not for other 187 

disease groups like cardiovascular disease (Supplementary Figure 12a, Supplementary Data 4).  188 

Furthermore, differentially expressed genes and drug targets (Supplementary Figure 12b, c) show 189 

comparable levels of enrichment for most diseases whether IntAct Direct Interaction is used with 190 

FiLM or not. Intriguingly, for immune dysregulation the enrichment of differentially expressed genes 191 

increases when IntAct data are removed, indicating that these networks might also be biased 192 

towards genes examined in small-scale mouse experiments, which is consistent with the reasoning 193 

that laborious mouse knock-out and in vitro studies are more readily done for genes/proteins 194 

considered important. Moreover, for immune dysregulation only candidates produced by the 195 

unbiased version of FiLM are enriched for druggable genes which are not yet drug targets 196 

(Supplementary Figure 12c, Dr-), indicating that the biases inherited from small scale literature could 197 

indeed prevent the discovery of new drug development opportunities. 198 

 199 

  200 
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Supplementary Note 5: Extraction of sub-phenotypes 201 

Upon closer examination, the query which leads to the Mendelian genes for cardiovascular disease 202 

mixes two distinct phenotypes: 1) a phenotype that is more focused on the heart muscle, its 203 

insufficiency or anatomical anomalies and 2) a phenotype that is mostly focused on the coronary 204 

arteries, stenosis and the cumulative deposits of plaque consecutively leading to disease. We 205 

therefore hypothesized that the unexpected results in the LoF validation are rooted in the classifier’s 206 

inability to fully capture these two distinct phenotypes. To test this hypothesis in an ablation 207 

experiment, we have split the query terms into two lists, ‘heart disease’ and ‘coronary artery disease’, 208 

to more precisely capture the two subtypes. We used these queries to obtain new sets of Mendelian 209 

genes from OMIM, which we conditioned to be strict subsets of the Mendelian genes previously used 210 

for cardiovascular disease, to not dilute the meticulous pre-selection carried out by Freund et al.24. 211 

The query for heart disease returned 400 Mendelian disorder genes while the query for coronary 212 

artery disease returned 271 Mendelian disorder genes with an overlap between the two sets of size 213 

134 (Supplementary Data 21). We used both lists to train new ensembles and repeated the LoF 214 

validation with the resulting candidate genes. Once the two phenotypes are separated, the LoF 215 

validation turns out more in line with our understanding of core genes (Supplementary Figure 15a & 216 

b), while the rest of validations still return strong results (Supplementary Figure 15c-e). We therefore 217 

conclude that our hypothesis is plausible; it appears that, in this instance, mixing of two distinct 218 

phenotypes caused the unexpected result. The newly introduced depletion in the results of the GCN 219 

classifier can be attributed to its generally mixed performance in several validations. 220 

 221 

Supplementary Note 6: Importance of neighborhood node features 222 

We have shown that some edges in the direct neighborhood of nodes and a selection of input 223 

features are vital for classification (Fig. 5). Besides their own input features, other node’s input 224 

features appear to be irrelevant for the prediction (Supplementary Figure 17). Some of the genes 225 

(e.g. HBB) are not even in the 2-hop neighborhood of the query node, indicating that the threshold 226 

of 0.1 (dotted gray line) is a good threshold to separate signal from statistical noise. The fact that 227 

TNFRSF25 and TNFRSF6B’s input features do not seem relevant, even though their connection to 228 

TNFSF15 is relevant (Fig. 5) indicates that it is in fact the physical connection of the proteins (i.e. 229 

the edge), and not the neighboring node’s features, that is meaningful. It furthermore underlines the 230 

power of the FiLM layer, which can override the message coming from these nodes and thus can 231 

create a meaningful message from unhelpful incoming node features (see Methods Section for 232 

details). Since the overridden message is conditioned only on the receiving node and the connecting 233 

edge type, the message is identical for all incoming connections of the same type. This explains why 234 

the edge importance of edges of the same type are almost identical (Fig. 5) and why RGCN, which 235 

lacks this mechanism and relies on transformations of the sender’s features, fails to perform 236 

adequately compared to FiLM (Fig. 1b). 237 

To further investigate the conjecture that neighboring node’s features are mostly irrelevant for the 238 
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prediction while the edges themselves are relevant, we have ascertained the influence of sender, 239 

receiver and edge on the message passing dynamic of the FiLM layer. The FiLM layer introduces 240 

an offset beta and a linear coefficient gamma for every feature of an incoming message 𝐱𝑢
(𝑡)

 from 241 

the sender node 𝑢 in the neighborhood of 𝑣 based on the edge type 𝑟 and the receiver node 𝑣: 242 

 243 

𝐱𝑣
(𝑡+1)

= ∑ ∑ 𝜎(𝛄𝑟,𝑣
(𝑡)

⊙ 𝐖𝑟𝐱𝑢
(𝑡)

+ 𝛃𝑟,𝑣
(𝑡)

 
) 

𝑢∈𝑁(𝑣)
 
𝑟∈𝑅   (1) 244 

 245 

Thus, the influence of the neighborhood node’s features is only relevant for the first part of the term: 246 

 247 

𝛄𝑟,𝑣
(𝑡)

⊙ 𝐖𝑟𝐱𝑢
(𝑡)

 
, (1) 248 

 249 

while the bias 𝛃𝑟,𝑣
(𝑡)

 is only dependent on the receiver node 𝑣 and the edge type 𝑟. We can therefore 250 

assess the balance between the influence of the neighborhood node’s features and the features of 251 

the receiving node the following ratio: 252 

𝛄𝑟,𝑣
(𝑡)

⊙𝐖𝑟𝐱𝑢
(𝑡)

 

𝛃𝑟,𝑣
(𝑡)  , (3) 253 

 254 

which is close to 0 if the message is dominated by the bias term 𝛃𝑟,𝑣
(𝑡)

 and thus irrelevant of the 255 

neighborhood node’s features. A high value still does not guarantee a high influence of 𝐱𝑢
(𝑡)

, but we 256 

can assume that it is increasingly relevant if the model decides to modulate it via 𝛄𝑟,𝑣
(𝑡)

 instead of 257 

simply overriding it via 𝛃𝑟,𝑣
(𝑡)

. 258 

The message features passed along the edges of all networks of the first FiLM-layer are, in fact, 259 

dominated by the bias term 𝛃𝑟,𝑣
(𝑡)

, rendering the sender’s latent features irrelevant (Supplementary 260 

Fig. 18a). The message features passed along the edges of gene regulatory layers by the second 261 

layer (see Supplementary Fig. 18b) are less heavily dominated by the bias term. However, this still 262 

does not mean that the actual input features are important, since the latent features of the senders 263 

have already been influenced by their incident edges in the first layer. It does, however, indicate that 264 

protein-protein networks and gene regulatory networks convey different notions of neighborhoods, 265 

which might be influenced by the former being bidirectional and the latter being unidirectional. 266 

 267 

  268 
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Supplementary Note 7: Additional predicted examples 269 

Analogous to the immune dysregulation examples in the main text, we also explored candidate 270 

genes predicted by FiLM for cardiovascular disease for suitable targets for drug development. 271 

OBSCN and ITGA7 receive high Consensus Scores (11 and 9, respectively) and their protein 272 

products are druggable but not yet targeted by any drug. 273 

OBSCN encodes the protein obscurin and is a large, modular protein with more than 80 exons and 274 

28 transcript isoforms25, which fulfill a wide range of functions in different tissues including skeletal 275 

and heart muscle26. Specific mutations in the OBSCN gene are implicated in hypertrophic 276 

cardiomyopathy27, age-dependent cardiac remodeling and arrythmia28. Furthermore, obscurin has 277 

been implicated in non-muscular functions and pathologies26. Film bases its prediction of OBSCN as 278 

candidate gene on its location downstream of multiple transcription factors across several tissues, 279 

and implicating it in inflammation (STAT2, ZNF384)29–31, angiogenesis (BRF1)32, and immune 280 

dysregulation after ischemic damage (IRF3)33 (Supplementary Figure 16a). 281 

The integrin subunit alpha 7 encoded by ITGA7 is located in the cell membrane and involved in cell-282 

cell and cell-matrix communication, and has been implicated in migration and invasion of malignant 283 

cells in metastasis formation34,35. Recently it was shown that mutations in ITGA7 contribute  to 284 

congenital muscular dystrophy36, adult-onset cardiac dysfunction37 and cardiomyopathy38,39, 285 

implicating a role in the etiology of cardiovascular diseases. The fact that FiLM bases its prediction 286 

on ITGA7 being located downstream of the estrogen related receptor alpha, encoded by ESRRA 287 

(Supplementary Figure 16b), opens the possibility that this gene mediates sex-related differences in 288 

genetic cardiomyopathies40. 289 

Neither OBSCN nor ITGA7 have been detected in GWAS studies for any heart-related traits, except 290 

PR interval (GCST010321) in the case of OBSCN. Despite this lack of detection, some OBSCN 291 

variants are known to contribute to left ventricular compaction41 and dilated cardiomyopathy42. 292 

Despite the absence of GWAS signal, Speos identified them as core gene candidates based on their 293 

tissue-specific gene expression (Supplementary Figure 16c, d). Especially their high expression in 294 

the left ventricle and atrial appendage are vital for their classification as expected for factors 295 

contributing to cardiovascular disease, as these anatomical regions are key players in several related 296 

pathophysiologies41,43. Although the understanding of the role the two genes play in cardiovascular 297 

disease is still in its infancy, at least OBSCN already raised expectations for novel treatments and 298 

therapeutics26, underscoring the value of Speos’ predictions for hypothesis development, even when 299 

significant genome wide associations have not been detected. 300 

 301 

  302 
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Supplementary Figures 303 

 304 

Supplementary Figure 1 | Properties of biased and unbiased networks. a, the top and bottom rows 305 
show the dependency of the neighborhood labels on the label of the center node of unlabeled genes 306 
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and Mendelian disorder genes for immune dysregulation and cardiovascular disease, respectively. 307 
The two left columns show results for systematically generated Bioplex 3.0 HEK293T and HuRI 308 
adjacency matrices. The two right columns show the adjacency matrices IntAct Direct Interaction 309 
and STRING (confidence > 0.7), which are largely assembled from hypothesis-driven small-scale 310 
data. Connectivity of Mendelian gene encoded proteins in the systematic networks is similar to that 311 
of unlabeled nodes. In the collated networks, proteins encoded by Mendelian disorder genes show 312 
higher assortativity, i.e. tendency to interact with each other, for both phenotypes. b, in each panel 313 
the left bar shows the fraction of nodes in the largest connected component (component 0) versus 314 
isolated small components and disconnected nodes. The right bar shows how the positive and 315 
unlabeled nodes are distributed among these components. c, the top and bottom rows show the 316 
degree distributions of Mendelian disorder genes and unlabeled genes for immune dysregulation 317 
and cardiovascular disease, respectively. The two left columns show the adjacencies Bioplex 3.0 318 
293T and HuRI, which are unbiased, systematically generated networks. The two right columns 319 
show the adjacencies IntAct Direct and STRING (confidence > 0.7), which are not systematically 320 
generated. The bias towards known disease genes in the two right networks can be seen for both 321 
phenotypes. First, the average degree of Mendelian disorder genes is higher than the average 322 
degree of unlabeled genes. Second, the degree distribution of the Mendelian disorder genes in 323 
STRING does not follow a scale-free degree distribution. On the contrary, nodes with a medium 324 
degree are the most abundant, while nodes of low and very high degree are rare.  325 
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 326 

 327 

Supplementary Figure 2 | Methods Comparison. *) assumptions about the prior class distribution of 328 
the PU learning problem in form of arbitrary cut-off that are imposed on rank distributions to divide 329 
candidate and non-candidate genes, in form of predetermined proportion of unlabeled positives. **) 330 
positive if the article also reports results using only unbiased networks or if the method can be 331 
reduced to only use unbiased networks without having to re-implement it. “Unbiased” networks 332 
represent large-scale, systematic experiments whereas “biased” networks stem from aggregating 333 
small-scale literature or using disease or gene ontologies. ***) within reason, i.e. without having to 334 
re-implement the method. ****) negative if the labels for validation are sourced from the same 335 
database as the input data, networks or training labels. †) uses label propagation instead of GNNs. 336 
°) Uses knowledge graph embedding models instead of GNNs. 337 

 338 

 339 
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 340 

Supplementary Figure 3 | Graphical Overview. a: The main objective of the study is to predict novel 341 

core genes for common complex diseases using Mendelian disorder genes as ground truth “strong” 342 

core genes according to the omnigenic model. b: We integrate multi-modal data either as feature 343 

vectors or as network data. A feature vector containing GWAS and gene expression features is 344 

assigned to every gene, genes with missing data are discarded. Genes are connected by several 345 

different biological networks which can be undirected or directed. Each network can be used 346 

individually or in conjunction with other networks. c: Hyperparameter search testing for various 347 

variations of networks, input data and methods to identify the method and setting that is best suited 348 

to recover held out Mendelian disorder genes. d: Development of a nested crossvalidation ensemble 349 

that leverages consensus between models in a two-stage process to predict novel core gene 350 

candidates from unlabeled genes. The best performing classifiers from step c are used as base 351 

classifiers for the ensemble. e: The core gene candidates identified in step d are selected for external 352 

validation by testing for several criteria that are expected for core genes, such as disease-specificity 353 

in knockout experiments and differential expression when the disease is present. 354 

 355 

 356 
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 357 

 358 

Supplementary Figure 4 | Additional performance metrics. a, the mean rank of all held out positives, 359 
ranked individually (i.e. filtered) against all unlabeled genes (lower is better), for different base 360 
classifiers, dataset variants and phenotypes. Combinations of methods and input data are indicated 361 
along the y-axis. The blocks group models using common input data as indicated: Only Network: 362 
adjacency matrix/matrices; Only Features: gene expression and GWAS input features but no 363 
adjacency matrices; No Expression: GWAS input features and adjacency of individual (single) or 364 
multiple (multi) networks; Network + Features: adjacency of individual (single) or multiple (multi) 365 
networks, GWAS and gene expression. b, the mean area under the precision recall curve (AUPRC) 366 
metric (higher is better) for different base classifiers, dataset variants and phenotypes. Combinations 367 
of methods and input data are indicated along the y-axis. The blocks group models using common 368 
input data as indicated: Only Network: adjacency matrix/matrices; Only Features: gene expression 369 
and GWAS input features but no adjacency matrices; No Expression: GWAS input features and 370 
adjacency of individual (single) or multiple (multi) networks; Network + Features: adjacency of 371 
individual (single) or multiple (multi) networks, GWAS and gene expression. 372 

 373 
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 374 

 375 

Supplementary Figure 5 | GNN Model Architecture. a, the general model architecture of all GNN 376 

models used in the experiments. The input features of node v are transformed into latent space by 377 

the pre-message passing module, which produces the latent vector xv pre-MP. This latent vector is 378 

fed into the message-passing module, where the neighborhood feature aggregation takes place 379 

according to the graph shown in panel b. Each layer aggregates one hop in the network. Arrows 380 

denote the aggregation operators of the respective GNN layers described in the Methods section. 381 

After message passing, the latent vector xv post-MP contains information of its n-hop neighborhood 382 

and is fed into the post-message passing module, which predicts the class of node v. The 383 

hyperparameters q, r and s control the number of layers per module. Not shown are nonlinearity 384 

functions and normalization layers. b, the simplified graph structure for the message passing shown 385 

in a with the observed node v in the center. Arrowheads denote the direction of the message passing; 386 

circles denote the respective n-Hop neighborhoods. c, normal versus alternative information flow 387 

through the network. Most commonly, all modules are chained consecutively, each feeding its output 388 

to the next. In the ‘Skip’ setting, the output vectors of the pre-MP and of the MP are summed up 389 

before being fed into the post-MP module. In the ‘concatenate’ setting, the output vectors of the pre-390 

MP and of the MP are concatenated before being jointly fed into the post-message passing module. 391 

In this setting, the first layer of the post-message passing module has twice the number of 392 

dimensions. 393 

 394 
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 395 

 396 

Supplementary Figure 6 | GNN Depth. Influence of the number of graph convolution layers r on 397 

model performance using the adjacency matrices a, BioPlex 3.0 HEK293T, b, GRNdb Adipose 398 

Tissue, c, IntAct Direct Interaction. Zero convolutional layers correspond to an MLP. The gray bar in 399 

the background denotes the interquartile range of all MLP-runs. Each boxplot is based on n = 16 400 

values. Boxes represent the interquartile range, colored bars are medians, whiskers extend at most 401 

1.5 times the interquartile range, and outliers are shown individual. The color coding indicates the 402 

type of GNN (see Supplementary Note 2 for more details). 403 

 404 

 405 
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 407 

 408 

Supplementary Figure 7 | Network Performance and Properties. a, Boxplots of model performance 409 
(y-axis) for different adjacency matrices (x-axis). Adjacency “None” refers to an MLP that does not 410 
use any graph information. Boxes represent the interquartile range, colored bars are medians, 411 
whiskers extend at most 1.5 times the interquartile range, and outliers are shown individual. The 412 
gray bar in the background denotes the interquartile range of all MLP-runs. “Normal” indicates the 413 
normal information flow from pre-MP to MP to post-MP (Supplementary Figure 5c). “Concat” 414 
indicates that the output of pre-MP is concatenated to the output of MP before being passed into 415 
post-MP. “Skip” indicates that the output of pre-MP is added to the output of MP using a sum 416 
operation before being passed into post-MP. b, Network properties of IntAct Direct with the label set 417 
for immune dysregulation. c, Network properties of all networks merged together with the label set 418 
for immune dysregulation. Components: The left bar shows the fraction of the network that is either 419 
in the largest connected component (component 0), in microcomponents (smaller than 1% of all 420 
nodes), or isolated nodes which have no incident edge, right bar shows the distribution of labeled 421 
and unlabeled nodes. Paths: Each bar shows the number of positives which have other positives in 422 
the neighborhood of the indicated size. Color indicates the number of positives in the neighborhood 423 
for each node according to scale on the right. The black bar on the left indicates the number of 424 
isolated positives. Degrees: Degree distributions of positives and unlabeled nodes. Homophily: Plot 425 
shows the percentage of nodes in the neighborhood of a node that either share the same label or 426 
have the opposite label. Metrics: additional metrics of the graphs. 427 
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 429 

Supplementary Figure 8 | Relation of gene-level GWAS association and core gene prediction. 430 
Scatterplots show the relation between the model prediction of a single FiLM prediction model trained 431 
for cardiovascular disease (y-axis) and the gene-level association z-scores computed with MAGMA87 432 
(x-axis) from different GWAS studies: yellow points represent Mendelian disorder genes; blue points 433 
represent unlabeled genes. Predictions are obtained on the holdout set. a, coronary artery disease 434 
(CAD), b, triglyceride levels (TRIG), c, high density lipoprotein levels (HDL) and d, low density 435 
lipoprotein levels (LDL).  436 
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 437 

Supplementary Figure 9 | Input Feature Ablation Experiments. Three classifiers (MLP, no network 438 

information; FiLM, all networks; TAG, IntAct Direct Interaction) for cardiovascular disease and 439 

immune dysregulation are shown in an ablation experiment. Classifiers are either trained with full 440 

input features (GWAS+Expr.), without GWAS input features (Only Expr.), without gene expression 441 

features (Only GWAS) or with random input features (Random), leaving only the information of the 442 

biological network as background performance. Performance is evaluated on holdout sets (25%). 443 

While removing GWAS features mainly increases variance, removing gene expression features 444 

heavily impairs performance, but not as much as using random input features. We therefore 445 

conclude that, while GWAS is helpful and important, prediction performance for the majority of genes 446 

is rooted in gene expression patterns. Each boxplot is based on n = 16 values. Boxes represent the 447 

interquartile range, colored bars are medians, whiskers extend at most 1.5 times the interquartile 448 

range, and outliers are shown individually. 449 

  450 
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 451 

Supplementary Figure 10 | Mouse Knockout validation with GWAS Genes removed from 452 

Candidates. Odds ratio (OR) (right y-axis) for observing disease relevant phenotypes in mice with 453 

knockouts of orthologs of candidate core genes in the indicated convergence score bins (x-axis) of 454 

the five classifier methods (colored lines). Gray lines indicate strength of candidate gene sets (left y-455 

axis) in the corresponding bin for the phenotypes as indicated in the panel. Only ORs with an FDR 456 

< 0.05 (Fisher’s exact test) are shown. Bars to the right (M) and left (G) of each plot indicate set 457 

strength (gray) and OR (colored) of Mendelian genes and GWAS genes for each phenotype. Filled 458 

bars represent ORs with an FDR < 0.05, otherwise bars are hollow. Precise P-values, FDR, and n 459 

for each test are shown in Supplementary Data 3. 460 

  461 
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 462 

 463 

Supplementary Figure 11 | Biased results from aggregating small-scale Literature. a, shown are the 464 
2 x 2 contingency tables of candidates and noncandidates with two different Consensus score (CS) 465 
cutoffs for cardiovascular disease and their involvement in the IntAct Direct Interaction network. 466 
Degree d > 0 denotes genes that have at least one incident edge in IntAct Direct Interaction, while d 467 
= 0 denotes genes that are isolated in IntAct Direct Interaction. Odds Ratios (OR) and P-values 468 
obtained via Fisher’s exact test, unadjusted. b, shown are the 2 x 2 contingency tables of candidates 469 
and noncandidates with two different Consensus score (CS) cutoffs for immune dysregulation and 470 
their involvement in the IntAct Direct Interaction network. Degree d > 0 denotes genes that have at 471 
least one incident edge in IntAct Direct Interaction, while d = 0 denotes genes that are isolated in 472 
IntAct Direct Interaction. Odds Ratios (OR) and P-values obtained via Fisher’s exact test, 473 
unadjusted. 474 

 475 
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 477 

Supplementary Figure 12 | Unbiased external validation. a, Odds ratio (OR) (right y-axis) for 478 
observing disease relevant phenotypes in mice with knock-outs of orthologs of candidate core genes 479 
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in the indicated consensus score bins (x-axis) of the five classifier methods (colored lines). Gray 480 
lines indicate strength of candidate gene sets (left y-axis) in the corresponding bin for the phenotypes 481 
as indicated in the panel. Only ORs with an FDR < 0.05 are shown. Bars to the right of each plot (M) 482 
indicate set strength (gray) and OR (colored) of Mendelian genes for each phenotype. Precise P-483 
values, FDR, and n for each test are shown in Supplementary Data 4. b, Odds ratios (ORs) of 484 
Mendelian genes (first row) and of candidate genes of the five selected methods (rows) for common 485 
complex subtypes of the five Mendelian disorder groups. ORs with a FDR > 0.05 in gray. c, 486 
Enrichment of drug targets and druggability in Mendelian disorder genes and indicated candidate 487 
gene sets. DT: OR of known drug targets. xDC: Ratio of median number of drug-gene interactions 488 
per candidate gene to the median of non-candidates, only genes with drug-gene interactions are 489 
considered. Dr: OR of druggable genes. Dr-: OR of druggable genes, after all drug targets have been 490 
removed. Odds Ratios with FDR > 0.05 are grayed out. For all panels, precise P-values, FDR, and 491 
n for each test are shown in Supplementary Data 9 & 23. 492 
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 494 

Supplementary Figure 13 | Mouse Knockout validation disease-specificity experiments. Candidate 495 

genes for all five disorders are validated against the mouse knockout genes for immune 496 

dysregulation. Odds ratio (OR) (right y-axis) for observing disease relevant phenotypes in mice with 497 

knockouts of orthologs of candidate core genes in the indicated convergence score bins (x-axis) of 498 

the five classifier methods (colored lines). Gray lines indicate strength of candidate gene sets (left y-499 

axis) in the corresponding bin for the phenotypes as indicated in the panel. Only ORs with an FDR 500 

< 0.05 (Fisher’s exact test) are shown. Bars to the right (M) and left (G) of each plot indicate set 501 

strength (gray) and OR (colored) of Mendelian genes and GWAS genes for each phenotype. Filled 502 

bars represent ORs with an FDR < 0.05, otherwise bars are hollow. Precise P-values, FDR, and n 503 

for each test are shown in Supplementary Data 4. 504 
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 505 

Supplementary Figure 14 | External Validation of Novel Phenotypes. a, b, LoF intolerance and 506 

missense mutation intolerance Z-scores of Mendelian genes, and the indicated candidate and non-507 

candidate sets generated by the five methods. Shown are group means and 95% confidence 508 

intervals of Tukey’s HSD test. Colored symbols and error bars indicate P < 0.05 in comparison with 509 

respective non-candidate sets; not significant sets in gray. Dashed line indicates the mean across 510 

all genes. c, Odds ratio (OR) (right y-axis) for observing disease relevant phenotypes in mice with 511 

knockouts of orthologs of candidate core genes in the indicated convergence score bins (x-axis) of 512 

the five classifier methods (colored lines). Gray lines indicate strength of candidate gene sets (left y-513 

axis) in the corresponding bin for the phenotypes as indicated in the panel. Only ORs with an FDR 514 

< 0.05 (Fisher’s exact test) are shown. Bars to the right (M) and left (G) of each plot indicate set 515 

strength (gray) and OR (colored) of Mendelian genes and GWAS genes for each phenotype. Bars 516 

representing significant ORs are filled, hollow bars represent non-significant ORs. d, Odds ratios 517 

(ORs) of Mendelian genes (first row) and of candidate genes of the five selected methods (rows) for 518 

common complex subtypes of the Mendelian disorder subgroups. ORs with FDR > 0.05 (Fisher’s 519 

exact test) in gray. e, Enrichment of drug targets and druggability in Mendelian disorder genes and 520 
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indicated candidate gene sets. DT: OR of known drug targets. xDC: Ratio of median number of drug-521 

gene interactions per candidate gene to the median of non-candidates, only genes with drug-gene 522 

interactions are considered. Ratios with FDR > 0.05 (U-test) are grayed out. Dr: OR of druggable 523 

genes. Dr-: OR of druggable genes, after all drug targets have been removed. Odds Ratios with FDR 524 

> 0.05 (Fisher’s exact test) are grayed out. Precise P-values, FDR, and n for each test in each panel 525 

are shown in Supplementary Data 16 - 29, respectively. 526 

 527 
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 528 

Supplementary Figure SF15 | External Validation with GWAS genes removed from Candidates. a, 529 

b, LoF intolerance and missense mutation intolerance Z-scores of Mendelian genes, and the 530 

indicated candidate and non-candidate sets generated by the five methods. Shown are group means 531 

and 95% confidence intervals of Tukey’s HSD test. Colored symbols and error bars indicate FDR < 532 

0.05 in comparison with respective non-candidate sets; not significant sets in gray. Dashed line 533 

indicates the mean across all genes. c, Odds ratios (ORs) of Mendelian genes (first row) and of 534 
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candidate genes of the five selected methods (rows) for common complex subtypes of the Mendelian 535 

disorder subgroups. ORs with FDR > 0.05 (Fisher’s exact test) in gray. d, Enrichment of drug targets 536 

and druggability in Mendelian disorder genes and indicated candidate gene sets. DT: OR of known 537 

drug targets. xDC: Ratio of median number of drug-gene interactions per candidate gene to the 538 

median of non-candidates, only genes with drug-gene interactions are considered. Ratios with FDR 539 

> 0.05 (U-test) are grayed out. Dr: OR of druggable genes. Dr-: OR of druggable genes, after all drug 540 

targets have been removed. Odds Ratios with FDR > 0.05 (Fisher’s exact test) are grayed out. 541 

Precise P-values, FDR, and n for each test in each panel are shown in Supplementary Data 10 - 13, 542 

respectively. 543 

  544 
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 545 

Supplementary Figure 16 | Model Interpretation. a. Most important edges for FiLM’s prediction of 546 
OBSCN as candidate gene for cardiovascular disease. Shown are HGNC gene symbols. The query 547 
gene node is shown in the center, with adjacent nodes connected by relevant edges in the periphery. 548 
Candidate genes are signed with their Consensus Score (CS). The color of the edges denotes the 549 
network and the strength of the edge shows the relative importance for the prediction of the query 550 
gene which is also written at the edge. Arrowheads indicate direction of edges, undirected edges 551 
have no arrowheads. A value of 1 means that it is the most important edge for all models of the 552 
ensemble, while a value of 0 indicates that it is the least important edge for every model. Shown are 553 
10 out of 4.5 million edges, 312 of which are in the direct neighborhood of the query gene. b. Most 554 
important edges for FiLM’s prediction of ITGA7 as candidate gene for cardiovascular disease. Shown 555 
are 8 out of 4.5 million edges, 316 of which are in the direct neighborhood of the query gene. c,d: 556 
Input feature importance for OBSCN and ITGA7 alongside the respective feature’s input value, 557 
compared to the input values of other genes by the quantile borders in the background. Shown are 558 
the 10 features with the strongest positive influence and the 5 features with the strongest negative 559 
influence. Negative input values are normalized to the interval [-1; 0] and positive input values to (0 560 
; 1] for visualization. Gray bars exceeding the colored areas are either below the 1% quantile or 561 
above the 99% quantile of that input feature. Importance values are obtained by integrated gradients 562 
and normalized to the interval [-1; 1]. Positive importance values are in favor of the prediction as 563 
candidate genes, negative importance values are attributed to features that contradict the prediction. 564 

 565 
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 566 

 567 

Supplementary Figure 17 | Neighborhood Feature Importance. Shown is the cumulative normalized 568 

importance of a node’s input features for the prediction of query nodes a: TNFSF15 and b: IL18RAP 569 

as candidate genes for immune dysregulation predicted by FiLM. Shown are the top 10 most 570 

influential nodes. A node that has the most relevant input features for the prediction of the query 571 

nodes every for model in the ensemble has a value of 1, while a node that has the least relevant 572 

input features for every model has a value of 0. The dashed gray line denotes the threshold of 0.1. 573 
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 574 

Supplementary Figure 18 | Ratio of Sender to Receiver features. Shown is the influence of the bias 575 

term on the features of the messages passed along the edges of all networks in a single FiLM model 576 

trained for immune dysregulation. a, values for the first layer. b shows the values for the second 577 

layer. Low values indicate that the message is dominated by the bias term and thus independent of 578 

the sender’s features. 579 
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