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Diseases that have acomplex genetic architecture tend to suffer from
considerable amounts of genetic variants that, although playing arolein
the disease, have not yet been revealed as such. Two major causes for this
phenomenon are genetic variants that do not stack up effects, butinteract
in complex ways; in addition, as recently suggested, the omnigenic model
postulates that variantsinteractin a holistic manner to establish disease
phenotypes. Here we present DiseaseCapsule, as a capsule-network-based
approach that explicitly addresses to capture the hierarchical structure

of the underlying genome data, and has the potential to fully capture the

non-linear relationships between variants and disease. DiseaseCapsule
isthefirst such approachto operatein awhole-genome manner when
predicting disease occurrence from individual genotype profiles. In
experiments, we evaluated DiseaseCapsule on amyotrophic lateral
sclerosis (ALS) and Parkinson’s disease, with a particular emphasis

on ALS, whichis known to have a complex genetic architecture and is
affected by 40% missing heritability. On ALS, DiseaseCapsule achieves
86.9% accuracy on hold-out test datain predicting disease occurrence,
thereby outperforming all other approaches by large margins. Also,
DiseaseCapsule required sufficiently less training data for reaching
optimal performance. Last but not least, the systematic exploitation of
the network architecture yielded 922 genes of particular interest, and
644 ‘non-additive’ genes that are crucial factors in DiseaseCapsule, but
remain masked within linear schemes.

Amyotrophic lateral sclerosis (ALS) is arare primary neurodegenerative
syndrome characterized by human motor system degeneration. So far,
ALS is still not curable, but symptomatic treatment can significantly
improvelife quality and survival of the affected". As the diagnosis of ALS
often comes at a considerable delay?, most patients miss the advanta-
geous opportunities of early intervention®; for example, recent studies
show that NAD* replenishment canimprove clinical features of patients
with ALS, indicating an encouraging potential novel treatment for

ALS*. These explain why efficient methods and tools for predicting
the prevalence and occurrence of ALS have life-saving potential.
Various studies® *have demonstrated that ALS isa complex disor-
der that has an encompassing genetic background’ andits heritability
amounts to 50% (ref. '°). However, the genetic variants delivered by
genome-wide association studies (GWAS) have been amounting to
only10% of the heritability" of ALS. It is therefore reasonable to assume
that the missing heritability of ALS amounts to approximately 40%.
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The striking amount of missing heritability, or even the idea that
genotype-phenotype relationships are based on the omnigenic'?*
and not the polygenic model—where only the polygenic model renders
the concept of missing heritability atruly reasonable concept—is sup-
posed to be among the major reasons for the poor prognosis of ALS.
In summary, the major methodological challenges are as follows: (1)
the association signals of complex diseases can spread across most
of the genome instead of involving just a few core pathways'>", which
means that the omnigenic model applies; (2) when following the poly-
genicmodel, the corresponding linear models that underlie the GWAS
analysis techniques cannot detect non-additive genetic effects such as
epistasis™'®. Several studies have modelled gene-gene interactions' .
However, only a few of them have been directly applied to predicting
the prevalence of complex genetic diseases.

Methods that aim to exploit non-additive relationships have
left behind various open questions. When being based on statisti-
cal hypothesis testing, they tend to suffer from a lack of power. On
the other hand, approaches that are based on potentially omnigenic
machinelearning models arerelatively rare, and so far have left ample
room forimprovements.

Deep learning, asapredominant machine learning approach, has
established the state of the artin many areas. Extensions of the univer-
salapproximation theorem?’ provide a theoretical basis for the insight
that not only the width of the layers but also the depth of the network
is crucial for reaching superior levels of prediction accuracy***. The
intuitive idea is to detect and arrange patterns in a hierarchical way,
which leads to elevated levels of resolution when mapping the data®.

Convolutional neural networks (CNNs) reflect network archi-
tectures that are particularly suitable to implement the idea of hier-
archies of patterns **. While CNNs such as AlexNet*, VGG*, ResNet*
and DenseNet” indeed achieved the breakthrough successes in deep
learning, major criticisms with regard to interpretability (‘deep black
boxes’)*® and the enormous demand for training data for reaching

superior performance®” had been remaining. However, in clinical appli-
cations, data can be expensive, and the inability to explain lets one
remain with ethical concerns®®*..

Capsule networks (CapsNets)*>** were presented as aremedy for
addressing such critical issues. The major motivation for CapsNets
was to classify distorted or entangled patterns in images correctly.
The improved modelling of spatial hierarchies, as empowered by
the ‘viewpoint invariance property’, led to major improvements with
respecttothe accuracy of the predictions. Beyond that, the ‘viewpoint
invariance property’isthelikely reason for the reduced requirements
interms of training data that one observed in comparison with CNNs.
Further, although not primarily intended, CapsNets also enabled a
human-mind-friendly interpretation of results.

Therefore, CapsNets have shown to have the potential to resolve
twoissues of primary concerninbiomedical applications. Recent stud-
iesindicate that the potential of CapsNets to learn complex hierarchical
structures canindeed be leveraged also for biomedical data***. These
applications of CapsNets add to the earlier (innumerous) applica-
tions**™*° of ordinary CNNs or machine learning models in biology
or medicine.

There also have been recent applications of deep learning when
predicting phenotype from genotype profiles, such as the detection
of epistasis**, or the prediction of ALS from genotype profiles of the
promoter regions from four chromosomes*. Last but not least, an
approach was presented that models non-linearities within the range
of LD (linkage disequilibrium) blocks, while joining effects of LD blocks
inalinear manner*!, which prevents recognition of non-linear interac-
tions across LD blocks.

The omnigenic model* requires the modelling of gene-gene inter-
actionsacross the entire genome, in away that allows genes tointeract
innon-additive ways for establishing their joint effects. From this point
ofview, none of the approaches presented so farinthe literature builds
on the omnigenic model asits foundation.
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Table 1| Classification results for ALS test data. The values Input FC PrimaryCaps
are represented as percentages. SVM, support vector “
machine. a, b, c and d represent PRS-based models that the 4
SNPs were selected by GWAS with the threshold P<5x1072, b 16
P<5%x107%, P<5x107° and P<5x107%, respectively. Note that | o w il
. . R
the best score is marked in bold PhenoCaps | |,
< E3N
©
Dimension  Classifier Accuracy Precision Recall F1score 2 ; r 8 ‘ |
reduction ~ é
Gene-PCA DiseaseCapsule 86.9 85.2 89.4 87.2 % M
Gene-PCA MLP 84.2 92.2 74.8 82.6 °
Gene-PCA Logistic 78.2 VAN 94.8 81.3 / B
regression =
g
Gene-PCA SVM 76.3 94.8 55.8 70.3 1
Gene-PCA CNN 745 861 58.5 69.7 Fig. 2| The architecture of DiseaseCapsule. The input is the concatenation
= — Random f " e 5 i = of the compressed features from all Gene-PCA models, where each feature
ene- andom fores ' . . . corresponds to one Gene-PCA. The number of Gene-PCAs is 75,584, so the
Gene-PCA AdaBoost 62.7 86.3 30.2 447 dimensionality of the input is 75,584 x 1. DiseaseCapsule consists of three
All-PCA DiseaseCapsule 81.9 807 83.8 82.2 layers: a fully connected layer (FC), a primary capsule layer (PrimaryCaps) and
— aphenotype capsule layer (PhenoCaps). The FC layer consists of 150 neurons
AlL-PCA . Lorg|st;gn 781 707 96.0 814 followed by ReLU as activation function. The PrimaryCaps is composed of
egress 32 primary capsules. Each of them involves four different convolutional filters
All-PCA SVM 76.3 94.8 55.8 70.3 (kernelsize 5 x 1, stride 2, no padding). PhenoCaps consists of two 16-dimensional
All-PCA MLP 725 85.2 54.4 66.4 vectors. Each phenotype capsule receives input from all 32 primary capsules. The
output is a binary classification label (Healthy or ALS).
All-PCA AdaBoost 67.6 84.8 42.9 570
All-PCA Random forest 64.1 73.3 44.4 55.3
All-PCA CNN 53.8 54.8 425 479
- PRS® 81.8 91.5 70.2 79.4 (QC) and batch effect removal, as well as a basic step to filter out vari-
_ PRSP 785 844 69.8 76.4 ants that do not matter (regardless of the underlying approach). For an
illustration, see Fig. 1. In the following, we describe the essence of the
- PRS® 74.2 76.8 69.4 729 . .
two steps, and refer the reader to Methods for full methodical details. In
- PRSH 63.5 63.5 63.3 63.4

Our approach will be the first approach to model whole-genome
wide, non-additive interactions between genes. For that, it takes aroute
thatone can consider the opposite of the protocol presented inref. **:
we summarize local (gene-range) effects of variantslinearly, and then
combine the local effects in non-additive ways globally (across the
entiregenome). Inthis Article, we present a deep neural network-based
approach that caters to the omnigenic model as a conceptual basis.
More specifically, from a methodical point of view, we present the
first approach that employs capsule networks, as an advanced deep
neural network class of functions, to map genotypes onto phenotypes.

We refer the interested reader to Supplementary Note 1 for full
details onargumentsreferring to deep learning and capsule networks
raised in the introduction.

Results

We present DiseaseCapsule as a framework that can handle
genome-scale variantinput and reveal non-additive interactions across
genes. Please see Supplementary Note 2 for an overview of the approach
and asummarizing account of the results; here, for the sake of repro-
ducibility, we will report results in sufficient detail. For all methodical
details, see Methods.

Workflow

DiseaseCapsule implements a two-step approach to successfully deal
with genome-scale variant screens. The first step consists of a novel
protocolto performdimensionality reduction. This protocol enablesto
capture millions of polymorphiclociin away that enables subsequent
application of non-additive methods. The second step thenis the appli-
cation of capsule networks, as afundamentally non-additive model, to
thereduced data. These two steps are preceded by basic quality control

the following, the dataonwhich DiseaseCapsule and competing meth-
ods are validated refers to 10,405 DNA-array-based, whole-genome
genotype samples from the Dutch cohort of Project MinE®"*,

For the first step, the challenge is the fact that the application of
principal componentanalysis (PCA) across the polymorphic lociof the
entire genome—which is the standard protocol to reduce the dimen-
sionality of the data—annihilates the effects of subsequent application
of genome-wide, non-linear modelsin so far asnon-linear interactions
between global, linear combinations of variants remain meaning less
for the analyst. Our solutionistoapply linear techniques, suchas PCA,
only for small, biologically well-defined functional units of the genome
(thatis, genes). As linearization happens only within small regions of
the genome, non-linear interactions across such small regions can
still be detected. Beyond this theoretical reasoning, our experiments
confirmtheseideasby revealing the idea of only local PCA as the consid-
erably stronger approach (Table1and Supplementary Tables1and 2).
For more details about descriptions of the challenge and the solution,
see Supplementary Note 3.

Forthe second step, seeFig.2for anillustrationand abrief descrip-
tion of thearchitecture of DiseaseCapsule; for full details, see Methods.

Predicting ALS: Gene-PCA + DiseaseCapsule yields optimal
performance
For the following, see Table 1. We evaluated the performance of Disease-
Capsule with various state-of-the-art approaches, including predomi-
nant machinelearning approaches and polygenicrisk scores (PRS). To
further evaluate the contribution of the novel gene-scale dimension-
ality reduction protocol, we combined each method with standard
genome-scale PCA (‘All-PCA’) on the one hand, and the novel, local
PCA-based protocol (‘Gene-PCA’) on the other hand. We discuss results
briefly in the following; for full details, see Supplementary Note 4.
The first observation is that all neural network-based (so fully
non-additive) models profit from using ‘Gene-PCA’instead of ‘All-PCA":
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Fig.3|Heat map plots for average coupling coefficient matrices of DiseaseCapsule. a, Only plot for training individuals. b, Only plot for test individuals.
The x axis and y axis represent the 32 primary capsule groups and 2 phenotype capsules, respectively. All 18,279 genes involved in DiseaseCapsule model are retained

when predicting on test samples.

the accuracy of DiseaseCapsule, multilayer perceptron (MLP) and CNN
increases from 81.9 to 86.9, from 72.5 to 84.2 and from 53.8 to 74.5,
respectively. All other approaches are run on ‘Gene-PCA’ or ‘All-PCA’
at near-identical performance. This points out that Gene-PCA pre-
dominantly catersto neural network models. From a conceptual point
of view, this was to be anticipated, because Gene-PCA preserves the
potential to detect non-linearities across genes, whereas ordinary PCA
does not. Since applyinglocal linearization before alinear model-based
analysis still resultsin an approach that s linear overall, as the concat-
enation of two linear functions, linear methods cannot profit from
Gene-PCA; still they fail to pick up non-linearities.

Inanoverallaccount, DiseaseCapsule achieves a prediction accu-
racy of 86.9, which establishes the top performance, rivalled only by
MLP, as an alternative non-additive approach (84.2). The third-best
performanceis achieved by DiseaseCapsule on‘All-PCA’ (81.9), closely
followed by PRS ata GWAS threshold of 5 x 1072 (81.8). All other perfor-
mance rates drop below 79. This means in particular that, in a relative
comparison with PRS, as a standard prediction technique, Disease-
Capsule leaves 28% fewer individuals misclassified, which establishes
considerable, relevant progress, both from the point of view of clini-
cal applications and from the point of view of predictive power in
general. Italsoestablishes a first quantification of the contribution of
non-additive constellations of variants/genes to identifying ALS (for
further analyses, see Supplementary Note 4).

DiseaseCapsulealso clearly reveals itself as the most balanced and
strongest approach overall: DiseaseCapsule achieves precision and
recall of 85.2 and 89.4, respectively, which combines into an F1score
of 87.2, whichis unrivalled by the other approaches.

In addition, results show that, compared with other classifiers,
DiseaseCapsule is less sensitive to batch-induced or cohort-specific
confounding effects (Supplementary Table 3) and needs less data for
training (Supplementary Table 4). For a fully detailed discussion of
the corresponding experiments, see Supplementary Notes 5and 6.

Validating DiseaseCapsule on PD

We also validated the predictive performance of DiseaseCapsule in
Parkinson’s disease (PD) data*®"*, following the exact same protocol
asfor ALS. Inasummary of results, in analogy to ALS, Gene-PCA + Dis-
easeCapsule outperforms all other approaches in terms of accuracy
(62.0%), recall (68.1%) and F1 score (64.2%) in PD (Supplementary
Table 5). For more details, see Supplementary Note 7. The loss of accu-
racy in comparison with ALS, observed for all methods, can be attrib-
uted to the relatively small amounts of polymorphicloci inspected

for the PD cohorts, which has a clear impact on the expressiveness of
allmodels.

Increasing number of genes improves classification

For the classification performance of DiseaseCapsule when varying
the number of genes, see Supplementary Fig. 1, and for full details,
see Supplementary Note 8. It isimmediately evident that increasing
the number of genesimprovesresultsinall aspects. This arguably sup-
ports the hypothesis that the omnigenic modelisin effect. It remains
to design a strategy through which to select the genes that are most
relevant for classification; most likely, such genes have key roles in
establishing or preventing the disease.

Determining genes decisive for classification

For explanations in the following, see Extended Data Fig.1and see
‘The architecture and parameters of DiseaseCapsule’ and ‘Model
interpretation’ subsections in Methods. While i indexes primary cap-
sules, jindexes higher-level (‘phenotype’) capsules. In the Disease-
Capsule network, the vectors of the two phenotype capsules‘ALS” and
‘Healthy’ (s;in Extended Data Fig. 1) consist of linear combinations of
outputvectors provided by the primary capsules (u;;in Extended Data
Fig.1). Thelinear weights c;that connect thes; with the u;; are referred
to as coupling coefficients. Unlike ordinary parameters of the network
(forexample, W;in Extended DataFig. 1), the c;are not learned (using
backpropagation), but determined through the dynamic routing pro-
cedure, asanovel and characteristiccomponent of capsule networks.
The dynamic routing algorithm induces situations that favour only
few—often even only one—large c;over several equally large c;for eachi.
Thismeans that each primary capsule predominantly ‘routes’its output
to only few or even only one higher-level capsule.

Primary capsules that have great coupling coefficients in connec-
tionwiththe ‘ALS’ capsule are likely to code for constellations of genes
that drive the disease. Vice versa, primary capsules sharing links with
the ‘Healthy’ output capsule that are equipped with large coupling
coefficients code for genes whose activation (or de-activation) distin-
guishes healthy individuals from the ones affected with ALS.

Primary capsules that predominantly route their output to one of
the phenotype capsules, ‘ALS’ or ‘Healthy’, are crucial factors for the
classification process. We therefore investigated how primary capsules
related to the ‘ALS’ output capsule (which predominantly fires when
ALSis to be predicted) on the one hand, and the ‘Healthy’ output cap-
sule (which predominantly fires when the individualis to be classified
as not being affected by ALS) on the other hand.
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Fig. 4 | Determining and validating core genes decisive for classification.
a, The distribution of coupling coefficients between primary capsule 5and
phenotype capsule ALS for all genes. The red dashed line indicates the 95th
percentile. A total of 922 genes whose coupling coefficients are above the 95th
percentile are selected as core genes decisive for classification. The vertical

coordinates adopt scientific notation (x10°). b, Test accuracy distribution of
using 922 randomly chosen genes as input for DiseaseCapsule model (repeat
1,000 times), while the other genes are masked (set as zero). The red dashed
lineindicates the test accuracy of using 922 core genes as input. ¢, Heat map for
average coupling coefficient matrices (test data) using 922 core genes asinput.

To highlight primary capsules that share exceptionally large cou-
pling coefficients with one of the two phenotype capsules, we ran all
training and all test samples through the network, amounting to two
separateruns, one for the training and one for the test data. The intui-
tionisto demonstrate that, despite not having been part of the training,
effects reproduce on data that had not been seen before. We collected
theresulting coupling coefficients; we recall that coupling coefficients
are computed individually for each sample by way of the ‘dynamic rout-
ing’ protocol during the forward pass®. If coupling coefficients were
determined as part of backpropagation during training, coupling coef-
ficients would be equal for all individuals. We averaged the resulting
coupling coefficients across all samples, for each of the 2 x 32 possible
combinations of PrimaryCaps and PhenoCaps. As above-mentioned,
we did this for both training and test data. The corresponding aver-
aged coupling coefficients are displayed in the two heat mapsin Fig. 3,
whereFig. 3ais for the training dataand Fig. 3b is for the test data. For
further details onthe experiments and the corresponding visualization
process, see also Methods.

The most striking effect is that primary capsule 5 establishes the
strongest link to the ‘ALS’ output capsule, both for training and test data.
Far lesser so, but still apparent, primary capsule 28 activates the ‘ALS’
capsule. The agreement between training and test data demonstrates
that effects do not only get manifested on datathat were used to estab-
lish the parameters of the network (namely, the training data). In sum-
mary, activation of primary capsule 5 is the by far predominant effect
from which to determine whether anindividual is affected with ALS.

Correspondingly, we developed an algorithmic protocolaccord-
ing to which to determine core genes that markedly contribute to the
activation of primary capsule 5; for details, see Methods. Using this
protocol, we obtained 922 core genes that contribute to the activa-
tion of primary capsule 5 (Fig. 4a). This means that these 922 genes
areimportant for DiseaseCapsule to identify the occurrence of ALS. To
validate the predictive power of these 922 genes, we masked all other
genesinthe test data (thatis, we set entriesin the input vector to zero
if referring to genes not among the 922 selected ones), and ran the
modified test data through the (trained) DiseaseCapsule model. As a
result, using these 922 genes alone—which as we recall are crucial for

activating primary capsule 5—atestaccuracy of 76% was achieved. Note
thatrandom selections of 922 genesyielded 70% accuracy on average,
withastandard deviation of 1%; for corresponding results, see Fig. 4b.
So, the 76% achieved by the genes selected through our protocol is
significantly greater (P<2.2x107),

To further corroborate the predictive power of the 922 selected
genes, we computed the average of the coupling coefficients acrossaall
test individuals when using only the 922 preferentially selected core
genes, see Fig.4c. Thelevel of activation of primary capsule 5 (0.0342)
nearly matches the one when using all genes (0.0399).

It therefore made sense to examine and classify these 922 genes
further; for the resulting list, see Supplementary Table 6. Insummary,
when examining these 922 genes, we found some overlapping genes
with the Amyotrophic Lateral Sclerosis online Database (ALSoD) and
other studies **. Additionally, the collection of enriched Gene Ontol-
ogy terms and pathways have been shown to significantly relate with
humannervous systemrelated diseases, whichdoinclude ALS in most
cases** >, For full details, see Supplementary Note 9.

644 ‘non-additive’ genes

We designed a simple target function that, for a selection of genes,
measures the difference between the genes supporting DiseaseCap-
sule and the genes supporting acommon logistic regression scheme,
interms of accurate classification. This difference is quantified by the
difference in accuracy that one achieves when running DiseaseCap-
sule using these genes alone, on the one hand, and when running the
logistic regression scheme using these genes alone, onthe other hand.
Employing a genetic algorithm, we determined a subset of 644 genes
(Supplementary Table 7) that yields amaximum of that target function.
So, running methods on these 644 genes maximizes the difference
between the accuracy achieved in the non-additive scheme (Disease-
Capsule) and the accuracy achieved in the additive scheme (regres-
sion). For full details, see Methods. In other words, these 644 genes
remainuseless whenbeing usedinalinear scheme, but decisively con-
tribute to classification in DiseaseCapsule, as a non-additive scheme;
more than that, these 644 genes reflect a selection that is optimal in
thatrespect.
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Table 2 | Test accuracy, precision and recall using
non-additive genes for prediction. Models are retrained
using only 644 non-additive genes

Model Accuracy Precision Recall
Gene-PCA + DiseaseCapsule  0.712 0.715 0.706
Gene-PQA + logistic 0.512 0.522 0.292
regression

Difference 0.200 0193 0.414

To reinforce that these 644 ‘non-additive’ genes are responsi-
ble for predominantly non-additive effects, we ran both DiseaseCap-
sule (Gene-PCA + DiseaseCapsule in Table 1) and logistic regression
(Gene-PCA +logistic regression, which proved the strongest additive
protocol; Table 1), on both training (which led to establishing param-
eters for both DiseaseCapsule and logistic regression) and test data
(hitherto unseen by either approach). The differences in accuracy
are striking, on both training (difference 0.227) and test (difference
0.162) data.

The difference between training and test data may be due to hid-
den biases. To prevent such biases, and ensure that these 644 genes
nearly exclusively yield non-additive effects—which can only be picked
up by DiseaseCapsule—we retrained both DiseaseCapsule and logistic
regression on these 644 genes alone. This gives both approaches the
same fair chance: try to get the most out of the 644 genes they were
provided with.

For the corresponding results, see Table 2. Retraining both models
yieldsaccuracies of 0.712 for DiseaseCapsule, but only 0.512 for logistic
regression (amounting to a difference of exactly 0.2, matching the
range of the earlier results). Note that because test data were balanced
(equal cases and controls), 0.5 means random performance. So, on
these 644 genes, logistic regression matches random classifier rates,
while DiseaseCapsule achieves excellent performance rates.

Breaking down results in terms of precision and recall confirms
that DiseaseCapsule establishes decent performance rates (precision
0.715; recall 0.706), whereas logistic regression’s performance does
not even match minimum standards (precision 0.522; recall 0.292(!)).
For functional annotations of the 644 non-additive genes, see Sup-
plementary Note 10.

Discussion

In this study, we have presented DiseaseCapsule, as a novel
deep-learning-based approachtoinfer disease phenotype fromindivid-
ualgenotype. Asthe major novelty, DiseaseCapsule captures non-linear,
potentially arbitrarily complex functional relationships between geno-
type and phenotype across the whole genome. All prior approaches
presented so far considered to evaluate variants in additive schemes
(which reflects the common standard), presented approaches that
consider non-additivity only within smalllocal regions of the genome,
orresorted to considering only afew genes, or some selected chromo-
somes when operating in more global ways.

DiseaseCapsule has come with twoimmediate theoretical advan-
tages. First, because it operates across the whole genome, DiseaseCap-
sule does not need to focus exclusively on a few core disease-related
genes, so it does not miss the weak effects of abundant peripheral
genes. Second, DiseaseCapsuleimproves on capturing the hierarchical
structures of the underlying genetic interactions thanks to the high
degree of complexity that capsule networks can capture. This plays a
particularly relevant role for ALS, because ALS is commonly hypoth-
esized to have acomplex genetic architecture.

In practical terms, DiseaseCapsule has outperformed all
state-of-the-artapproaches when predicting ALS fromindividual geno-
type:ithasachieved 87% accuracy on hold-out test data. This translates
into arelative increase of 28% over PRS, so it remains with 28% fewer

misclassified peoplein comparison with the current clinical standard.
This establishes substantial (arguably even drastic) advantages in
comparison with what was possible earlier. Analysing results further
hasrevealed that DiseaseCapsule achieves 89.4% recall, which reflects
that DiseaseCapsule identifies 64% of the patients with ALS who remain
undiscovered according to clinical standards (PRS 70.2%), so it may
miss the advantages of early intervention according to current practice.

DiseaseCapsule has also redeemed its two major theoretical prom-
ises for application in clinical practice: sustainable use of training
input, which reduces costs and efforts when raising clinical data, as
well as advancesin terms of interpretability of predictions. The latter
point has become obvious through experiments based on inspecting
theindividual capsules of the network. The experiments have revealed
922 candidate genes for being associated with ALS, many of which had
notbeen pointed out before following standard GWAS protocols; note
that all of them appear to be plausible according to their functional
annotations.

Realizing these advantages has required overcoming various
non-negligible technical hurdles. First, integrating whole-genome data
means dealing with feature spaces whose dimensions arein the millions,
which corresponds to the amount of polymorphic sites in the human
genome. Here we have developed a protocol that yields gene-specific
principal components. These gene-specific principal components can
then be combined in non-linear ways to reflect non-linear interactions
across genes, where non-linearities can span the entire genome.

Secondly, capsule networks had never been applied to whole-
genome genotype data before. We have enabled this by means of an
architecture that uses fully connected, instead of convolutional layers
asearlylayersinthe capsule networks. This preserves to captureinter-
actions between genes across the whole genome to a maximal degree,
and appropriately accommodates the sequential nature of the input.

While determining the exact reasons for the superiority of Dis-
easeCapsule in predicting ALS from genotype still requires further
investigation, some plausible hypotheses can be raised already.

First, asalready alluded to above, capsule networks have the poten-
tialtolearntheintrinsic hierarchical structures that underlie the data.
The enhanced capability to analyse complex biological relationships
thatunderlie diseases (see also ref.>*) explains the improved generali-
zation over other models.

Second, DiseaseCapsuleis able to pick up non-linear geneticinter-
actions between variants (for example, epistasis) that have remained
overlooked by the standard approaches.

To furtherinvestigate this hypothesis, we considered an objective
function that addressed to find genes that supported classification
in (the non-linear) DiseaseCapsule, but not in linear regression type
schemes. Optimizing according to this objective function (as per a
genetic algorithm) yielded a subset of 644 genes that significantly
contributed to predicting ALS in DiseaseCapsule (accuracy 71.2%),
while not working within the frame of logistic regression (accuracy
51.2%). Evidently, linear approaches remain blind to these 644 genes.
Althoughthese 644 genesstill require further inspection, itisreason-
able to assume that various genes among them have the potential to
be of future use in exploring the heritability of ALS further.

Third, one can hypothesize that ALS follows an omnigenic model™
toanon-negligible degree. Results for PRS corroborate thisidea. Gradu-
ally relaxing the threshold for inclusion of variants from 5 x 1078 to
5x107%increases the accuracy by 20%. This means that numerous vari-
ants of small effect contribute to establishing ALS, in addition to the
core disease-causing genes. DiseaseCapsule follows a whole-genome
approachthat does not put significance thresholds onindividual vari-
ants (or genes) to appropriately take this into account.

Asalready alluded to above, DiseaseCapsule requires less training
datathanotherapproachesto establish excellent performance. While
the effects are obvious, the translation of the ‘viewpoint invariance
property’into the realm of genes and diseases still needs tobe provided.
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Itisreasonable to hypothesize that capsule networks capture the core
effects regardless of their distribution across the ancestors of the indi-
viduals, and their possibleinterference. Instead, other approaches may
become confused by interfering pathways, so they need tobe presented
with all possible combinations of interacting pathways before reason-
able conclusions can be drawn.

Of course, several open questions have been remaining, some of
which point to further promising avenues of research. Such immedi-
ateideas are to also integrate epigenetic information, for example,
or adapt models to haplotype data, so as to use phasing information
whenever available.

In addition, it appears sensible to develop a formal protocol for
machine-learning-based approaches by which to identify (combina-
tions of) variants that are associated with the diseases/phenotypes one
examines. While such formal association schemes do not yet exist, we
have suggested clear steps towards that goal. For example, DiseaseCap-
sule has already been able to deliver 922 genes that may be associated
with ALS, which deserve to be investigated further.

Inaddition, fortunately, the field of explainable deep neural net-
worksismoving fast. So, itisreasonable to expect that one willunder-
stand the molecular mechanisms that drive diseases from examining
the non-linear deep-learning-based approaches further in the nearer
future. This thenwill aid practitionersin their assessment of strategies
for preventing and treating the diseases.

Methods

Data: Project MinE

The data we used are from Project MinE (https://www.projectmine.
com), a large-scale study that aims to reveal the epi-/genetic mecha-
nisms thatunderlie ALS, in the frame of globally concerted collabora-
tion*’. The data we use in this project are from the Dutch cohort of the
project. We have complied with all relevant ethical regulations, and
informed consent was obtained from participants. The data contain
7,213 healthy (also known as control) individuals and 3,192 individuals
affected with ALS. The cohort counts 5,208 females and 5,197 males.
All participants of the study were genotyped using lllumina2.5Msingle
nucleotide polymorphism (SNP) array.

QC.First, we annotated SNPs according to dbSNP137 and mapped them
tohgl9 asthereference genome. We first performed QC so asto remove
low-quality SNPs and individuals of low quality overall, by using PLINK
1.9 (refs.***’) (-geno 0.1and -mind 0.1). We stratified individuals accord-
ing to the genotyping platform, and subsequently performed a more
stringent SNP QC (-geno 0.0,-maf 0.01, -hwe 1e-5 midp include-nonctrl).
We kept only SNPs in autosomal regions, and filtered on the basis of
differential missingness (-test-missing midp), excluding SNPs of a
Pvalueover1x10™*, Asaresult, we obtained 4,370,685 SNPs, all of which
are contained in the intersection the four batches (see below) the data
consist of (Supplementary Fig. 2).

Batch structure and batch effects. The dataset consists of four
batches, pertaining to technical identifiers C1, C3, C5 and C44. The
number of samples and the ratio of cases versus controls can vary sub-
stantially across batches: C1 contains 225 cases and 380 controls, C3is
130 cases and 49 controls, and C5 no cases but 5,155 controls, whereas
C44 finally contains 2,387 cases and 1,629 controls (Supplementary
Table 8). It is important to realize that C5 and C44, both of which are
highly imbalanced—C5 contains no cases, while the majority of C44 are
cases—cover approximately 92.5% of the samples, and thus dominate
the dataset.

This points to the importance of removing batch effects. Other-
wise, predicting cases and controls can be confounded with predicting
C44 from C5, at still decent performance rates.

Toremove artefacts by whichto distinguish C44 from C5, we con-
sidered only the 5,155 and 1,629 healthy individuals from C5 and C44,

respectively. Any SNP that supports discrimination between C5 and
C44 healthy individuals can be identified as signalling batch-induced
effects, and thus should be removed from further analysis.

Tofilter for batch-effect-transporting SNPs, we computeda2 x 2
contingency table for each SNP, where rows represent alleles (major
orminor allele) and columnsrepresent batches (C5or C44). Entriesin
this tablereflect allele counts per batch. Subsequently, we performed
a Pearson chi-squared test on each table, and thereby obtained a
Pvalue for each SNP. Small P values indicated that the particular SNP
transports batch effects. To correct for multiple testing, we used the
Benjamini-Hochberg procedure *® and filtered all SNPs according to
their adjusted Pvalues, removing SNPs with an adjusted Pvalue of less
than 0.05. Filtering out 8,664 potentially batch-effect-signal-carrying
SNPs this way, we remained with 4,362,021 SNPs from 22 autosomes.

Dimensionality reduction

GWAS for SNP selection. The dimension of the feature spaces amounts
104,362,021, agreeing with the number of SNPs that passed quality and
batch effect control. On the one hand, this means that the number of
SNPs one can work withis sufficiently high to transportrelevant mean-
ing.Onthe other hand, it means that the number of featuresis toolarge
formachinelearning approachesto not overfit. Therefore, as usual, the
dimensionality of the data needs to be reduced for machine learning
approaches to generalize, while preserving the expressiveness of the
original set of 4,362,021 features.

To this end, we performed a GWAS using PLINK v1.9 (ref. *), and
discarded SNPs that are very unlikely to carry disease-status-related
signals. This reasoning is based on the fact that every SNP must carry
an—albeit potentially rather weak—signal in its own right. Using only
the training data (see below for descriptions of training, validation and
test data), in agreement with the fact that regular GWAS makes use of
disease status labels and thus classifies as part of the training process,
wediscarded all SNPs whose Pvalues were greater than 0.05. Note thata
threshold of 0.05is considerably relaxed relative to the stringent thresh-
old of 5 x 1078 (ref.*) that is used in regular GWAS. Unlike in regular GWAS,
however, we would like to keep as many potentially associated SNPs. So,
we do not discard all SNPs whose individual signals are too weak in their
ownright, knowing that weak individual signals canaccumulate tostrong
signals where SNPs interact in possibly non-additive constellations in
the deep learning models that we use. As a result, 505,333 SNPs were
retainedin this step (Supplementary Fig. 3); signals of all SNPs discarded
were found to be too weak to potentially play arole.

We further annotated all 505,333 SNPs using ANNOVAR (24 Octo-
ber 2019; latest version)®’, assigning them to genes (‘gene-based anno-
tation’) based on the human reference genome (hgl9). Genes were
defined using the NCBI Reference Sequence (RefSeq) database. Each
SNP could be assigned to at least one gene. When annotating SNPs
with more thanone gene, we kept track of the corresponding mapping
relationships: if annotated as ‘intergenic’, SNPs were assigned to only
the nearest gene. If annotated as non-intergenic with variant functions
indifferent genes, we assigned the SNPto all related genes. As aresult,
SNPswere annotated with 18,279 genes overall, where the vast majority
of genes have less than 200 SNPs annotated (Supplementary Fig. 4).

As usual, we also transformed genotype data according to minor
alleleinformation. Each SNP correspondstoavaluei {0, 1,2}ineach
individual, where iis the minor allele count at the particular polymor-
phicsiteintheindividual.

PCA. PCA® has been widely applied to exploit SNP data and demon-
strated great effectiveness®. We recall that whole-genome PCA is
not applicable for non-additive approaches to properly work, while
gene-based PCA preserves to detect non-additive variant patterns
across differentgenes. In agreementwith that reasoning, we performed
PCA for each collection of SNPs that became assigned to identical
genes. Inthe following, we refer to that procedure as Gene-PCA.
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Correspondingly, for each gene g, we constructed a matrix
A,€{0,1,2}""where m=10,405is the total number of individual sam-
ples,andn €1, ..., 1,383 corresponds with the number of SNPs that
became assigned to gene g; note that the maximum amount of SNPs
assigned to a gene is 1,383, where however the number of genes with
more than 200 SNPs assigned was small (see above). For an illustra-
tion, see Fig. 1.

PCA canremove noise and generate arobust compressed represen-
tation frominput features. PCA s efficientlyimplemented on the basis
of singular value decomposition: A, is factorized into three matrices

Anxn Umxkzkxkle,, @

Here Xisak x k (usually k < n) rectangular diagonal matrix of singular
values g,; importantly, k is the number of principal components one
willuse. Uand V are matrices whose columns are orthogonal unit vec-
tors called the left and the right singular vectors of A, respectively. To
take into account that the input dimension n varies, we varied k, rela-
tive to n, accordingly: k=8 forn>20,k=4for4<n<20and k=1for
1<n<4.

The reduction in dimension we achieve through this procedure
is from 505,333 down to 75,584, where each of the 75,584 dimensions
correspondsto aprincipal component computed for one of the 18,279
genes that had become annotated with potentially relevant SNPs, as
discussed above.

The architecture and parameters of DiseaseCapsule
DiseaseCapsule is a neural network model that takes a real-valued
vector of length 75,584 as input, and generates binary-valued output,
0 for control/healthy and 1for ALS/disease. Ingeneral, DiseaseCapsule
canbe flexibly adapted to input vectors of varying sizes, as long as the
length of the input vectors does not exceed a certain upper limit; the
procedure based on GWAS filtering and Gene-PCA described above
warrants this for whole-genome input.

The architecture of DiseaseCapsule follows the architecture of
the capsule network that was described in the seminal paper, with
modifications to accommodate that theinput does not reflect rectan-
gular, pixel-structured image data, and the output is binary. In detail,
DiseaseCapsule consists of three layers: a fully connected layer (FC),
aprimary capsule layer (PrimaryCaps) and aphenotype capsule layer
(PhenoCaps); foranillustration and details, see Fig. 2). The initial fully
connected layer replaces the convolutional layers used in the seminal
application, reflecting that convolution addresses to process rectan-
gularly arranged image data. However, here we expect interactions
between all genes across the whole genome, which the fully connected
layer reflects.

TheFClayer consists of 150 (regular) neurons followed by ReLU as
activation function®. During training, a dropout rate of 0.5 was used
for FC to prevent overfitting. Correspondingly, the output of FCis a
150 x 1tensor, so virtually a 150-dimensional vector. This, in turn, is
theinput for the PrimaryCaps layer.

The PrimaryCaps is the first (‘low-level’) capsule layer. As such,
itincorporates convolutional operations. It consists of 32 primary
capsules. Each of these involves four different convolutional filters,
implementing a 5 x 1 kernel, operating at a stride of 2, with no zero
padding. This means that each convolutional filter computesa 73 x 1
tensor (that is a 73-dimensional vector) from the 150-dimensional
input (FC output) vector. Using four convolutional filters per capsule
resultsin 73 vectors of length 4 per capsule. This yields 32 x 73 =2,336
vectors of length 4 as the output of PrimaryCaps. We refer to each of
thesevectorsasu, i=1,...,2,336.Further, as iscommon, one refers to
eacharray of 73 such four-dimensional vectors as one primary capsule.
Ifneeded, weindex primary capsulesusingk € {1, ..., 32}. Importantly,
all 73 u; making part of one primary capsule k share their parameters
when transiting to PhenoCaps, the last layer.

Finally, the output of PhenoCaps is used to derive predictions
from. PhenoCaps consists of two 16-dimensional vectorsv,,j=1,2,0ne
referringto‘ALS” and one to ‘Healthy’. Each phenotype capsulereceives
input from all 32 primary capsules (that is, virtually from all 2,336 u,)
making part of PrimaryCaps.

To transform PrimaryCaps outputinto PhenoCapsinput, so-called
pose matrices W;are applied to the w;, whichyields

a;; = Wyu; (2)

In our case, pose matrices are 4 x 16-dimensional, so the u;; are
16-dimensional. This corresponds with the dimensionality of Pheno-
Caps. Pose matrices are learnt during training. As mentioned above,
pose matrices are shared for all (73) i that refer to anidentical primary
capsule k. This means that there are 32 pose matrices to be learnt for
eachj=1,2.

Subsequently, we performed dynamic routing, as a key feature
of capsule networks, intended to improve on the pooling operations.
Dynamicroutingis aniterative procedure that converges quickly. Here
we used threeiterations. For the corresponding details, see Extended
Data Fig. 1. According to the routing procedure, the input s; to one of
the PhenoCaps capsules evaluates as

sj = 2, Ciflji 3)
L

where c; are the coupling coefficients, as determined through the
dynamic routing procedure. In a rough description, first b; are com-
puted by theiterative update b; « by + @;; - v;(and initialized as zero),
which rewards if u;; and v; point in the same direction, which means
that the output of primary capsule i agrees with phenotype capsule;.

Toturn b;into c;and ensure that 3 c; =1, one eventually performs

exp (by)
= e @)
=3 exn (by)

to obtain the coupling coefficients.
Reflecting another key principle of capsule networks, one uses
the squashing operation

2
s| s
” J Sj

tefsf Iol

V; = squash(s;) =

as a non-linear activation function that can process vectors. This
ensures that the length of the input vectors v; is between 0 and 1.
Importantly, the length of capsule output vectors u; and v;indicates
the probability that the capsule ‘is activated..

To derive predictions from the v;, categorical cross entropy was
employed as the loss function used during training.

Model training and testing

We randomly split the dataset into a set of samples used for training
and validation set, which comprised 90% of individuals, and atest set,
comprising the remaining 10% of individuals. Importantly, the test set
is balanced, that s, the ratio of cases and controls is 1 (here: 520 cases
and 520 controls), to ensure that models can be evaluated without
misleading biases. For details, see Supplementary Fig. 5.

The entire dataset was used for Gene-PCA. As dimensionality
reduction works in an unsupervised way, and thus does not require
labels, this agrees with a generally applicable protocol. Subsequently,
using the training-validation part of the data, fivefold cross-validation
was performed to optimize the architecture and determine all other
hyperparameters of the capsule network (DiseaseCapsule). To ensure
a balanced evaluation during validation, validation splits were first
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randomly selected under the constraint of preserving a ratio of 1:1
between cases and controls. Subsequently, the casesin the remaining
training data were upsampled to the same ratio, so as to avoid poor
performance in prediction in particular for the minority class (Sup-
plementary Fig. 5). This reflects a standard procedure in supervised
machinelearning. Upon having obtained all hyperparameters through
cross-validation, the entire training-validation split, upsampled to
ensure unbiased training, was used for training. This determines all
parameters of the DiseaseCapsule network.

Specifically, we used the Adam algorithm®* to optimize all param-
etersintheframe of the usual backpropagation algorithm. We used an
initial learning rate of 0.0001, and decayed it by y = 0.8 ineach epoch
using anexponential scheduler. Optimizationranfor 30 epochs, oper-
ating atabatch size of 128.

Asfor the simple three-layer perceptron (MLP) and the basic CNN
(consisting of four convolution layers and two dense layers) that we
used for benchmarking. For details, see Supplementary Fig. 6. Models
were trained for 30 epochs with a batch size of 128 using the Adam
optimizer, matching the procedure used for DiseaseCapsule.

Modelinterpretation

Relating coupling coefficients with phenotype recognition. When
running DiseaseCapsule on the 1,040 test samples, coupling coeffi-
cientscy i=1,..,,2,336,j =1, 2are determined individually for each of
the testsamples. Thisis due to the fact that coupling coefficients are
determined during the forward step, and thus do not correspond to
parameters to be learned during training. According to the general
principles of capsule networks, one can interpret coupling coef-
ficients c;as the degree of activation by which u; contributes to phe-
notype capsulej; large c;means that u; makes a crucial contribution
to activating.

As is common, we also determine coupling coefficients ¢;; that
virtually measure the degree by which primary capsule k ‘activates’
phenotype capsule,. To obtain ¢, from the ¢, one sums all coupling
coefficients c;across all u;that make part of k:

Cyi = Cj (6)
ibelongs to
wherejis either ‘Healthy’ or ‘ALS’, referring to one of the two Phenotype
capsules. Recalling that ¢ differ for eachindividual sample, we eventu-
ally average the ¢,;across the individuals to obtain a summarizing ¢;;
one canwork with.

Selecting and annotating genes decisive for classification. Evalu-
ating combinations of primary and phenotype capsules according to
¢, from equation (6) determines primary capsule 5 as the dominant
driver to indicate that the phenotype capsule ‘ALS’ gets activated
(Fig.3a). Inother words, genes that significantly contribute to activa-
tion of primary capsule 5 are potentially responsible for the develop-
ment of ALS; in that, these genes are likely to be the predominant factor
(‘Determining genes decisive for classification’ in Results). Thanks to
capsule networks reflecting non-additive relationships, such genes
caninteractinarbitrary ways.

Computation of ¢ involves running DiseaseCapsule on all 18,279
genes selected. Here we would like to determine the genes that play an
importantroleinactivating primary capsule Sintheir ownright. Todo
so, we consider each gene g, g € (1, 18,279) as exclusive input to the
trained model. Toimplement this, we mask all other genes, thatis, we
set the values of all principal components that do not refer to the par-
ticularly picked gene gto zero. We do this for each individual sample.
Subsequently, we run DiseaseCapsule on all the resulting
‘one-gene-only’ individual samples and note down the resulting cou-
pling coefficients ci, fork=35,j="ALS’ for each of the individuals. Com-
putation ofcfj proceeds analogously to equation (6), when replacing
the fullindividual sample with the ‘one-gene-only’ individual sample.

Eventually, also hereallindividual ¢ are averaged across the individual
samples to obtain a summarizing cf one can work with. We then kept
allgenes gwhose cfj was above the 95-percentile (Fig. 4a), amounting
t0 922 genes, as core genes decisive for classification.

To annotate the biological functions of these 922 genes, we
employed g:Profiler® to perform common Gene Ontology and path-
way enrichment analyses.

Selecting non-additive genes
Let S c G be a subset of genes selected from the set G 0f 18,279 genes
overall. Let further ACCpc(S) be the training accuracy achieved by
Gene-PCA +DiseaseCapsule (DC) and ACC,(S) bethe training accuracy
of Gene-PCA + logistic regression (LR), as the best-performing linear
approach, when running on only genes S. Running DC and LR on S is
doneby setting values of principal components referring to genes not
fromStozero, infullanalogy as for single genes g, as described above.
To determine agood subset of genes that predominantly interact
in non-linear constellations, we make use of a genetic algorithm that
seekstodetermine

max ACCpc(S) = ACCi(S) @
C

that is, the set of genes S that delivers the greatest gains in terms of
classification performance in the non-linear DC over the linear LR.
Toimplement the genetic algorithm, we consider subsets of genes as
18,279-dimensional binary-valued vectors (x;, X,, ..., X;g 276) € {0, 1}'8%°
wherex,=1if g€ S, that is, gene gbelongs to S, and x, = 0 otherwise.
Representing sets of genes Sthis way, one canimplement the common
evolutionary operations of genetic algorithms, like ‘selection’, ‘crosso-
ver’, ‘mutation’ or ‘fitness evaluation’. For solving the optimization
problem equation (7), we employ ‘segregative genetic algorithms’, as
available through the high-performance genetic algorithm toolbox
Geatpy v2.6.0 (ref.°°).

Subsets Swereinitialized randomly, and the genetic algorithm was
run at a population size of 30 and a maximum of generations of 200
asastopping criterion. The subset of genes S that were determined to
maximize equation (7) can be considered optimal in terms of interact-
ing in exclusively non-additive ways to establish the ‘ALS’ signal in the
frame of the DiseaseCapsule network.

Reporting summary
Furtherinformation onresearch designisavailableinthe Nature Port-
folio Reporting Summary linked to this article.

Data availability

All data used in this study are publicly available. The ALS data used in
this study are from the Dutch cohort of Project MinE*"**, and have been
deposited at dbGaP Study Accession: phs003146.v1.pl. Amyotrophic
Lateral Sclerosis online Database (ALSoD) is available at https://alsod.
ac.uk/. The data of PD were downloaded from dbGaP Study Accession:
phs000918.v1.pl (refs. ****°). Source data for Fig. 4 and Supplementary
Fig.1are provided with this paper.

Code availability

The source code of DiseaseCapsule is publicly available on GitHub
(https://github.com/HaploKit/DiseaseCapsule). Another related code
forreproducingresults and generating figures in this study is publicly
available at Zenodo (https://doi.org/10.5281/zenodo.7118988)".
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