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Abstract 

The digenic inheritance hypothesis holds the potential to enhance diagnostic yield in rare diseases. Computational approaches capable of ac- 
curately interpreting and prioritizing digenic combinations of variants based on the proband’s phenotypes and f amily inf ormation can provide 
valuable assistance during the diagnostic process. We de v eloped diVas, a h ypothesis-driv en mac hine learning approac h that interprets genomic 
variants across different gene pairs. DiVas demonstrates strong performance in both classifying and prioritizing causative digenic combinations 
of rare variants within the top positions across 11 cases with the complete list of variants available (73% sensitivity and a median ranking of 3). 
Furthermore, it achie v es a sensitivity of 0.81 when applied to 645 published causative digenic combinations. Additionally, diVas leverages ex- 
plainable artificial intelligence to elucidate the digenic disease mechanism for predicted positive pairs. 
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dentifying disease-causing mutations is a critical task in hu-
an genetics. This is especially important for rare diseases

RDs), as ∼80% of these conditions have a genetic component
 1 ]. RDs affect > 300–400 million worldwide [ 2 ]. Accurate
enetic diagnosis may enhance disease management and sup-
ort more personalized treatment approaches [ 2 ]. Advances in
he analysis and interpretation of whole genome sequencing
WGS) and whole exome sequencing (WES) have enhanced
ur ability to identify genomic variants and determine the ge-
etic causes of RDs [ 3–5 ]. Computational tools have become
ssential for interpreting and prioritizing these variants [ 6 ].
or those suspected of having an RD, the goal is to find the
enetic cause by analyzing the genome sequence along with
atient’s phenotype and family history. Most RDs are mono-
enic, leading clinicians to search for the single mutated gene
ausing the disease [ 7 ]. The American College of Medical Ge-
etics, with the Association for Molecular Pathology, has set
uidelines to classify genomic variants based on factors like fa-
ilial segregation and predicted variant impact. These guide-

ines help medical professionals identify the specific mutation
esponsible for a patient’s disease [ 8 ]. 

Despite the advancement in technical capabilities and
nowledge, the diagnostic yield, defined as the percentage of
atients affected by a genetic disease who undergo genetic test-
ng and have the genetic cause identified, varies between 35%
nd 55% depending on the disorder [ 1 ]. Overall, considering
lso the inaccessibility of the genetic tests, ∼200 million pa-
ients live without a definitive diagnosis [ 5 ]. 
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In contrast to the monogenic inheritance hypothesis, oli-
gogenic models propose that the manifestation of a ge-
netic disorder arises from the combined occurrence of muta-
tions in multiple genes. The simplest form of this paradigm
is digenic inheritance (DI), wherein the disease’s origin is
attributed to two mutated genes. In the DI field, distinct
mechanisms have been recognized: true digenic (TD, also
known as pure digenic), composite (CO, also known as
modifier), or dual molecular diagnosis (DM). In the case of
TD, the disease’s phenotype(s) emerge when both causative
genes carry mutations. Modifiers denote variants that, when
present alongside causative variants, can influence disease
outcomes, such as severity or age of onset. Lastly, the DM
mechanism entails the co-occurrence of two distinct disor-
ders, each caused by pathogenic mutations in different genes
[ 9 ]. 

The DI paradigm holds significant potential for support-
ing the diagnosis of RDs [ 7 ]. For instance, various genes act-
ing as digenic contributors in arrhythmogenic cardiomyopa-
thy, a disorder typically regarded as monogenic, have been
revealed [ 10 ]. Several other conditions have also been in-
vestigated in the context of DI patterns, including hypogo-
nadotropic hypogonadism, deafness, ciliopathies, and Long
QT syndrome, with causative digenic combinations also be-
ing confirmed [ 11 ]. However, estimating DI prevalence is chal-
lenging due to the complexity of gene–gene interactions and
disease variability. Less than 1% of known OMIM diseases
have been reported as potentially oligogenic in OLIDA, a re-
cently released database [ 12 ], while in a large cohort study of
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2076 RD-affected patients, DM were reported for 4.9% of the
patients [ 13 ]. 

To pinpoint the causative digenic diagnosis from
WGS / WES data, potentially thousands of candidate gene
pairs carrying rare variants must be assessed. Recent years
have seen the emergence of numerous statistical and machine
learning (ML) tools that assess the impact of individual mu-
tations [ 14–16 ], or predict variants’ pathogenicity [ 17–19 ].
Some methods further incorporate the patient’s phenotypic
data to prioritize variants, aiming to discern the causative
one among the top contenders [ 20 ]. A limited number
of computational tools have been specifically designed to
classify and prioritize digenic pairs [ 21 ]. VarCopp was the
first published ML tool to categorize variant pairs as either
pathogenic or benign, relying on 11 features grouped into
two subsets: variant-level features ( in silico predictions of
the damaging effects of the variants in a pair) and gene-level
features that capture both gene–gene interactions and a pri-
ori gene-level properties such as haploinsufficiency [ 22 , 23 ].
Subsequently, an additional ML model named digenic effect
(DE) predictor was developed to further elucidate the three
digenic mechanisms [ 24 ]. ORVAL is an online platform that
processes standard variant call format (VCF) files containing
the proband’s variants, utilizing both VarCopp and the DE
predictor for digenic classification and oligogenic network
analysis [ 25 ]. DiGePred is an ML approach, available as
a stand-alone tool. Like ORVAL, DiGePred uses differ-
ent gene–gene interaction features, such as co-expression,
protein–protein interaction, and pathway similarity, and
gene-level features, such as haploinsufficiency and gene es-
sentiality. While DiGePred autonomously classifies gene pairs
[ 26 ], it does not provide the variant-specific resolution that
ORVAL offers. A more recent ML methodology for predicting
digenic interactions at the gene level is DIEP (digenic interac-
tion effect predictor) [ 27 ]. OligoPVP is an automatic variant
interpretation tool that can be used to prioritize digenic
and oligogenic instances [ 28 ]. OligoPVP is the sole tool that
integrates proband’s phenotypes for interpretation. OligoPVP
initially prioritizes each variant based on a phenotype-driven
pathogenicity score, subsequently prioritizing sets of two or
more interacting genes as determined by a high-confidence
gene–gene interaction network. The final score is the sum of
the pathogenicity scores of all the variants involved in the
combination. 

ORVAL, DiGePred, and DIEP were firstly trained using
known positive digenic pairs from DIDA [ 29 ], a curated
dataset listing 258 pathogenic variant pairs sourced from
literature. 

DIDA has recently evolved into OLIDA, encompassing
> 1000 oligogenic variant combinations [ 12 ]. The need for
expanded open-access resources concerning digenic and oli-
gogenic variants, similar to ClinVar [ 30 ], is crucial for under-
standing these complex genetic interactions and for provid-
ing a valuable reference for clinicians and researchers, aiding
in accurate diagnoses and treatment decisions. Additionally,
it is essential to raise awareness and educate the community
about digenic and oligogenic inheritance to promote collabo-
ration and research. For this reason, there is a pressing need to
establish a community platform where researchers can share
candidate causative combinations and associated patients’
phenotypes. 

We introduce diVas, a hypothesis-driven ML tool designed
for digenic variant interpretation, grounded in monogenic
ACMG / AMP standard guidelines and gene–gene interaction 

data. DiVas can also harness the proband’s phenotypic data 
to enhance the classification and prioritization of digenic 
pairs. For positively predicted pairs, diVas employs cutting- 
edge explainable artificial intelligence (XAI) techniques for 
further subclassification into the three distinct digenic mecha- 
nisms and for providing clearer explanations and interpreta- 
tions of results. We have validated diVas’ capability to identify 
the true causative pair between thousands of candidates for 11 

patients affected by different genetic diseases. The sequencing 
data for these patients, provided as a complete variants’ list 
in VCF standard format, were collected through different col- 
laborations (see the “Acknowledgements” section). W e also 

compared our tool with existing methods for digenic variant 
interpretation. 

We applied diVas to analyze our comprehensive high- 
confidence, manually curated dataset of digenic combinations,
and associated phenotypes. Predictions and the XAI-layer 
results are freely available at oliver.engenome.com . Further- 
more, diVas method for digenic variant prioritization is in- 
tegrated in the eVai software ( evai.engenome.com ), commer- 
cialized by enGenome ( www.engenome.com ). 

Materials and methods 

Dataset description 

Training data collection and preprocessing 
To collect data for training purposes, we curated a dataset of 
pathogenic digenic combinations extracted both from DIDA 

[ 29 ], from literature review [ 13 , 31–33 ], and from an inter- 
nal unpublished database. The combinations of variants ex- 
tracted and curated from the DIDA database were subse- 
quently confirmed and released in the OLIDA database [ 12 ].
Variants are reported with their genomic coordinates and as- 
sociated phenotypes expressed as human phenotype ontology 
(HPO) terms [ 34 ], if explicitly available. For digenic pairs in 

the DIDA database that lacked HPO terms, we utilized phe- 
noBERT [ 35 ] to extract phenotypes from associated publica- 
tions. In positive cases where scientific publications were un- 
available, we employed a prevalence-based phenotype sam- 
pling method that draws from the pool of phenotypes linked 

to the respective disease(s) in the HPO resource: the more fre- 
quently a phenotype appears in the manifestation of a dis- 
ease, the more likely it is to be extracted when describing the 
digenic combination. Each causative digenic combination is 
associated with a median number of five HPO terms [range 
(1–14)]. The positive training set contains 238 unique gene 
pairs and 316 unique genes. At the variant level, the distri- 
bution of variant effects in the positive training set is shown 

in Supplementary Fig. S1 , with > 90% having a coding effect.
Taking into account both variants and HPO terms, each di- 
genic combination in the training set is unique. 

The negative dataset contains ∼5000 neutral digenic com- 
binations randomly extracted from 256 samples of 1000 

Genomes Project (1KGP) data and 10 000 from 10 solved 

monogenic ( n = 6) or digenic ( n = 4) cases with the com- 
plete variants’ list available (internal data). Digenic negative 
combinations derived from the 1KGP were paired with either 
a randomly sampled set of phenotypes from a DIDA-positive 
digenic combination or a pool of phenotypes chosen through 

a prevalence-based approach from randomly selected disor- 
ders. For each sequenced case, we first processed the entire 

http://oliver.engenome.com
http://evai.engenome.com
http://www.engenome.com
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf029#supplementary-data
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CF file to produce all potential digenic combinations. Sub-
equently, if the clinical case was a solved digenic one, the
ausative digenic combination was removed from the list of
ll possible digenic combinations. Finally, both for monogenic
nd digenic cases, we selected a subset of the remaining com-
inations that included: 

(i) at least one variant with a significant pathogenic im-
pact on the gene (7% of the subset); 

(ii) one of the variants from the causative diagnosis (3%
of the subset); and 

(iii) combinations chosen at random (90% of the subset). 

In real-world scenarios, the ratio of positive-to-negative di-
enic instances is ∼1 in billions, a ratio that could not realis-
ically be achieved during our training set generation. Instead,
e designed an unbalanced training set, with pathogenic com-
inations constituting 2.5% of the total data. 

igenic combinations generation 

iVas has the capability to analyze both single nucleotide vari-
nts (SNVs) and insertion / deletion (INDEL) variants in both
he GRCh37 and GRCh38 genome assemblies. 

Each instance generated by diVas to represent a digenic
ombination comprises a minimum of two variants, which can
e in a homozygous or heterozygous state across both genes.
or more details, see Supplementary material (the “Digenic
ombinations generation” section). 

eatures set 
he feature set employed to characterize each digenic com-
ination is designed to encompass the effects of variants on
ene functions, interactions between genes, and associations
etween genes and phenotypes. The detailed description of the
eatures and the model are reported in [ 36 ]. Details on feature
omputation are reported in Supplementary material (see the
Model features” section and Supplementary Table S1 ). 

lassification system 

e designed a structured pipeline implementing the diVas al-
orithm that accepts a list of variants from the proband as its
nput. These variants must be provided in a VCF file, com-
atible with both the GRCh37 and GRCh38 assemblies. Di-
as performs variant annotation, generates all potential can-
idate digenic pairs as previously described, and categorizes
ach pair as either pathogenic or nonpathogenic, relying on
he probability of pathogenicity predicted by the ML model.
ur classifier, tailored to a “phenotype-driven” approach, is

rained using the comprehensive variant-level, gene-level, and
henotype-level feature set detailed in Supplementary mate-
ial (see the “Model features” section). 

The phenotype-driven model also requires as input the list
f the phenotypes observed in the patient, as HPO terms. Since
ertain scenarios, such as prenatal testing or carrier screen-
ng, may pose challenges in accessing the patient’s phenotypic
nformation, we also introduced a “phenotype-free” model,
hich relies solely on variant-level and gene-level features,
hile excluding phenotypic information from its input. 
For the phenotype-driven model, following the prediction

rocess, if a pair is identified as pathogenic, a Bayesian ap-
roach that harnesses XAI through (SHapley Additive exPla-
ations) SHAP [ 37 , 38 ] is employed. This approach serves
to determine, whether the positively predicted pair adheres
to a DM mechanism or not (No-DM), thereby predicting
the digenic mechanism. The classification workflow for the
phenotype-driven approach is shown in Fig. 1 . 

Digenic prediction model 
We trained the ensemble ML model for digenic variant
interpretation using a strategy of 500 repeated hold-out
validations. 

To train each of the 500 ML models included in the ensem-
ble final model, we select 65% of data for training, 20% for
validation, and the remaining 15% is held out for testing pur-
poses. Each subset is stratified, meaning that the proportion
of classes is the same (2.5% of pathogenic) as in the complete
dataset. Additionally, to reduce possible circularity and over-
optimistic results on the test set, at a given step, the held-out
test set has no overlap in terms of gene pairs with instances
belonging to training or validation set. 

At each step of the 500 repeated hold-out validations,
on the 65% used for the training set, five-fold inner cross-
validation is performed to select the best hyperparameters (i.e.
the model that results in the highest F 1 score, harmonic mean
between precision and recall) for each ML classifier that we
tested. Subsequently, the classifier trained with the best hyper-
parameters is used to predict the 20% used for validation set.
On these instances, we also selected the best threshold for clas-
sification. Usually, an ML predictor classifies as positive all in-
stances whose predicted probability is > 0.5. The 0.5 threshold
can work well on balanced problems when the class distribu-
tion is the same [ 39 ]. On the contrary, we select the threshold
that maximizes the F 1 score, on the validation predictions. Fi-
nally, we evaluate the performance of the models in terms of
F 1 score with their optimized thresholds on the 15% held-out
test set. 

Both for the phenotype-driven and the phenotype-free ap-
proachs, we tested different ML classifiers, such as random
forest, logistic regression, and gradient boosting. 

For the diVas phenotype-free approach, the training pro-
cedure was the same. In this case, however, we decided to
train the model on TD and CO pairs alone: in fact, we ob-
served that in the case of DM, the values of the gene-level
features are predictably low. This occurs because DM rep-
resents two distinct monogenic disorders co-occurring in the
same patient, with no overlap in terms of involved genes or
pathways. Including, DM to the training set, would have bi-
ased the model toward positive classification, even when the
contribution of gene-level features is low, thus affecting the
capability of the model to discriminate between causal and
neutral digenic pairs. 

Additionally, to investigate whether the phenotype-driven
model may perform differently on distinct disorders, we per-
formed a leave-one-phenotype-out validation: first, we se-
lected a set of different disease categories using the Clin-
Gen gene-based classification [ 40 ]: among all the clinical do-
mains curated by ClinGen working groups, only categories
with a minimum of 10 pathogenic combinations from our
positive dataset, were included for retraining purposes (see
Supplementary Table S3 ). Using this approach, we could eval-
uate 9 out of the 13 available groups from ClinGen. For each
disease category, we excluded the pathogenic pairs associated
with that category and the negative pairs involving the same
genes from the training set. We trained the ML classifier with

https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf029#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf029#supplementary-data
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Figure 1. The phenotype-driven diVas workflow overview: diVas accepts as input the VCF files, including SNVs and INDELs, and the patient’s HPO 

terms for proband and family members (if available). These data are then preprocessed to generate a list of potential candidate combinations. For every 
unique instance, a range of features is calculated. Each pair is classified as either pathogenic or nonpathogenic by the diVas model, accompanied by a 
probability score. These combinations are then ranked based on their predicted probabilities. Notably, for every combination identified as pathogenic, 
diVas conducts an analysis of the ML classifier’s decision pattern, pinpointing the digenic mechanism (through the B a y esian XAI-based DE predictor 
module) and differentiating between DM and No-DM (both TD and CO) combinations. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

the 500 repeated hold-out approach on the remaining set of
variants and evaluated the performance in terms of sensitivity
on the excluded pathogenic pairs. This methodology enabled
the assessment of the generalization capability of diVas on in-
stances related to disorders not represented in the training set.

XAI-based digenic mechanism prediction 

After a pair is predicted to be pathogenic, understanding its
specific subcategory (TD , CO , or DM) can be valuable. 

In a DM patient, each mutation in different genes is inde-
pendently pathogenic, resulting in two separate genetic con-
ditions. Differentiating the digenic mechanism is crucial for
guiding clinical management [ 41 ], assessing familial risk, ad-
vancing research on gene interactions, and predicting disease
progression and outcomes. 

One potential approach is to develop an additional ML
classifier, similar to those described in previous studies [ 24 ,
41 ]. Along those lines, authors of previous works identified a
set of informative features, such as pathogenicity of variants,
gene properties, and pathways involved [ 24 ] that can differ-
entiate between the three subcategories. However, rather than
constructing an entirely new ML model based on these distinct
features, we adopt a different strategy based on XAI. 

XAI is an emerging topic in AI, driven by the need for more
trustworthy and transparent classification systems [ 42 ]. The
aim of XAI is to develop methodologies that help humans un-
derstand the classification process made by complex black-
box algorithms, such as deep networks or ensemble meth-
ods. Local XAI focuses on providing explanations for indi-
vidual predictions made by an ML classifier [ 43 ]. Among XAI
methodologies, SHAP is a widely used framework that assigns
importance scores to input features, helping to understand
their contribution to the model’s predictions [ 43 ]. 
Digenic mechanism predictor: validation approach on training 
set 
We begin by recognizing that positive pairs falling into differ- 
ent subcategories should exhibit varying characteristics. For 
instance, in the case of DM, we expect that both variants 
within a pair will possess high pathogenicity scores, while the 
gene–gene interaction might be minimal. Conversely, in sce- 
narios of TD or CO, we expect strong interconnections be- 
tween the involved genes. Thus, we propose that the decision- 
making process of the classifier should diverge for DM and 

No-DM (TD and CO) scenarios. 
We assume that the local explanation of a digenic prediction 

can uncover the digenic mechanism (DM or No-DM). For ex- 
ample, in the case of a TD pair, we anticipate that the classifier 
would identify it as positive due to the pronounced gene–gene 
interaction and phenotypic similarity. On the other hand, for a 
DM scenario, the decision-making process would likely place 
greater emphasis on the values of variant-level features. In par- 
ticular, we used SHAP, a widely applied local XAI method us- 
ing a game theory approach to dissect the predicted probabil- 
ity and assign a Shapley value to each feature. This numeric 
value can be interpreted as the contribution of that feature to 

the predicted probability [ 43 ]. To develop our XAI-based DE 

predictor, we compute the Shapley values for the prediction 

of each sample with a known DE. Since our final prediction 

pipeline is an ensemble of 500 classifiers, for a single instance 
we computed the local XAI of the classifier in the ensemble 
whose predicted probability for that instance is equal to the 
median predicted probability . Subsequently , we sum the com- 
puted Shapley values for each of the three feature categories: 
gene-, variant-, and phenotype-level features. 

On the training set, we calculated the first percentile, the 
median, and the third percentile of the Shapley values for each 
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Table 1. Recall of the phenotype-driven and phenotype-free diVas al- 
gorithm on 500 repeated sampling iterations, stratified on different cat- 
egories: TD, CO, and DM (for phenotype-driven only) 

Mean Median 
25th 

Percentile 
75th 

Percentile 

Phenotype-driven 
TD recall 

0.864 0.895 0.813 0.962 

Phenotype-free 
TD recall 

0.731 0.733 0.612 0.867 

Phenotype-driven 
CO recall 

0.965 1.000 0.933 1.000 

Phenotype-free 
CO recall 

0.899 0.917 0.846 1.000 

Phenotype-driven 
DM recall 

0.910 0.917 0.857 1.000 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

roup. For each instance and for each feature group, we as-
ign a categorical attribute “low, ” “low-median, ” “median-
igh,”or “high”if the sum of the Shapley values for that group
s below the first percentile, between the first percentile and
he median, between the median and the third percentile, or
bove the third percentile. Therefore, each positive predicted
nstance will be further characterized by three categorical
eatures: gene_lev el_contribution , variant_lev el_contribution ,
nd pheno_level _ contribution , each having four different pos-
ible values ( low , low-median , median-high , and high ). We cal-
ulated the probabilities of being DM given each feature’s con-
ribution to classification, and we used a naive Bayes approach
o classify a new positive predicted instance as follows: 

P ( DM | X i ) ∼ P ( DM ) ∗ P 
(
DM | gene _ l evel _ cont ribut io n i 

)

P ( DM ) 

∗ P 
(
DM | variant _ l evel _ cont ribut io n i 

)

P ( DM ) 

∗ P 
(
DM | pheno _ l evel _ cont ribut io n i 

)

P ( DM ) 

(1)

Equation 1 : Naive Bayes-predicted probability formula. 
Where P ( DM ) is calculated as the frequency of DM variants

n training (28%). 
To evaluate the effectiveness of the SHAP-based Naive

ayes within the repeated hold-out validation, we applied the
ollowing strategies: 

1. For each seed, we calculated the SHAP values on the
validation set for predicted positive samples with a DE
(DM or No-DM) available. 

2. On the validation set, we calculated the gene_level, vari-
ant_level, and phenotype_level contributions as the sum
of the SHAP values. We then calculated the median and
percentile to categorize such contributions. We calcu-
lated the probability of being DM and the conditional
probabilities on such a set of data. 

3. For each test sample predicted as positive and with an
available DE, we calculated the posterior probability of
being DM according to the Naive Bayes approach de-
scribed in Equation ( 1 ). On these predictions, we eval-
uated different metrics, such as precision in identifying
DM pairs, recall, and specificity. 

enchmarking with existing digenic interpretation 

ools 

iVas performances were compared with other recently de-
eloped digenic interpretation tools, namely ORVAL [ 25 ], Di-
ePred [ 26 ], DIEP [ 27 ], and OligoPVP [ 28 ]. While ORVAL,
iGePred, and DIEP were examined in terms of both sen-

itivity , specificity , and prioritization capability , OligoPVP’s
valuation focused solely on its prioritization performance
ue to its lack of binary classification. The primary goal of
 prioritization method is to generate the shortest possible
ist of candidate diagnoses, ranked in order of likelihood, so
hat geneticists and clinicians can efficiently review the most
robable ones first. It should strike a balance by achieving
igh recall, ensuring that true causative diagnoses are not
issed, and maintaining a low false discovery rate (FDR) to
inimize incorrect candidates. Ideally, the causative diagno-

is should appear at the top of the candidate list. Therefore,
a crucial metric to evaluate such methods is the ranking of
the causative variant combination within the prioritized list.
Details are provided in the Supplementary material (see the
Supplementary Table S2 ) and the “Benchmarking with exist-
ing digenic interpretation tools” section. 

Results 

Digenic interpretation 

Pathogenicity classification 

Before analyzing the digenic dataset with digenic-specific vari-
ant interpreters, we investigated whether monogenic variant
interpretation guidelines alone could support the digenic anal-
ysis. We interpreted all single variants in pathogenic pairs ac-
cording to ACMG / AMP standard guidelines implemented as
in our previous study [ 44 ]. Therefore, each variant is cate-
gorized in the five-tier system defined by the ACMG / AMP
guidelines [ 8 ]. After interpreting each causative training vari-
ant according to the ACMG / AMP guidelines, we found that
59% of variants in DM pairs, 47% in CO, and 34% in TD
are interpreted as pathogenic / likely pathogenic, and up to
16% of variants (in case of TD pairs) are benign / likely benign
( Supplementary Fig. S2 ). These results confirm the need for the
development of digenic-specific guidelines and approaches for
interpretation. 

Training results 
On a 500 repeated hold-out validation, the final best perform-
ing model selected for digenic pathogenicity prediction, based
on the evaluation of different metrics statistics (such as re-
call, specificity, precision, balanced accuracy, AUPRC, and F1
score), is the phenotype-driven ensemble random forest. Fi-
nally, we focus on the maximization of the AUPRC, as it is one
of the most informative metrics for imbalanced problems. 

DiVas demonstrates commendable performance in detect-
ing both pathogenic (recall) and benign (specificity) com-
binations (Fig. 2 ). When performance is examined in rela-
tion to TD , CO , and DM, the average recall in predicting as
pathogenic TD is slightly lower (0.864), compared to 0.965
for CO and 0.91 for DM (Table 1 ). 

Notably, when stratified across digenic mechanisms, the
phenotype-driven model exhibits superior performance com-
pared to the phenotype-free model (see Fig. 2 ). For the rea-
sons discussed above, the DM mechanism was not consid-
ered for the phenotype-free model. Specifically, the average
recall for TD is 0.864 with the phenotype-driven approach,

https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf029#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf029#supplementary-data
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Figure 2. B o xplot of different perf ormance metrics across 50 0 repeated sampling iterations: comparison bet ween phenot ype-free (on the right of each 
subplot) and phenotype-driven (on the left) diVas algorithms on recall, precision, specificity, F 1 score, balanced accuracy, and AUPRC. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

compared to 0.731 with the phenotype-free approach. On the
other hand, the phenotype-driven approach achieves an av-
erage sensitivity of 0.965 for CO, which decreases to 0.899
with the phenotype-free approach. The distribution of met-
rics across the 500 sampling iterations can be observed in
Supplementary Figs S3 and S4 . 

The model’s generalization capabilities were assessed us-
ing the “leave-one-phenotype-out” approach. Since only pos-
itive digenic pairs were stratified by the diseases they cause,
performance was assessed exclusively in terms of recall.
Supplementary Table S3 shows the number of True Positive
and False Negative pairs in nine different disorder categories.
DiVas shows high recall for some disease categories, in partic-
ular, in kidney disease, inborn errors of metabolism, and oc-
ular disorders. The lower recall (0.917) is shown on skeletal
disorders. Overall, these results suggest that diVas classifica-
tion is reliable even when the prediction is made on variant
pairs associated with disorders not represented in the training
dataset. Having a good generalization ability for populations
not represented in the training data is crucial for high-stakes
applications like healthcare [ 45 ]. 

XAI-based digenic mechanism prediction 

For each predicted pathogenic combination, the Naive Bayes
XAI-based digenic mechanism prediction model was applied.
The conditional probabilities of being DM, given each feature-
level contribution to classification, have been computed using
the positive training set. For each feature subgroup ( gene-level ,
variant-lev el , and phenotype-lev el ), Supplementary Table S4
reports the categorical value ( low , low-median , median-high ,
and high) , representing the contribution of that feature’s sub- 
group to classification (proportional to the SHAP values),
along with the conditional probability for DM and No-DM 

classification, where No-DM includes both TD and CO. We 
observe that there is a 94% probability of a pair being classi- 
fied as DM when there is a low contribution from the gene- 
level feature. Since gene-level features broadly represent the 
gene–gene interactions, this result is in line with the expecta- 
tions for DM pairs, where no interaction is expected a priori 
between the impacted genes. On the contrary, the probabil- 
ity of being DM given a low variant-level contribution is low.
Also in this case the XAI classification pattern aligns with ex- 
pectations: variants in DM should exhibit high pathogenic- 
ity, whereas TD and CO may consist of variants that are 
less pathogenic when considering a monogenic hypothesis (ac- 
cording to ACMG evaluation) with genes that have a strong 
interaction ( Supplementary Fig. S2 ). Therefore, the variant- 
level contribution to TD classification is expected to be low. 

On the digenic mechanism prediction performed during the 
500 repeated hold-out validation, results are reported in Fig. 3 .
In median, the percentage of DM variants in the test folds used 

to assess the performances is 28%, in line with the general 
proportion of DM in the complete set. 

Validation on gene panel / WES cases and 

benchmark analysis 

DiVas has been validated on an independent dataset compris- 
ing 11 gene panel or WES samples with confirmed digenic di- 
agnoses collected through international collaboration (see the 
“Acknowledgements” section). For these samples, the VCF file 

https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf029#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf029#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf029#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf029#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf029#supplementary-data
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Figure 3. B o xplot of specificit y, precision, and recall of the digenic mechanism predictor on 50 0 repeated holdout v alidations. Positiv e class is DM. 
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nd the list of HPO terms associated with the patient were
rovided by the sharing group. Samples included in the val-
dation set present heterogeneous phenotypes, ranging from
keletal to kidney disorders, hearing impairment, ocular, and
ardiology abnormalities. The number of HPO terms describ-
ng patients’ traits varies from a minimum of one to a maxi-
um of four terms ( Supplementary Table S5 ), with a median
f 2. A total of six samples were single-probands, while the
emaining five samples were analyzed in trio mode. For 10
ut of 11 pathogenic digenic combinations, the digenic mech-
nism was known a priori (six No-DM and four DM). 

Since all the tested tools adopt different filtering and pair
eneration strategies, the number of evaluated digenic in-
tances is different. For example, ORVAL predicts all possible
ariant combinations, while diVas evaluates, for a given gene
air, at most four combinations with the more pathogenic
ariants in those genes (according to different inheritance
ypotheses). On the contrary, DiGePred and DIEP do not
onsider variant pairs and predict the pathogenicity at the
ene pair level. Finally, OligoPVP predicts the pathogenicity
f each individual variant, subsequently combining variants
n genes with evidence of interaction, thus potentially eval-
ating more than one instance per gene pair. Furthermore,
iVas takes into account also family information, if avail-
ble, thus reducing the number of candidate combinations to
e predicted. Therefore, the number of combinations ranked
y diVas, DiGePred, and DIEP is lower, potentially enhanc-
ng their prioritization ability when compared with ORVAL.
or this reason, we evaluated ORVAL prioritization both in
efault mode and by de-duplicating gene pairs. In this case,
or each gene pair, the variant combination predicted with
he highest probability by ORVAL was selected. A summary
bout tools’ performances is reported in Table 2 and Fig. 4 ,
hile Supplementary Table S6 contains single sample’s de-

ailed statistics. 
Overall, diVas shows better performance than the other

ools in terms of sensitivity, median false positive rate, and
edian ranking of the causative digenic combination. OR-
AL has a sensitivity similar to diVas. However, it predicts
nearly 30% of the evaluated instances as pathogenic, failing
to adequately control the number of false positives, which is
essential for a prioritization method used in realistic clinical
settings. Also, DIEP shows a high number of false positives
( Supplementary Table S6 ). De-duplicating ORVAL results by
gene pair slightly improves its prioritization statistics. While
DiGePred demonstrates greater specificity than ORVAL, it ex-
hibits the lowest sensitivity, with only 2 of the 11 causative
digenic combinations accurately predicted as pathogenic. 

OligoPVP identifies only 2 out of 11 causative combina-
tions, with a median of 102 prioritized pathogenic combina-
tions identified per sample. This outcome might be attributed
to the outdated resources used to assess gene–gene interac-
tions. A deeper investigation of the causes of its high miss-
ing rate highlights that only 2 out of 11 causative gene pairs
are considered as interacting by OligoPVP and thus used
to build the final results. Updated gene–gene interaction re-
sources may dramatically impact on OligoPVP’s prioritiza-
tion performances. For this reason, we decided to exclude
OligoPVP from the benchmark analysis reported in Table 2
and Fig. 4 . 

In addition, we compared diVas and ORVAL in terms of di-
genic mechanism classification performance. The diVas XAI-
based digenic mechanism predictor correctly classified the di-
genic mechanism for six out of eight digenic combinations pre-
viously identified as pathogenic by the tool, resulting in a sen-
sitivity of 75%. ORVAL, aggregating TD and CO as No-DM
to be comparable with our classification, correctly classified
the mechanism for three out of six predicted pathogenic com-
binations ( Supplementary Table S7 ). 

Classification performance on selected cases from 

OLIDA database 

We additionally benchmarked diVas on the manually curated
high-confidence database, including 645 digenic combinations
(399 unique genes for a total of 452 unique gene pairs) that
were used to assess the accuracy of our tool in terms of
pathogenicity and digenic mechanism prediction. More details

https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf029#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf029#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf029#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf029#supplementary-data
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Table 2. Median performance of digenic prediction tools on the validation set of 11 cases 

Tool 
Median 
ranking 

Sensitivity (fraction of 
pathogenic pairs correctly 

classified) 

Median number of predicted 
pathogenic combinations 
(% over total number of 

evaluated instances) 

Median number of 
evaluated digenic 

instances 

diVas 3 0.73 16 (0.2%) 6656 
ORVAL 154.5 0.64 3510.5 (26,15%) 13 427 
ORVAL_dedup_genes 154.5 0.64 3460 (26.33%) 13 143 
DiGePred 760 0.18 30 (0.5%) 5856 
DIEP 346 0.55 306 (5.23%) 5855 
diVas phenotype-free 5 0.73 158 (2.37%) 6656 

Median ranking of the causative digenic combination and median number of predicted pathogenic and of evaluated digenic combinations are reported. 
Additionally, we report the sensitivity, computed as the number of true pathogenic pairs correctly classified by the tool divided by the total number of 
pathogenic cases (11). 

Figure 4. Performance of different tools on digenic pairs prioritization of 11 cases. For each tool, we report the number of cases for which the causative 
pair is ranked: (1) in the top 5th positions, (2) between the 6th and 10th, (3) between the 11th and 25th, (4) between the 26th and 50th, (5) between the 
51st and 100th, or (6) abo v e the 100th position. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

are provided in Supplementary material (see the “Independent
dataset of digenic combinations” section). 

The other benchmarked methods were trained using
DID A / OLID A pathogenic combinations, and the lack of con-
trol over their positive training set composition introduces po-
tential circularity issues, which could compromise the validity
of their external evaluation against OLIDA combinations. 

DiVas achieves a sensitivity of 0.81 when applied to 645
causative digenic combinations using the phenotype-driven
approach, while it reaches a lower sensitivity of 0.61 when
employing the phenotype-free approach. 

The XAI-driven digenic mechanism predictor reaches an ac-
curacy of 76% in distinguishing TD / CO and DM, when ap-
plied to a subset of 46 causative combinations for, which the
digenic mechanism was known. 

Oliver: sharing the dataset of pathogenic digenic 

combinations 

A manually curated dataset of digenic pairs (not used for
training purposes) is publicly available via a dedicated web
app accessible at oliver.engenome.com . Due to the limited
number of functionally validated digenic diagnoses available,
we relied on manual revision by an expert in the field to ensure
that the combinations selected for validation and released on
our platform are reliable; consequently, our dataset includes
both functionally validated and molecularly predicted digenic
combinations that have been published in peer-reviewed jour- 
nals or confirmed through internal collaborations. 

For every combination, we provide coordinates, a list of as- 
sociated phenotypes, we have curated, and prediction insights 
from diVas and XAI-driven digenic mechanism predictor. A 

platform overview is shown in Fig. 5 . 

Discussion 

Currently, the diagnostic yield of RDs is on average, far below 

50% [ 1 ], and there is an urgent need to uplift this value and 

end the diagnostic odyssey for millions of patients that remain 

without a definitive diagnosis. One of the open challenges in 

the field of genomics is to go beyond the “one gene, one dis- 
ease” paradigm that led the diagnostic genetic approach in the 
last 50 years [ 46 ]. Oligogenic inheritance has gained increas- 
ing attention within the ongoing challenge of identifying the 
causes of rare genetic disorders. 

While bioinformatics and computational approaches have 
greatly simplified and supported the diagnostic process, the 
majority of available tools are still applied to each single vari- 
ant in a genome [ 15 , 17–20 ], without considering interactions 
between different elements, such as genes and their products.
In the oligogenic hypothesis, the genetic cause of a disorder is 
attributed to the interaction of different mutated genes. As a 
consequence, currently available approaches for variant inter- 

http://oliver.engenome.com
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Figure 5. Oliver platform ( oliver.engenome.com ). Panel 1: search tab (by variant, by gene, or by phenotype). Panel 2: example of variant search and 
insight of a combination. 
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retation are not suitable for the identification of oligogenic
ausative variants. The development of methodologies for the
nterpretation of oligogenic disorders is hampered by limited
vailability of bona fide pathogenic oligogenic combinations.
nlike ClinVar [ 30 ], a public repository that currently gathers

housands of interpretations under the monogenic hypothesis,
he currently available database of the pathogenic oligogenic
ypothesis (OLIDA) gathers around 1600 instances, the ma-
ority of them represented by digenic combinations [ 12 ]. An-
ther fundamental aspect is that OLIDA is a manually-curated
atabase that gathers oligogenic pathogenic instances from
he literature, while ClinVar allows for the submission of clin-
cally relevant interpretations from submitters worldwide. 
Early methods focusing on digenic variant interpretation
(like Orval, DiGePred, OligoPVP, and DIEP) were all trained
on DIDA, the previous version of OLIDA, gathering around
250 pathogenic combinations [ 25 , 26 ]. Orval recently inte-
grated the positive training set of the ML model with the
most recently released OLIDA data. Due to limited avail-
ability of bona-fide pathogenic combinations, external vali-
dation of such tools can be hampered by circularity issues
[ 46 ]. The performed benchmark analysis showed that no sin-
gle tool emerges as a universal standard: while Orval exhibits
high sensitivity, its specificity is notably compromised. In con-
trast, DigePred and DIEP provide greater specificity but are
constrained by their gene-level predictions, without consider-

https://oliver.engenome.com
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ing the variants included in each combination. OligoPVP, cur-
rently, is the only published tool that incorporates patient phe-
notypes into its predictive framework; however, its sensitivity
is hindered by outdated gene–gene interaction resources. 

We introduce diVas, an ML tool designed for digenic vari-
ant interpretation, addressing the shortcomings of existing
tools. Unique to diVas is its use of a patient’s phenotypic
data and family information to predict causative variant pairs;
moreover, it offers explainability, aligning with the EU AI Act.
The tool was trained on over 350 curated digenic instances
and uses variant pathogenicity, gene interactions, and gene-
phenotype associations for predictions and prioritization. In
11 cases with the whole variants’ list available, diVas ranked
causative pairs higher than other methods, with a median
ranking of 3, improving prioritization performances com-
pared to competitors. A more extensive benchmark validation
on a larger set of digenic solved samples is required to deter-
mine, whether diVas significantly outperforms other methods,
as the current sample size is insufficient for a definitive con-
clusion. Although, our phenotype-driven and phenotype-free
models exhibit comparable sensitivity across the 11 valida-
tion cases, the phenotype-driven model achieves a lower FDR.
This reduces the number of predicted pathogenic digenic com-
binations requiring clinical review, streamlining variant inter-
pretation, and enhancing diagnostic efficiency. A difference in
sensitivity between the phenotype-free and phenotype-driven
models emerges in the validation against OLIDA combina-
tions. This discrepancy arises because some causative variants
in the OLIDA database, according to our implementation of
ACMG / AMP guidelines, have a low impact on the gene (e.g.
they are common in the general population). In these cases,
removing phenotype-association features, combined with low
scores on variant-impact features, significantly affects the fi-
nal prediction, reducing the sensitivity of the phenotype-free
model. The next step for diVas is oligogenic interpretation,
which requires understanding gene interactions and robust
datasets. With its improved performance, diVas has poten-
tial for widespread use in diagnosing patients, especially those
without a molecular diagnosis. 

In this context, we have released a curated dataset of digenic
combinations and associated predictions performed by the di-
Vas model on the Oliver platform ( oliver.engenome.com ) to
advance this understanding. Oliver integrates both HPO-
based standardized phenotypic information and the XAI-layer
results for each pathogenic prediction. 

Providing our curated data and prediction results supports
researchers in their endeavors, reflecting our commitment to
advancing the field. This resource is a powerful tool for hy-
pothesis generation, findings validation, and new investiga-
tions. Beyond data sharing, we aspire to foster a community of
researchers and clinicians with a shared interest in DI, promot-
ing collaboration, discussion, and insight exchange through
the Oliver platform. Our contribution is not just data pre-
sentation; it is an invitation to collaborative scientific explo-
ration, expected to drive further advancements in understand-
ing DI and its various implications. 
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