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Graphical Abstract

Tabular implicit deep neural networks ensembles for the prediction of pathogenic genetic variants
in Mendelian diseases
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Left: T-ResNet and Right: TIDE-Var deep neural models for the prediction of pathogenic genetic variants in the non coding
human genome.
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Highlights

Tabular implicit deep neural networks ensembles for the prediction of pathogenic genetic variants
in Mendelian diseases

F. Stacchietti, M. Nicolini, L. Chimirri, P.N. Robinson, E.Casiraghi, G. Valentini

e We propose two modular deep neural network models that outperform state of the art models and achieve comparable
results with XGBoost for the prediction of pathogenic genetic variants in non coding regions of the human genome, a
challenging problem from both a machine learning and a precision medicine perspective.

e Our first model (ResNet) uses a modular residual architecture to simplify model selection and tuning, while residual
connections mitigate vanishing gradients.

e Our second model (TIDE-Var) features an ensemble whose base learners are jointly trained with shared parameters,
while adapter matrices induce base-learner diversity, improving accuracy and at the same time reducing the empirical
space and time complexity.

e Ablation experiments isolate the contribution of key design choices and clarify the models’ learning behaviour.



Journal Pre-proof

Tabular implicit deep neural networks ensembles for the prediction of
pathogenic genetic variants in Mendelian diseases™

F. Stacchietti**, M. Nicolini®, L. Chimirri®, P.N. Robinson®, E.Casiraghi“¢? and G. Valentini®¢**

“AnacletoLab - Diparitmento di Informatica, Universita degli Studi di Milano, Via Celoria 18, Milano, 20133, Italy

Y Berlin Institute of Health at Charité — Universititsmedizin Berlin, 10117 Berlin, Germany

CELLIS - European Lab for Learning and Intelligent Systems, Milan Unit, Via Celoria 18, Milan, 20133, Italy

4Environmental Genomics and Systems Biology Division, Lawrence Berkeley National Laboratory, Via Celoria 18, Berkeley, CA, United States

ARTICLE INFO ABSTRACT

Keywords:

Deep modular neural networks
Ensembles of neural networks
Pathogenic variant prediction in non-
coding genome

Mendelian genetic diseases

Mendelian genetic diseases comprise approximately 10,000 described disorders, yet the genetic basis
is known only for about half of them, and a molecular diagnosis often remains difficult or unresolved.
In this context, machine learning methods play a key role. However, identifying pathogenic variants in
non-coding regions of the human genome is particularly challenging, as they are vastly outnumbered
by neutral variants. This extreme imbalance causes standard machine learning approaches to exhibit
a strong predictive bias towards the majority class, significantly limiting their sensitivity.

Building on recent advances in imbalance-aware and ensemble learning methods, we propose two
novel deep learning models for predicting pathogenic non-coding variants in Mendelian diseases.

The first model, 7-ResNet (Tabular Residual Neural Network), adopts a modular architecture
with residual connections, along with a mini-batch balancing strategy to address class imbalance.
This design simplifies hyperparameter optimization while mitigating vanishing-gradient effects. The
second model, TIDE-Var (Tabular Implicit Deep neural network Ensembles for Variant prediction),
leverages the TabM and BatchEnsemble models to build an implicit ensemble of deep neural networks
trained jointly by minimizing a common objective function, and partially sharing learning parameters.
Learner-specific adapter parameters promote diversity among the implicit base learners while keeping
the ensemble computationally efficient.

Genome-wide experiments show that 7-ResNet achieves an average Area Under the Precision-
Recall Curve (AUPRC) of 0.630 + 0.033, comparable to that of HyperSMURF, a state-of-the-
art method. In contrast, TIDE-Var yields significantly better results than HyperSMURF (AUPRC
= 0.714 + 0.025) and slightly better than XGBoost, one of the top-methods for the classification of
tabular data. Ablation studies confirm that regularized joint ensemble learning with partially shared
and base-learner specific adapter learning parameters are key factors in achieving high predictive
performance, essential to improve the diagnostic yield for patients with rare genetic diseases.

While protein-coding variants have been extensively
characterized [9, 10], pathogenic variants located in non-
coding genomic regions, although strongly implicated in
Mendelian disorders, remain comparatively poorly under-
stood [11]. Genome-wide association studies have shown
that single-nucleotide variants (SN'Vs) associated with Men-
delian diseases map predominantly to non-coding regions,
including promoters, enhancers, untranslated regions (UTRs),
and RNA genes [12, 13].

Given the importance of detecting pathogenic variants
across the human genome, several machine learning meth-
ods have been developed for this task, typically leveraging
conservation, genetic, and epigenetic features associated
with each variant [14]. One of the first widely adopted
approaches, CADD, integrated diverse annotations into a
unified score using an ensemble of support vector ma-
chines [15], while the current version incorporates a con-
volutional neural network and a protein language model to
evaluate the deleteriousness of variants genome-wide [16].
Other relevant machine learning efforts include multiple-
kernel integrative approaches [17], linear models coupled
with probabilistic models of molecular evolution [18], and

1. Introduction

The integration of machine learning, large-scale pop-
ulation genome sequencing projects, and modern whole-
genome sequencing technologies [1, 2] plays a central role
in personalized medicine, particularly for detecting rare and
common variants associated with genetic diseases and can-
cer [3, 4]. Indeed, identifying pathogenic genetic variants
underlying hereditary disorders remains a fundamental ob-
jective of precision medicine [5]. Despite recent advances,
molecular diagnoses remain elusive for 50% to 80% of
patients presenting to genetic clinics [6], and only about half
of the 10,000 rare Mendelian diseases have an established
phenotype-causing mutation [7, 8].
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unsupervised learning strategies designed to compensate
for insufficient annotations [19]. Deep learning approaches
have also been applied, though primarily for predicting
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pathogenic variants in coding regions [20] or more gen-
erally for identifying deleterious variants without focusing
specifically on non-coding variants involved in Mendelian
diseases [21]. Related efforts such as deep learning and
gkm-SVM models aim to predict the regulatory impact of
sequence variation [22, 23, 24, 25].

A major challenge in pathogenic variant prediction, es-
pecially in the non-coding genome, is the extreme imbalance
between pathogenic and neutral variants. Only a few hundred
pathogenic variants are available for training, compared
with millions of neutral variants distributed throughout the
genome [26]. Such severe imbalance significantly hampers
machine learning performance, as conventional algorithms
tend to favor the predominant negative neutral class [27].

To address this issue, several studies have demonstrated
the benefit of imbalance-aware ensemble strategies for im-
proving prediction performance [28, 29]. State-of-the-art
results for non-coding pathogenic variant prediction have
been achieved by hyperSMUREF [30], which combines un-
dersampling of the abundant neutral variants with oversam-
pling of the minority pathogenic class, and employs hyper-
ensembles of random forests to enhance predictive accuracy.
HyperSMUREF also serves as the machine-learning core of
Genomiser, a leading diagnostic tool for Mendelian disor-
ders [26]. Another method based on XGBoost [31] showed
the effectiveness of ensemble methods in the prediction
of pathogenic non coding variants [32]. The centrality of
ensemble methods is underscored not only in non-coding
variant prediction, but also in coding-variant predictors such
as Maverick, an ensemble of eight neural networks which
uses a transformer as its primary building block [33].

Motivated by the advances introduced through imbalance-
aware methods and ensemble learning, this work investigates
whether deep neural architectures specifically designed for
imbalanced tabular data can achieve competitive results
for the prediction of pathogenic variants in the non-coding
human genome.

The genomic, epigenomic, and conservation features
used for this task form inherently tabular datasets, which
pose unique challenges due to feature heterogeneity, limited
positive examples, and extreme class imbalance. While tra-
ditional models such as random forests are naturally suited
to heterogeneous tabular data, recent advances have high-
lighted the potential of deep learning architectures tailored
for tabular domains [34].

Building on these developments, we introduce 7-ResNet,
a modular tabular deep neural network (DNN) architecture
composed of repeated block-shaped modules having the
same layer dimensionality. This modularity enables effi-
cient hierarchical hyperparameter tuning and architectural
optimization. To mitigate class imbalance, we incorporate
specialized mini-batch balancing strategies during training.

Furthermore, inspired by the recently proposed TabM
model [35] and BatchEnsemble models [36], we present
TIDE-Var, an ensemble of modular neural networks that
share subsets of their parameters. This parameter sharing

substantially reduces the computational footprint of the en-
semble while maintaining strong predictive performance by
jointly minimizing the same cross-entropy objective across
the base neural networks.

A genome-wide empirical evaluation shows that TIDE-
Var is competitive with state-of-the-art methods, while ab-
lation studies reveal its main learning characteristics.

T-ResNet preliminary results have been presented in a re-
cent international conference [37]. In this paper we extended
the experimental comparison of 7-ResNet and introduced
TIDE-Var, a new method based on TabM for pathogenic
variant prediction.

2. Methods

We designed two deep “block-shaped” neural models for
their relatively simplicity and modularity that make them
easily tunable with standard model selection procedures.

The first model, 7-ResNet, extends the residual-network
paradigm originally developed for convolutional neural net-
works [38] to tabular genomic data. T-ResNet is composed
of groups of fully connected blocks linked by residual con-
nections, and uses mini-batch balancing to improve learning
of pathogenic variants, which are strongly underrepresented
in the available data.

The second model, TIDE-Var, builds on the recently
proposed TabM model [35]. It trains an implicit ensemble
of deep neural networks that share their weight parameters,
while learner-specific adapter parameters introduce diversity
among them. The main advantage of this approach is that
multiple neural predictors can be optimized jointly within a
single parameter-efficient architecture, reducing the compu-
tational cost of conventional deep ensembles and optimizing
the ensemble as a whole rather than each base learner
independently.

Both models process a tabular dataset D = {x‘, y' .
of genomic variants, where n denotes the sample size, X’ €
R™ represents an m-dimensional feature vector of genomic
attributes, and y' € {0, 1} indicates variant pathogenicity.
All features are standardized before being provided as input
to the models.

2.1. T-ResNet: Tabular Residual Network

T-ResNet employs a streamlined modular architecture
with residual connections to mitigate vanishing-gradient
effects in deeper architectures and a small number of hyper-
parameters to simplify model selection.

Given an input vector x € R” representing the genomic
features associated with a variant, the input layer first maps
x to a hidden representation z, € R? through a linear
transformation:

Zy = Input_layer(x) = xTWin +b;,, €))]

where W;, € R4 and b, € R are learned parameters.
The network is composed of repeated blocks, each con-

sisting of a linear layer followed by a ReLLU activation, which

introduces non-linearity, and dropout regularization. Each
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Figure 1: High-level scheme of the T-ResNet model.

block maps an input vector z € R to a new representation
in RY:

Block(z) = Dropout(ReLU (2" Wojoe + Byiock) >, 2

where Wy i € R4 and by, € R?. All blocks have the
same hidden dimension and dropout rate (Fig. 1).

A fixed number of sequential blocks is then collected
into a higher-level module, called a group, which includes
a residual connection to mitigate vanishing-gradient effects.
If Fyoup(z) denotes the output obtained by applying all
blocks in the group to an input vector z € R, the residual
connection computes:

Group(z) = Fgmup(z) + z. 3)

In other words, the input of each group is added to the output
of the sequence of blocks within that group. This design
preserves the modular structure of the network and provides
direct pathways for gradient propagation, helping to mitigate
vanishing-gradient effects.

The complete 7T-ResNet architecture (Fig. 1) is obtained
by sequentially applying N groups, all composed of the
same number of blocks with constant hidden dimension d. If
Z,_, is the hidden representation produced by the (£ — 1)-th
group, then the hidden representation computed by the £-th
group is:

zZ, = Groupy(2,_,), Z=1,...,N. (@)

The output z, of the N-th group is then passed to an
output layer, implemented as a classification head consisting
of a single linear layer that maps R to R2. This layer

produces two logits, one per class, which are converted into
class probabilities through a softmax function.

Keeping the hidden dimension d constant across all
blocks and using the same number of blocks per group
ensures architectural modularity and reduces the number
of architectural hyperparameters for model selection. Fig. 1
illustrates the overall architecture, where residual connec-
tions span entire groups. For example, an architecture with
4 groups and 3 blocks per group contains 12 blocks and 4
residual connections.

2.2. TIDE-Var: Tabular Implicit Deep neural
network Ensembles for VARiant prediction

Ensembles of learning machines [39] have been success-
fully applied to the prediction of pathogenic variants [40,
30], and ensembles of deep neural networks have also
obtained competitive results on different types of tabular
data [41, 42].

The main drawback of deep neural ensembles lies in
their computational complexity, since training is repeated
for each base neural network in the ensemble. Moreover,
independently optimizing each base learner may yield strong
individual models, but does not explicitly optimize the en-
semble as a whole.

To overcome these limitations, we introduce the Tabular
Implicit Deep neural network Ensemble for Variant pre-
diction (TIDE-Var). TIDE-Var is a deep ensemble architec-
ture that leverages the parameter-efficient BatchEnsemble
framework [36]. It trains an ensemble of deep neural net-
works implicitly by sharing the main weight matrices across
base learners, thereby reducing training costs and enabling
joint optimization of the ensemble parameters. Diversity
among the base learners is introduced through adapter ma-
trices [35], which assign its own additional parameters to
each implicit base learner, while keeping the main weight
matrices shared across the ensemble.

In this way, TIDE-Var captures the two key principles of
ensemble learning [39]: (i) accuracy, since the implicit base
learners are trained together by minimizing the same loss
function, so that the model is optimized for the ensemble
prediction rather than for independently trained predictors;
and (ii) diversity, introduced by the adapter matrices, which
assign different specific parameters to each implicit base
learner.

In more detail, given an input sample X = (xy, ..., x,,) €
R™ representing a variant with m numerical feature values
x;, i = 1,...,m, TIDE-Var first embeds the numerical fea-
tures and replicates the resulting embedded representation
across k parallel streams, one for each implicit base learner.
The replicated representation is then processed by a se-
quence of BatchEnsemble-based blocks and finally mapped
to k predictions that are aggregated by averaging.

The architecture, schematized in Fig. 2, is composed
of four main components: (1) An input embedding layer,
which maps the input sample to an embedded representation
replicated across the k implicit learners; (2) BatchEnsem-
ble layers, which share the main weight matrices while
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Figure 2: High-level scheme of the TIDE-Var model. Left:
overall modular architecture. Right: structure of a single block.
The dotted red line encloses the BatchEnsemble layer, and
the asterisk denotes pointwise multiplication. The main linear
transformation is shared across the k implicit base learners,
while learner-specific adapter parameters introduce diversity.

using learner-specific adapter parameters; (3) Stacked non-
linear blocks built from BatchEnsemble layers, ReLU acti-
vations, and dropout; and (4) Learner-specific classification
heads followed by ensemble aggregation. Each module is
described below.

1. Input embedding layer. The input layer first embeds
numerical features using either piecewise linear encodings
(PLE) based on binning or periodic activation functions [43].
These embedding strategies have been shown to improve the
predictive performance of deep learning models for tabular
data [44].

In more detail, given the input sample X = (x4, ..., x,,),
let ¢ denote the selected numerical embedding operator,
either PLE or periodic activation embedding. The operator ¢

embeds each numerical feature x; into a latent representation
o(x;) € R% with d; > 1. The concatenation of all feature
embeddings produces the embedded input representation:

20 =)l - llgx,) €RY, d=d, ()

where || denotes vector concatenation.

Given k implicit learners, TIDE-Var replicates the em-
bedded representation k times, storing the replicas in the
rows of the matrix Z:

Z, = Input_layer(x) = e R, (6)

Zy

Each row of Z, corresponds to one implicit base learner
and is given as input to the first BatchEnsemble block.

2. BatchEnsemble layer. Given a hidden representation
Z € R¥*4_ the BatchEnsemble layer computes:

BE(Z)=S0 (ZORW) +B, @)

where © denotes pointwise multiplication, W € RX? is
the weight matrix shared across all k base learners, and
R.S,B € R® are learner-specific adapter matrices.

In more detail, for the i-th implicit base learner, the
transformation is:

BE(z) =5, 0 ((z; or)W) + b, ®)

where z;, r;, s;, and b; € R? denote the i-th rows of Z,
R, S, and of the bias matrix B, respectively. Thus, all base
learners share the same matrix W, while their computations
are differentiated by the learner-specific adapter parameters.

Following TabM [35], we use a specific initialization
scheme for the multiplicative adapters R and S: in the first
BatchEnsemble layer, they are initialized with random =+1
values, whereas in subsequent layers all their entries are
initialized to 1. The additive adapter B is treated as a train-
able learner-specific bias and optimized by backpropagation
together with the shared matrix W and the multiplicative
adapters R and S.

3. Block structure. A TIDE-Var block applies a BatchEnsem-
ble layer followed by a ReLU activation and dropout regu-
larization:

Block(Z) = Dropout(ReLU(BE(Z)) ) ©)

The BatchEnsemble blocks are stacked sequentially. If
Z,_, is the hidden representation computed after the (£ —1)-

th block, then the output of the £-th block is:
Z, = Block,(Z,_,), £=1,...,N, (10)

where N is the number of stacked TIDE-Var blocks. The
final hidden representation is therefore Z,, € R¥*?.
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4. Classification layer and ensemble aggregation. The
final hidden representation Z y; is passed to k learner-specific
linear classification heads.

For each implicit base learner i, the corresponding clas-
sifier learns a linear transformation:

Y, =zy WX +b), W e R, b eRE, (1)

where zy, ; is the i-th row of Zy, Wf’” and b;.’”’ are, re-
spectively, the weight matrix and the bias term individually
learned by each base learner and Y; = (¥}, ...,Y;.) € R¢
contains the ¢ logits for the i-th base learner, where c is the
number of classes. In our setting the two classes represent
pathogenic vs neutral (non-pathogenic) classes.

Next, a softmax independently normalizes each of the ¢

logits of each base learner:

Y. = softmax(z W 4 b"'”) = ey (12)
= NiW outy — I
ij [ i/ Z,;l eXP(Yip)
i=1...c. i=1,.. .k

The ensemble prediction is then obtained by averaging
the class probabilities across the k implicit base learners:

k
; 1 5
P(C=j)= P Y. (13)
i=1
The predicted class is then:
¢ = argmax P(C = ). (14)
J

Overall, the TIDE-Var computation can be summarized
as:

Z = Input_layer(x), (15)
Z, = Block,(Z,_,), £=1,...,N, (16)

k
P(C=j)= % Z softmax(zN,,»W;’”t + bf’”)j. 17
i=1

All TIDE-Var parameters are learned by minimizing the
cross-entropy objective function.

In summary, TIDE-Var adapts the parameter-sharing
mechanism of BatchEnsemble and the TabM strategy of
training multiple implicit predictors within a single model
to pathogenic non-coding variant prediction. In this archi-
tecture, the shared matrix W reduces the computational and
memory cost of the ensemble, while the learner-specific
adapter matrices R, S, and B differentiate the implicit base
learners.

Building on these efficient components, TIDE-Var intro-
duces a modular block-based architecture for tabular variant
features, in which BatchEnsemble layers are combined
with nonlinear activations and dropout regularization. This
design promotes expressive nonlinear feature transforma-
tions and improves robustness against overfitting. Finally,
ensemble-level inference is performed by averaging the
predictions of all implicit base learners, yielding a single
pathogenicity score for each variant.

2.3. Addressing class imbalance with large batches
and mini-batch balancing

To address the extreme class imbalance of the dataset,
with a negative-to-positive ratio of approximately 10*, we
considered two complementary training strategies. On one
hand, we used large mini-batches, which increase the proba-
bility that each batch contains at least one positive example.
On the other hand, we implemented an imbalance-aware
mini-batch sampling strategy, in which the proportion of
positive and negative examples in each batch is explicitly
controlled.

In the mini-batch balancing strategy, each mini-batch B
of size b is constructed by:

e sampling b, positive examples with replacement from
the set of positive variants;

e sampling b_ negative examples without replacement
from the set of negative variants;

withb=5b, +b_.
The mini-batch composition is therefore controlled by
the negative-to-positive ratio in the mini-batch: r = Loy

b

Thus, r = 1 corresponds to a balanced minitbatch
with the same number of positive and negative examples,
whereas larger values of r increase the fraction of negative
examples in the batch. Sampling positives with replace-
ment compensates for their limited number, while sampling
negatives without replacement promotes broader coverage
of the majority class across training. The rationale behind
these approaches is to assure that the neural networks can
learn from at least some positives sampled in each mini-
batch. Indeed if we randomly extract examples according to a
uniform distribution from very unbalanced data having small
mini-batches, it is very likely that in most mini-batches only
negative examples will be sampled, thus biasing the learning
process toward negative examples.

2.4. State-of-the-art models

We compared the proposed models to three state-of-the-
art models, hyperSMURF [30], XGBoost [32] and Com-
bined Annotation Dependent Depletion (CADD) v1.7 [45].

We chose these methods because CADD is arguably
the most widely used and well-known tool for predicting
deleterious variants [45]; hyperSMURF has reported lead-
ing performance relative to other state-of-the-art methods,
including Eigen [46], GWAVA [40], and DeepSea [47]; XG-
Boost has been shown to outperform deep learning methods
on tabular data [34] and its potential was indeed confirmed
by its successful application to the prediction of pathogenic
genetic variants [32].

HyperSMURF [30] has been specifically designed to tar-
get deleterious non-coding variants under extreme class
imbalance by employing a hyper-ensemble of Random
Forests (RF). Beyond leveraging an RF ensemble as base
learner to enhance the model’s generalization capability,
hyperSMURF manages high imbalance by partitioning the

F. Stacchietti et al.: Preprint submitted to Elsevier

Page 5 of 16



Journal Pre-proof

TIDE-Var

dataset, and then training each base RF of the ensemble
on a subsampled version of the training data. In these
subsets, the abundance of neutral (“negative”) variants is
reduced through undersampling, while the representation of
pathogenic "positive" variants is increased via oversampling
techniques. Today, hyperSMURF constitutes the machine
learning core module of Genomiser, a widely adopted [48]
state-of-the-art tool for the diagnosis of Mendelian genetic
diseases [26].

XGBoost [31] is a regularized gradient-boosted tree en-
semble, where the base learners are trained to focus their
attention on the most difficult examples to learn, thus im-
proving the generalization abilities of the overall ensemble.
The method represents the state-of-the-art for the classifica-
tion of data in tabular format; it mostly outperforms deep
learning models on supervised learning tasks, as shown by
recent extensive experimental results [34].

CADD [45] has been designed to unbiasedly score dele-
teriousness of variants in a genome-wide fashion, i.e. for
the whole variety of genomic regions and functions across
the 3 billion bases making up the human genome. It uses
a machine learning model trained on a binary distinction
between variants that have arisen and become fixed in hu-
man populations since the split between humans and chim-
panzees and simulated de-novo variants. The rationale is that
the former variants should be overwhelmingly neutral (or,
at most, weakly deleterious) by virtue of having survived
millions of years of purifying selection, while the latter are
free of selective pressure and may thus include both neutral
and deleterious alleles. The current CADD version (v. 1.7) is
implemented by combining a convolutional neural network
and a protein language model [16].

3. Results

3.1. Dataset

We trained and tested our neural models on the dataset
published in [26]; it contains SN'Vs and small (less than 50
nucleotides) insertions/deletions in the non coding regions
of the human genome. The dataset comprises n > 14 million
variants; among them only n, = 406 are pathogenic, thus
resulting in an imbalance between pathogenic (positive) and
physiological (negative) variants of about 1 : 35,000. Each
variant is characterized by 26 numerical features that in-
clude genomic attributes downloaded from public data bases
(UCSC, NCBI and others). The main features represent
conservation scores, transcriptional, regulation and epige-
nomic features (e.g. DNAse features, histone methylation
and acetylation, transcription factor binding sites), and other
features relevant to assess the potential pathogenicity of the
genetic variants (see [26] for more details).

3.2. Experimental Setting
To ensure a fair comparison and unbiased evaluation
across all models, we assessed their performance on ten

stratified external training/test holdouts, each defined by an
80:20 train:test split.

To balance hyperparameter optimization with computa-
tional efficiency, all models were tuned using a grid search
strategy within a cross-validation framework applied to the
first single holdout (details in subsection 3.3). The optimal
hyperparameter configurations identified on this holdout
were then fixed and reused for training and testing on the
remaining holdouts.

More precisely, the external training set has been sub-
jected to an internal 5-fold stratified cross-validation, and
the best hyperparameter configuration was selected by max-
imizing the mean area under the precision—recall curve
(AUPRO).

3.3. Hyper-parameter optimization

A schematic representation of hyper-parameter search
space for each model, together with the hyper-parameters
values selected by the optimization procedure are reported
in Table 1.

Optimization of T-ResNet hyper-parameters. We opti-
mized T-ResNet in a hierarchical way, according to a proce-
dure described in detail in [37]. First, we run preliminary
experiments on a smaller subsample of the training data
to identify promising ranges of subspace model—training
hyper-parameters.

Next, we used the training splits to run an internal grid
search and explored all combinations of architectural hyper-
parameters, including the number of groups, the number of
blocks per group, and the number of units per layer (Table 1).

The grid search allowed us to restrict the search space to
the following optimal architectural parameters: number of
groups equal to 3 or 5, number of blocks per group equal to
1 or 3, number of units per hidden layer equal to 128. By
using the selected architectural hyper-parameters, we run a
new grid search, to set the best values for the batch size and
mini-batch balancing computed as the ratio of the number of
negatives and positive (b_/b, ), leading to the final selected
values listed in Table 1.

Optimization of TIDE-Var hyper-parameters. We fol-
lowed a hierarchical hyper-parameter optimization similar
to that pursued for T-ResNet. Initially, hyperparameter con-
figuration was performed by subsampling the number of
negatives in the external training set. More precisely, we
explored increasingly sized datasets (of negatives) of | N_| =
103, 10%, and “full” (all negatives). In this way we prelim-
inarily identified promising regions of the hyperparameter
space, and then performed a grid search over the selected
ranges on the full training set parameters (Table 1).

By using these selected ranges of hyper-parameter val-
ues, we optimized by grid-search the architecture configura-
tion, by choosing:

e the number of implicit base-learners k,

e the input embedding dimension d,
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e the feature embedding technique applied before the
BatchEnsemble blocks, including: (1) periodic acti-
vation-based embeddings [43], (2) Piecewise Linear
Embeddings (PLE) [43]. Following [35], we used
an updated implementation of PLE and constructed
the PLE breakpoints through quantile-based binning,
applying the same bin edges across all ensemble learn-
ers.

After the embedding layer two blocks consisting of 512
neurons each were used. Models were trained by using a
dropout of 0.1, AdamW with learning rate equal to 2 - 1073,
weight decay of d,, =3 - 10~* and a batch size of 8192.

Optimization of hyperSMURF hyper-parameters. For
hyperSMURF we optimized the following hyper-parameters:

e the number of dataset partitions (np), where each
partition includes all positive examples and a unique
subset of negatives (i.e., a maximum of n_/np nega-
tives, if n_ is the number of negative examples).

e The oversampling factor for positive examples (fp):
if n, is the number of positives, the cardinality of
the over-sampled positive set, obtained through the
SMOTE algorithm [49],is N, = n, + (fp X n,).

o The negative to positive ratio (r): this parameter con-
trols the number of negatives in each partition. The
number of negatives is N_ = min(r X N, n_/np).

e The number of trees (ntree) in each random forest.

The hyper-parameter search space (Table 1) was chosen
based on the hyper-parameter optimization results reported
by authors of [30] using the same dataset. All other hy-
perSMUREF and random forest settings were kept at their
defaults.

Optimization of XGBoost hyper-parameters. For XG-
Boost, we optimized the following hyper-parameters:

e The number of boosting rounds (n_estimators), which
controls the number of trees added to the ensemble.

e The learning rate (learning_rate), which controls the
contribution of each tree to the final prediction.

e The maximum tree depth (max_depth), which con-
trols the complexity of the individual trees.

e The subsampling ratio (subsample), which controls
the fraction of training examples used to fit each tree.

The hyper-parameter search space (Table 1) was defined
as a grid over standard XGBoost hyper-parameters, includ-
ing the default configuration and alternative values control-
ling model capacity, learning dynamics, and regularization.
Hyper-parameters were selected using the same internal
cross-validation protocol adopted for the other models. All
other XGBoost settings were kept at their defaults.

Setting of CADD predictions. Since for CADD the pre-
computed predictions for the whole human genome are
fully available, to carry out the computation, we down-
loaded the file “All possible SNVs of GRCh37/hgl19” from
https://cadd.bihealth.org/download, containing 3 entries for
each genomic position (totaling about 9 billion entries). We
extracted the roughly 14M genomic positions present in our
dataset, further selecting the one SNV with the maximum
raw score for each genomic position.

3.4. Evaluation of the generalization performance

The AUPRC scores were computed on the ten different
test sets according to a multiple hold-out procedure (Fig-
ure 3). All models except CADD achieved scores ranging
from 0.55 to 0.75 across the ten test sets. HyperSMURF
and T-ResNet showed comparable performance, with each
model outperforming the other depending on the test set
(Figure 3). In contrast, TIDE-Var consistently delivered the
best results across the ten test sets. F1-scores confirmed that
TIDE-Var outperformed all other models, while 7-ResNet
achieved better results than HyperSMURF on each test set
in the multiple hold-out procedure (Figure 4).

TIDE-Var emerged as the best model, with an average
AUPRC equal t0 0.714 +0.025, while HyperSMUREF scored
0.654+0.039, T-ResNet 0.630+0.034 and XGBoost 0.709+
0.021 (Figure 5a). The AUPRC difference is statistically
significant between TIDE-Var and the other models, except
for XGBoost (Wilcoxon signed rank test), and a significant
difference can be also detected between 7-ResNet and Hy-
perSMUREF (Figure 5b). Also on the basis of the F1-score,
the improvement is always statistically significant in favour
of TIDE-Var (p-value < 0.01), except with XGBoost where
the difference in favour of TIDE-Var is not statistically sig-
nificant, and for this metric 7-ResNet achieves significantly
better results than HyperSMURF (p-value < 0.05).

CADD performed poorly on genetic Mendelian data.
Indeed with the first hold-out CADD obtained an AUPRC
= 0.01, two order of magnitude less than TIDE-Var. For this
reason, we did not include its results in Fig. 3, 4 and 5.

CADD’s relatively poor performance, possibly consis-
tent with previous findings [50], likely stems from its design
goal of providing an unbiased, genome-wide deleteriousness
score. In other words, it is intended to assess the potential
impact of variants across the full spectrum of genomic
regions and functions spanning the 3 billion bases of the
human genome, rather than focusing on the specific subset of
pathogenic variants underlying Mendelian genetic diseases.

3.5. Characterization of the predictions and of the
learning behavior of the models
We first characterized the learning behaviour of the
compared models, then we focused on the characterization
of TIDE-Var, the best performing model.
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Table 1

Hyperparameter search space and selected values for TRes-Net, TIDE-Var, hyperSMURF and XGBoost.

Model Hyperparameter Search space Selected value
Number of groups {3,5,7,9} 5
Number of blocks per group {1, 2, 3} 3
TRES-NET Number of units per layer {128, 256, 512} 128
Batch size {1024, 8192, 32768} 32768
Mini-batch negative-to-positive ratio {1, 4, 19} 19
(r = N—/N+)
Number of implicit MLP (k) {8,12,16,24,32,48} 48
Input embedding dimension (d,,,;) {12,18,24,32,48} 32
TIDE-VaAr . A .
Periodic activation functions
Encoding Strategy PLE target-aware binning PLE quantile-based binning
PLE quantile-based binning
Number of partitions (np) {50, 100, 150} 50
Oversampling factor (fp) (2,5, 10, 15, 20} 5
HYPERSMURE oo ative-to-positive ratio (r) (2,3, 10, 50, 100} 100
Number of trees (ntree) {10, 50, 100} 50
Number of estimators {50, 100, 150} 150
Learning rate {0.3, 0.02, 0.01} 0.02
XGBoost Maximum tree depth {3,6} 6
Subsampling ratio {0.8, 1.0} 1.0

3.5.1. Comparison of the learning behaviour of the
models

TIDE-Var showed the best results in comparison with T-
ResNet and HyperSMURF (Fig. 5). However, even if TIDE-
Var shows slightly better precision/recall and ROC curves
(Fig. 6 a and d), HyperSMURF and T-ResNet exhibit better
sensitivity than TIDE-Var at any threshold (Fig. 6¢). On the
contrary, the lower TIDE-Var sensitivity is counterbalanced
by a very high precision, close to 1 for any threshold higher
than 0.6 (Fig. 6b), thus resulting in a significantly larger
AUPRC (Fig. 5). This suggests that TIDE-Var could be
preferable in general since variants having a large score
are confidently and correctly predicted as pathogenic, but
T-ResNet or HyperSMURF could be the elective choice in
a context where sensitivity is the main concern, e.g in an
exploratory phase where the interest is in discovering and
collecting potential pathogenic candidates, even at the cost
of a few extra false positives.

Even if TIDE-Var slightly outperforms XGBoost, their
precision-recall curves are very close (Fig. 6a), as reflected
by the absence of a statistically significant difference in
their AUPRC performance (Fig. 5). When investigating their
performance at a finer detail, we however notice that, while
their precision curves are very close (Fig. 6b), sensitivity of
TIDE-Var is significantly larger for thresholds larger than
0.4 (Fig. 6¢).

The different behaviour of TIDE-Var, T-ResNet, Hy-
perSMURF and XGBoost is outlined in Fig. 7, which re-
ports the histograms of the probabilities of the models on
the pathogenic (orange) and neutral (blue) variants. All
the methods struggle in correctly predicting a subset of

pathogenic variants whose features are very close to those
of some negative (neutral) examples, resulting in predicted
probabilities close to 0.

When focusing on the distribution for pathogenic vari-
ants, both TIDE-Var and T-ResNet exhibit more pronounced
and consistent peaks near 1 compared with HyperSMURF.

However, the largest difference can be observed with
the distribution of the probabilities relative to the negative
examples (blue bins): while HyperSMURF presents decreas-
ing but large frequencies across all the predicted proba-
bilities (hence showing high frequencies for probabilities
larger than 0.5, Fig. 7 c¢), T-ResNet and TIDE-Var show
significantly lower frequencies for large probability values
(Fig. 7 a and b). In particular TIDE-Var confines most of
its predicted probabilities for negatives to values less than
0.2, thus avoiding to generate false positives (Fig. 7 a). A
similar behaviour can be also detected in XGBoost (Fig. 7
d), even if negatives examples are more spread toward larger
predicted probabilities and positive ones are less polarized
toward large values, thus explaining the lower sensitivity of
the model with respect to TIDE-Var.

Several variants are wrongly predicted and especially
some pathogenic variants are wrongly predicted as neutral
by all models (Fig. 7). The difficulty of this prediction task is
evidenced by the embedded representations of the variants
extracted from the last hidden layer preceding the classifi-
cation layer of T-ResNet and TIDE-Var. The embeddings
were projected to two dimensions with a combination of PCA
and UMAP transformations [51], and visualized through a
Gaussian Kernel Density Estimation (KDE) heatmap [52].
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Figure 3: Multiple hold-out comparison: AUPRC results. Each
block of four bars represents results on the hold-out test set of
TIDE-Var, T-ResNet, HyperSMURF and XGBoost.

As shown in Figure 8, positive examples form distinct clus-
ters, but they still overlap substantially with negative exam-
ples, indicating that both T-ResNet and TIDE-Var struggle
to fully separate pathogenic from neutral variants. Figure 8
presents KDE plots based on embeddings from the test set of
one hold-out split, and similar patterns are observed across
the other hold-outs as well.

3.5.2. TIDE-Var learning characterization

We then focused on the learning behaviour and on the
main factors underlying the performance of TIDE-Var, the
best performing method in our experimental comparison.
We started analyzing the impact of ensembling by reducing
the number k of implicit base learners to 1. Performance
decreased markedly, yielding an average AUPRC of 0.6374
vs 0.7331 obtained by TIDE-Var (p-value< 0.01, Wilcoxon
signed rank test), highlighting that ensembling is a key
contributor to TIDE-Var’s best overall performance.

To gain further insight into how the number of implicit
base learners k and the embedding dimension d affect over-
all AUPRC performance, we performed a grid search over

= TIDE-Var T-ResNet ® HyperSMURF = XGBoost

o
N
o
W

0.4 0.5 0.6 0.7 0.8 0.9
Test F1

Figure 4: Multiple hold-out comparison: F1 results. Each block
of four bars represents results on the hold-out test set of TIDE-
Var, T-ResNet, HyperSMURF and XGBoost.

several (k,d) pairs (Fig. 9), by applying an internal 5-fold
cross-validation on the training set of the first hold-out used
to evaluate the generalization performance of the different
models (Section 3.4). The best-performing configuration for
TIDE-Var was k = 48 and d = 32, achieving an AUPRC
of 0.7331. However, several other configurations yielded
comparable results, and overall we consistently obtained
an AUPRC > 0.70 across the explored (k,d) settings. In
particular, the configuration with k = 24 and d = 12
(AUPRC 0.7291) is statistically indistinguishable from the
one with k = 48 and d = 32, while requiring about one third
of the training time (approximately 1975 vs. 6500 seconds)
and a substantially lower peak GPU memory usage (about
6.3 GB vs. 16.1 GB). We therefore selected the more efficient
k = 24, d = 12 configuration for all reported TIDE-Var
experiments.

The marginal effect of the embedding dimension and of
the ensemble size confirms that TIDE-Var is not particularly
sensitive to these parameters, even if the ensemble size
shows a positive trend with respect to the number of implicit
base learners (Fig. 10).
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Another important learning characteristic of TIDE-Var
is represented by the fact that the base learners are im-
plicit, in the sense that they are not completely independent,
since they share most of their learning parameters and they
learn contextually by jointly minimizing the same objective
Sfunction. To show the impact of this learning strategy we
compared TIDE-Var with a “vanilla” ensemble of base deep
neural networks, having the same number of layers and
hidden neurons of the implicit TIDE-Var base learners,
but without parameter sharing and with independent base
learner training. The final output of the vanilla ensemble is
the average of the pathogenic probability computed by each
base learner.

To this end we run a standard deep ensemble having
16 independently trained neural networks, matching the
architecture of a single base neural network but without
parameter sharing, and aggregating predictions by prob-
ability averaging. Despite the much higher computational
cost, this classical ensemble achieved an AUPRC of 0.5945
and required around 69 GB of peak GPU memory during
training, versus the 0.7291 AUPRC and 6.5 GB required
by TIDE-Var. Overall, this confirms that TIDE-Var’s gains
are not only due to ensembling alone, but to its implicit
parameter-sharing and joint optimization, which yield both
better generalization and far greater efficiency.

We finally investigated whether mini-batch balancing
techniques can significantly improve TIDE-Var performance.
To this end, we compared training TIDE-Var with and with-
out mini-batch balancing. While balancing yielded almost
perfect training AUPRC (Fig. 1la), it did not introduce
a significant advantage during validation, since balanced
and unbalanced mini-batch strategies converged to similar
AUPRC results (Fig. 11b). This could be surprising, consid-
ering the high imbalance of the data, but it can be explained
by the relatively large size of the mini-batch (8192) that
significantly improves the probability of having one or more
pathogenic variants in each mini-batch, a mandatory condi-
tion to enable learning in highly unbalanced contexts [37].
Moreover, mini-batch balancing implies longer training
time. For these reasons, in our comparative experiments we
used the unbalanced mini-batch with a large mini-batch size.

T-ResNet

HyperSMURF|

Model

i

XGBoost|

TIDE-Var|

0.50 0.60 0.70 0.80
Mean Test AUPRC

(a) Average AUPRC on test sets

TIDE-Var - T-ResNet +0.084

XGBoost - T-ResNet +0.079

e

TIDE-Var - HyperSMURF +0.060

+0.055

N

XGBoost - HyperSMURF

HyperSMURF - T-ResNet

[

+0.024

TIDE-Var - XGBoost +0.005

Difference in mean AUPRC scores

(b) Wilcoxon signed-rank test

Figure 5: Comparison of test AUPRC across models. (a)
Mean test AUPRC for T-ResNet, HyperSMURF, XGBoost, and
TIDE-Var over the ten hold-out splits, with error bars showing
standard deviation. (b) Pairwise differences in mean AUPRC,
with bars coloured by the Wilcoxon signed-rank test outcome
(green: significant, p < 0.05; yellow: not significant, p > 0.05).
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Figure 6: Comparison of TIDE-Var (blue), T-ResNet (orange), HyperSMURF (purple) and XGBoost (green) on the test set of
the first hold-out: (a) precision—recall curves, (b) precision at different threshold levels, (c) sensitivity at different threshold levels,
(d) ROC curves.
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4. Conclusions

Identifying pathogenic variants in the non coding genome
is an open computational biology problem, representing
a significant challenge from both a machine learning and
precision medicine standpoint. The severe imbalance be-
tween available pathogenic and neutral variants, and recent
advances in deep neural network ensembling motivated the
design and implementation of two modular deep neural net-
work systems to leverage the characteristics of conservation,
genetic and epigenetic features of Mendelian data.

Our first model, by combining a modular architecture,
residual connections and balanced mini-batch techniques,
achieved performance comparable to HyperSMUREF, one of
the state-of-the-art methods for the prediction of pathogenic
variants in Mendelian diseases.

Our second proposed neural model, TIDE-Var lever-
ages an ensemble of implicit base neural networks that
share parameters and introduces base-learner diversity
through adapter matrices. This architecture significantly im-
proved performance with respect to state-of-the-art predic-
tion methods, and also achieved slightly better results than
XGBoost, even if the difference in favour of TIDE-Var is
not statistically significant, demonstrating that deep neural
networks ensembles can obtain results at least comparable
to regularized boosting decision tree ensembles on complex
highly imbalanced genetic data in tabular format.

Ablation studies showed that the implicit ensembling
approach (with shared parameters), the contextual learning
of base learners, which jointly optimize the same objective
function, and the diversity induced by adapter matrices are
crucial for improving the prediction of pathogenic variants,
without increasing the empirical time complexity.

Even if our results showed that TIDE-Var achieves sig-
nificantly more accurate and precise predictions, our analy-
ses highlighted distinct operating profiles among TIDE-Var,
T-ResNet, HyperSMURF and XGBoost. Indeed, TIDE-Var
achieves the best precision—recall trade-off, mainly through
its very high precision, assigning low scores to neutral
variants and strongly reducing the rate of false positives.
Conversely, HyperSMURF and T-ResNet tend to maintain
higher sensitivity across thresholds, suggesting that they
can be preferable when the priority is to maximize recall.
This learning behaviour is valuable in exploratory settings,
where capturing as many candidate pathogenic variants as
possible is more important than limiting false positives.

Nevertheless, all models struggle with a subset of pathogenic

variants that are hard to distinguish from neutral exam-
ples, as indicated by probability histograms and by the
embedding-space visualizations, which reveal substantial
overlap between the two classes even when pathogenic vari-
ants form localized clusters. These observations emphasize
that, despite the improvements brought by TIDE-Var, the
prediction task remains intrinsically challenging and partly
limited by the similarity between certain pathogenic and
neutral variants in feature space.

To overcome these limitations, which are partly due to
the relative low number of features and positive examples

used to train our models, we are working to construct a
larger set of features to better characterize the genetic and
epigenetic properties of the variants, as well to enlarge the
number of ‘positive’ pathogenic variants by collecting them
from existing literature.

Another future research direction is to design multi-
modal ensembles of deep neural networks that integrate the
available tabular data (conservation, genetic, and epige-
netic features) with sequence context, i.e., nucleotide ‘win-
dows’ around each variant, to better capture their functional
properties. From this standpoint TIDE-Var could be inte-
grated with another deep learning module for sequence data,
e.g. a convolutional neural network or a transformer [53]
through a head module to combine the hidden representa-
tions provided by the tabular and by the sequence-based
models.

We finally note that TIDE-Var achieved state-of the-art
results and could be in perspective used as the machine
learning core of Genomiser [26], to improve the diagnosis
of Mendelian genetic diseases caused by mutations in the
non-coding regions of the human genome.
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