Cdc cong trinh nghién cifu, phat trién va ing dung CNTT va Truyén théng

Pathway-Capsule Neural Networks

Phuong-Nam Nguyen
Faculty of Computer Science PHENIKAA University, Yen Nghia, Ha Dong Hanoi, 12116, Vietnam.

Correspondence: Phuong-Nam Nguyen, nam.nguyenphuong @phenikaa-uni.edu.vn
Received: 15/2/2024, revised: 07/5//2024, accepted: 11/5/2024
Digital Object Identifier: 10.32913/mic-ict-research-vn.v2024.n1.1265

Abstract: The progress made in Next-Generation Sequencing technology has resulted in many genetic databases, which
offer the potential for more effective diagnostic tools. Recent literature highlights Artificial Intelligence (Al) as one of the
most potent methods. Nonetheless, when it comes to analyzing genetic data, Machine Learning (ML) and Deep Learning
(DL) face three significant challenges due to: (1) multi-modality analysis, (2) model explainability, and (3) extension
to patient-specific biomarker identification. In this paper, we introduce Pathway-Capsule Neural Networks (PCNN) and
its Bayesian version (BayesPCNN) to address the three limitations. We demonstrate the model using Big Data of 7,372
samples with 57 protein expressions from the TCGA dataset. In the best setting, the proposed PCNN outperforms tree-based
ML models and KNN with a significant gap of 10% — 30% in accuracy for Pan-Cancer detection; while only outperformed
by kernel methods with under 2%. Another contribution of BayesPCNN is highlighted as Explainable Al (XAI), which
reveals tumors with potential metastasis and patient-specific biomarkers.
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Tiéu dé: Pathway-Capsule Neural Networks

Tém tat:  Tién bd trong Cong nghé Sequencing Thé hé Tiép theo da din dén nhiéu co s& dit lidu gen, md ra tiém ning cho cdc
cong cu chan dodn hiéu qua hon. Cic bdo cdo khoa hoc qudc té duong dai nhdn manh ring Tri tué Nhan tao (AI) la
moét trong nhitng phuong phap manh mé nhit. Tuy nhién, khi dén viéc phan tich dif liéu gen, Hoc My (ML) va Hoc
Sau (DL) dbi mit véi ba thach thic 16n do: (1) phan tich da dang, (2) kha ning giai thich md hinh, va (3) mé rong dé
xdc dinh chi s sinh hoc cu thé cho ting bénh nhan. Trong bai bdo nay, ching t6i gidi thiéu Pathway-Capsule Neural
Networks (PCNN) va phién ban Bayesian ctia né (BayesPCNN) d€ gidi quyét cdc han ché nay. Ching t6i thé hién mo
hinh bing Dit liéu Lén ctia 7,372 miu v6i 57 biéu hién protein tif tip dit liéu TCGA. Trong cai dit tdi uu, PCNN
dugc dé xuat vugt troi hon so véi cic mo hinh ML dua trén cdy va KNN véi khoang cach dang ké 1a 10% — 30% trong
do chinh xdc cho viéc phat hién Ung thu Phd quat; trong khi chi bi vugt qua bdi cic phuong phap nhan ban véi dudi
2%. Mot dong g6p khac cia BayesPCNN dugc nhén manh 12 Tri tué Nhan tao Giai thich (XAI), 1am sang t nhiing
khéi u c6 tiém ning di cin va chi sb sinh hoc cu thé cho ting bénh nhan.

Tu khoa:  hoc sdu, tri tué nhdn tao, todn y sinh

I. INTRODUCTION 1) Our proposed dual-encoder retrieves hierarchical in-
formation from multi-mode genetic data using a

The next-generation sequencing (NGS) technology ad- generalized loss module (Section [[T.2] and [TL3).

vancement brings a large collection of genetic databases, 2) The proposed Al model has two settings: (1) generic

which promises more powerful diagnostic tools. Artificial PCNN and (2) BayesPCNN, which is more accurate

Intelligence (Al) is one of the most powerful approaches in than most conventional ML models for genetic data.

the recent associated literature. However, Machine Learning Both versions outperform four competitor models

(ML) and Deep Learning (DL) deal with a major challenge in the Pan-Cancer detection task while slightly out-

when analyzing genetic data. Specifically, most Al-driven performed by the Support Vector Machine (SVM)

solutions are black-box, which is not ideal for medical (Section [IV).

context as clinicians must understand the model inference 3) BayesPCNN is an XAI model identifying secondary

to offer precise treatments for the patient of target. tumors and patient-specific biomarkers. (see Sec-
In this paper, we propose a new neural architecture named tion TV.2.bl and [[V.2.d).

Pathway-Capsule Neural Networks (PCNNs) to achieve three

goals
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II. RELATED WORKS
1. Capsule Networks in Cancer Genetics

Capsule Networks, or CapsNets, are an Artificial Neural
Network (ANN) that was proposed to address some of the
limitations of Convolutional Neural Networks (CNNs) [[1]].
CapsNets solve the problem of preserving the hierarchical
relationships between parts and wholes, and they have
rotational and positional invariance[2]]. They use a group
of neurons to form a "capsule" that recognizes an object
in the input data and outputs a vector. The vector’s length
represents the object’s probability of being present in the
input, and its orientation represents the object’s properties,
such as pose, deformation, and texture. In the context of
cancer genetics data analysis, capsule neural networks are
used to improve the accuracy, robustness, and the model
interpretation[3H9].
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2. Challenges of AI models in Cancer Genomics

Genetic data analysis model architectures still need im-
provement despite many achievements. A recent review([10]
shows tree-based and kernel methods are more commonly
used than neural networks because Deep Neural Networks
(DNN) are ineffective in learning from tabular data. DNNs
are good at learning representations from data with physi-
cally structured domains, such as images or text sequences.
However, tabular data does not have generic physical
structures. Thus, DNN performance degrades, especially
in low-limited data scenarios[11].

III. METHOD: PATHWAY-CAPSULE NEURAL
NETWORK (PCNN)

1. Overview

We compare our proposed PCNN to conventional NN
and CapsNets in Figure |1l Our model architecture has three
distinct features:
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Figure 1: Pathway-Capsule Neural Networks (PCNN)
Information Flow, compared to conventional NN and
CapsNets.

1) We partition the model weight architecture as a capsule
s, and h,, which encodes the hierarchical structure
on inputs.

The loss module is designed to update each cluster
of model weight based on mutational signals and true
labels.

The final classifier is produced by both secondary rep-
resentation s, and primary representation h, though
element-wise sum, which is inspired by residual
connections in ResNet[[12]]. It allows us to use deeper
model architecture with more efficient trainability.

2)

3)

2. Dual-Neural Encoder for Multi-Modality Analysis

We propose a novel neural architecture design for ANN
models named Pathway-Capsule Neural Networks (PCNN),
which leverages a dual-encoder for multi-modality analysis.
Specifically, given two modes of data in cancer genetics,
denoted as D' = (X,Y]) and D? = (X>,Y>), in which Y}
is labels for cancer classes and Y5 is the mutational signals.
The input data X and X, can be any genetic data ranging
from DNA methylation, RNA/mRNA, or protein expression.

Construction of Pathway-Capsule (g(.)): We propose
a capsule-like neural architecture to encode mutational
signals for input pathways. Specifically, given the input
data of k-genetic features X| = X, = {Gy,...,Gy}, the
Pathway-Capsule block g(.) encodes the input signals as the
following forward-pass in Algorithm [I} The output of the
Pathway-Capsule block is the neural signal that represents
mutational activation signals (binary € {0, 1}). We denote
the transformation of this neural block as g(X) = s,.

Construction of Classifiers (f(.)): The final ANN
classifier is parameterized by (ncapsules = K, Rlayers =
[, hidden dim d), in which ngpsules Pathway-Capsule
block encodes mutational signals of k-genetic features with
[ layers of d hidden neurons in each block. We aggregate



the neural signals from all Pathway-Capsule blocks by
concatenation, which is given as

H = Concat(s;)le. )

We improve the trainability of the proposed model archi-
tecture by incorporating the original signals X ) into the
embedding H . Of note, residual connections[12] is already
adopted in the Pathway-Capsule block for the same purpose
depicted in the demonstrated forward pass. Here, we use the
concatenation operator to construct such a representation,
given as

H_. = Concat(X, H). 2)

The proposed representations H,. could have two-fold
advantages. First, the input signal is accounted for in
such an embedding so that it could ameliorate the model
trainability. Second, the embeddings contain hierarchical
information from multi-mode data, including (1) input
genetic expressions and (2) mutational signals. The final
classification head f(.) is built on H, which is given as

g=f(H), 3

where 9 is the predicted outcome. The forward pass of the
proposed classifier is given as in Algorithm

3. Loss Module

Our proposed PCNN model is different from Capsule
Neural Networks and ANNs with auxiliary heads in [1} 13}
6l 18]. It encodes hierarchical information for multi-modality
analysis and includes a loss module to learn class annotations
and mutational signals. This is the key feature that sets it
apart from existing models.

Here, we design the loss module consisting of two
components, given as

L = Lcis + Lmutation (4)

Of note, the annotations for model feedback include Y;
and Y;, which is introduced in the earlier section. The
classification loss is computed as

LC]S(Q’ 1fl)’ (5)

using cross-entropy criterion given as

Y
LcE = —NZZYU log(pij),

i=1 j=1
where N is the number of samples, M is the number of
classes, y;; is the binary indicator (0 or 1) if class j is the
true label for sample i p;; is the predicted probability that
sample i belongs to class j. The latter term in the final
loss is computed between neural signals s’. and mutational
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signals recorded in each k-genetic feature. Specifically, we
use the binary version of cross-entropy loss, yielding
(6)

Lpce(st,yh),

k
LMutation =

i=1

where yé is the mutational-activation signals from Y.

IV. RESULTS
1. Experimental Design

a) Case-study

Our proposed PCNN was demonstrated using RPPA and
CNYV, from DNA mutation to protein expressions. We used
TCGA[13]] with 7,372 patients, 31 cancer types, and k = 57
genetic features per observation. Mutational signals were
created by CNV data with simple thresholding of Y, =1
when ycnvy # 0, otherwise 0.

b) Training Protocol

We optimize hyper-parameters using Sequential Model-
based Optimization with Tree-Parzen Estimator[/14f]. This
optimizer is cost-efficient for large search spaces[15, [16].
We optimize the number of capsule layers, neurons per layer,
dropout rate, learning rate, and weight decay. We perform
100 trials using SMBO-TPE[14]. Each model candidate
trains for 1000 epochs using the AdamW/[17] optimizer. We
conduct experiments using Python 3.7.0, numpy 1.21.5, sci-
kit-learn 1.0.2, and PyTorch 1.11 on an Intel i9 processor,
16GB DDR4 memory, and GeForce GTX 1060 Mobile
GPU.

2. Effectiveness Analysis

a) PCNN Enables More Accurate ML Classifiers for Pan-
Cancer Detection

We compared our proposed PCNN model with five
classical ML models and excluded ANNs for two reasons.
First, PCNN is a more generalized version of ANNs. Second,
the ML models have demonstrated superior performance in
genetic data analysis on TCGA data[10]. We used the test
accuracy score evaluated by a 5-Fold CV as the comparison
metric and optimized all models using SMBO-TPE for a
fair comparison.

We present two versions of PCNNs in Figure [2] - one
based on a generic setting and the other on a Bayesian
setting (by DeepEnsemble[[18]). The generic PCNN model
outperforms four competitor models, except SVM with radial
kernel parameterized by C = 5. The gap between PCNN and
decision tree and KNN models is large, with a difference
of approximately 92.5% compared to 62.5% and 82.5%,
respectively. PCNN also performs slightly better than other
tree-based approaches by about 2.5% — 5% in test accuracy.
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Figure 2: (Left) Our proposed generic PCNN and Bayes-PCNN outperform competed for tree-based classifiers,
including decision tree, KNN, and xgBoost, while slightly outperformed by SVM using 5-Fold Cross-Validation (CV).
(Right): Proteomics-Biomarker scored by importance score from xgBoost models based on 5-Fold CV.

Test Patient ID: 1144| No. models: 72
True Class: ['READ']-Prediction: DLBC
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Figure 3: Bayes-PCNN Improves Patient-specific Inference. (Top) Neural signals recorded in Pathway-Capsule
outputs, colored by mutational signal: red for mutation and blue for wild-type. (Bottom) Assembled predictions by
Bayes-PCNN using 72 optimized models: Although the top-1 prediction is wrong, the second highest confidence is the

right cancer class.

The predictive performance of PCNN is slightly lower than
SVM by about 2.5%.

BayesPCNN, a variant of PCNN in the Bayesian setting,
achieves lower accuracy than the generic version due to
its aggregation of top-10, -30, and -50 to produce the
mean of predicted values. While more classifiers result
in higher accuracy, there is a trade-off between inference
time and accuracy. However, BayesPCNN using ten to thirty
models gains a 10% accuracy gain, which saturates at 50
models, whereas the additional 20 classifiers only gain < 2%
accuracy.
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b) Enhancing The Robustness of Model Inference with
Bayes-PCNN

Although Bayes-PCNN induces a slight degradation in
accuracy, the model setting has two-fold advantages. First,
the model produces a more robust and reliable inference
thanks to the nature of Bayesian learning. We show in
Figure 3] that even if the classifier makes the wrong
prediction in its top-1 configuration, the second highest
confident prediction is the right cancer class. Second, we can
associate top-2 and top-3 confidence prediction as potential
metastasized diseases (secondary). The analyzed sample
contains genetic signals that resemble other cancer classes.
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Test Patient ID: 101| No. models: 72
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Figure 4: Explainable AI (XAI) by Bayes-PCNN Demonstrated on Comparing Different Patients with Breast
Cancer. The top panel depicts neural signals recorded from the output of Pathway-Capsules blocks, colored by true
mutational signals (red for mutant, blue for wild-type). The bottom panel depicts the confidence in model inference
by cancer diseases. The predicted metastasized tumor has MSH2, MSH6, EIF4E, INPP4B and SMADI mutations, that
associates with high values in capsule signals
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Figure 5: Explainable AI (XAI) by Bayes-PCNN Demonstrated on Comparing Different Patients with Bladder
Cancer. The top panel depicts neural signals recorded from the output of Pathway-Capsules blocks, colored by true
mutational signals (red for mutant, blue for wild-type). The bottom panel depicts the confidence in model inference
by cancer diseases. The co-activation of BRAF and BAX could lead to potential metastasis to secondary at the breast,
suggested by our BayesPCNN.
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For instance, BayesPCNN suggests the diagnosed patient in
Figure |3| could have potential disease metastasis from the
rectum (READ) to Lymphoid Neoplasm Diffuse Large B-cell
Lymphoma (DLBC) or adrenocortical carcinoma (ACC).
The two discussed features are superior to the existing
models, which are considered black-box.

c¢) PCNN Enables Explainable-Al (XAl) for Patient-
specific Diagnostics

We used Pathway-Capsule blocks to understand model
inference and identify clinically significant observations
in breast cancer patients. Figure [4| shows the Pathway-
Capsule output, colored according to mutational signals. Our
XALI system identified patient-specific biomarkers, whereas
existing scoring systems for feature importance only improve
model accuracy.

Patient 101 may have potential metastasis to ACC, while
the other patients are not at risk for secondary tumors.
The predicted metastasized tumor has mutations in MSH2,
MSHG6, EIF4E, INPP4B, and SMADI1, which are associated
with high values in capsule signals. MSH2 and MSH6
staining absence in tumors can be due to genetic mutations
inherited from the germline[19]], and the risk of having
MSH?2 microsatellite instability (MSI) is higher in males
with colon tumors, late-stage tumors, and poor tumor
differentiation. Similarly, males with colon tumors and
tumors at a late stage are more likely to have MSH6 MSI.
SMADI promotes cell invasion and metastasis in different
cancer types[20].

We can see three bladder tumor patients in Figure [5]
Patient 12 has the most mutations, but our Bayes-PCNN
model shows that patient 11 has a higher risk of metastasis
due to the co-activation of BRAF and BAX genes. BRAF
mutations[21] can cause carcinogenesis[22] and are linked
to poor prognosis in 5-10% of metastatic colorectal cancers.
Activation of the BAX driver gene triggers apoptosis, leading
to the death of cancer cells.

We found that neural signals from Pathway-Capsule and
mutational activation can predict disease metastasis risk. For
personalized treatment, we identified potential proteomics
biomarkers like SMADI and BAX.

V. DISCUSSION

Why PCNN is More Generalized than Conventional
ANN Design in the Context of Multi-Modality
Analysis?

The proposed PCNN is superior to conventional machine
learning models as it encodes information from multiple
genomic data modes into the final latent vectors. Multi-
modalities analysis is crucial in Al-driven genetic analyses,
but the high-dimensional data can impact the effectiveness

Tip 2024, S6 1, Thing 6

and efficiency of machine/deep learning models. Our
proposed PCNN builds on recent proposals for the path
towards General Al (GAI). For instance, GLOMJ2] suggests
representing part-whole hierarchies in neural networks,
which is achieved in the proposed PCNN by the dual-
encoder. Additionally, our proposal adopts the trainable
cost module[23]. However, the intrinsic cost module still
needs addressing. Here, we design this module to encode
mutational signals from the fundamental mode of the DNA
codes.

Some Limitations of The Model Architecture

We have identified some limitations with our proposed
neural architecture design. Firstly, our model requires
additional costs for data annotations of mutational signals,
which can be significant in medical data. However, this issue
can be addressed by high-end pre-training protocols such as
self-supervised learning. Secondly, we are also concerned
about the model’s scalability, as our architecture consists of
dense auxiliary capsules, which could lead to high latency
in model training and inference.

VI. CONCLUSION

To this end, I have introduced a novel architecture PCNN
with a dual-neural-encoder to retrieve information from
multi-modalities of genetic data in Section Although
the model architecture can be generalized on various
data scenarios, I have demonstrated the proof of concept
using Big Data, including mutational signals and protein
expressions in Section The numerical experiment
yields promising results three-fold. First, the generic PCNN
outperformed four in five classical ML competitor models
(Section [IV.2.d). Second, the BayesPCNN improves the
robustness of model inference and suggests a potential
secondary site of tumor based on data-driven inference
(Section [IV.2.D). Finally, the final XAl-driven analysis
yields robust proteomics-biomarkers demonstrated in some
cancer types (Section [[V.2.c). Besides, I also highlighted
the motivation and explained why our proposed PCNN
guarantees the improvements in Section V| with the model
limitation is discussed in Section For further study, I
suggest several directions, such as investigating the proposed
PCNN and BayesPCNN in other learning tasks not restricted
to genetic data. Besides, in-depth studies of model interpre-
tation to discover new biomarkers are worth investigating.
Finally, addressing the discussed limitation could improve
the effectiveness and scalability of the proposed PCNN.
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APPENDIX
Implementation

class PathwayCapsule (nn.Module) :
def _ _init_ (self, in_dim, hid_dim,
n_cap_layers, dropout) :
super (PathwayCapsule, self).__init__ ()
self.dropout = dropout
self.fc_in = nn.Linear (in_dim, hid_dim)
self.layers = nn.Modulelist ([nn.Linear (
hid_dim, hid_dim)
for _ in range (
n_cap_layers)])
self.fc_out = nn.Linear (hid_dim, 1)
def forward(self,x):
x = self.fc_in(x)
for £ in self.layers:
= f(x) + x
= nn.Dropout (self.dropout) (x)
= nn.RelLU () (x)
X self.fc_out (x)
return nn.Sigmoid() (x)

X X X

Listing 1: Forward-Pass of Pathway-Capsule

class Model (nn.Module) :

def __init__ (self, in_dim, hid_dim, n_caps
, n_cap_layers, out_dim, dropout = 0.):
super (Model, self).__init__ ()
self.in_dim, self.n_caps = in_dim,
n_caps
self.dropout = dropout
self.capsules = nn.ModuleList ([
PathwayCapsule (in_dim, hid_dim,
n_cap_layers,dropout) for _ in range(
n_caps)])
self.cls_head = nn.Linear (in_dim +
n_caps, out_dim, bias = False)

def forward(self, x):
x = x.float ()
sx = []

for £ in self.capsules:
sx.append (f (x))

H = torch.cat (sx, dim = 1)

Hc = torch.cat ([x,H], axis = 1)

y = self.cls_head (Hc)

return H, y

Listing 2: Forward-Pass of PCNN.



Phuong-Nam Nguyen is a current Ph.D.
student in Electrical Engineering at the
University of South Florida. He earned
a Bachelor’s degree in Mathematics and
Education from the Hanoi University of
Education and a Master’s in Statistics from
the University of South Florida. He is
currently a lecturer and research fellow at
Phenikaa University. His research interests are applying classical
and quantum machine intelligence to biological problems, including
oncology research, molecular dynamics modeling, large genome
data analysis, and biomarker identification.

Email: nam.nguyenphuong @phenikaa-uni.edu.vn

17

Tip 2024, S6 1, Thing 6



	Introduction
	Related Works
	Capsule Networks in Cancer Genetics
	Challenges of AI models in Cancer Genomics

	Method: Pathway-Capsule Neural Network (PCNN)
	Overview
	Dual-Neural Encoder for Multi-Modality Analysis
	Loss Module

	Results
	Experimental Design
	Case-study
	Training Protocol

	Effectiveness Analysis
	PCNN Enables More Accurate ML Classifiers for Pan-Cancer Detection
	Enhancing The Robustness of Model Inference with Bayes-PCNN
	PCNN Enables Explainable-AI (XAI) for Patient-specific Diagnostics


	Discussion
	Conclusion
	Biographies
	Phuong-Nam Nguyen


