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ABSTRACT

PIDEEL: METABOLIC PATHWAY-INFORMED DEEP
LEARNING MODEL FOR SURVIVAL ANALYSIS AND
PATHOLOGICAL CLASSIFICATION OF GLIOMAS

Giin Kaynar
M.S. in Computer Engineering
Advisor: A. Erciiment Cigek
June 2024

The real-time assessment of tumor characteristics during surgery is crucial, of-
fering the potential to create a feedback mechanism for surgeons. Such feedback
enables surgeons to make more informed decisions regarding the extent of tumor
resection and whether to adopt a more aggressive or conservative approach. Al-
though metabolomics-based tumor pathology prediction methods exist, their pre-
dictive performance is often constrained by the limited size of available datasets.
Additionally, the feedback about the tumor tissue could be enhanced in terms
of content and accuracy. This thesis introduces PiDeeLi, a metabolic pathway-
informed deep learning model designed to perform survival analysis and pathology
assessment based on metabolite concentrations. We demonstrate that integrating
pathway information into the model architecture significantly reduces parameter
complexity while enhancing survival analysis and pathological classification per-
formance. Our results indicate that PiDeel. improves tumor pathology prediction
performance over state-of-the-art methods, achieving a 3.38% improvement in the
Area Under the ROC Curve and a 4.06% improvement in the Area Under the
Precision-Recall Curve. Similarly, regarding the time-dependent concordance in-
dex (c-index), PiDeeL. exhibits superior survival analysis performance, with a
4.3% improvement compared to current leading methods. Furthermore, impor-
tance analyses conducted on input metabolite features and pathway-specific neu-
rons of PiDeeL provide valuable insights into tumor metabolism. Applying this
model in the surgical setting will assist surgeons in dynamically adjusting their
surgical plans, ultimately leading to more accurate prognosis estimates tailored
to the specifics of the surgical procedure.

Keywords: Nuclear magnetic resonance spectroscopy, Metabolomics, Deep learn-
ing, Intraoperative feedback, Survival analysis, Pathways.
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OZET

PIDEEL: GLIOMALARIN SAGKALIM ANALIZI VE
PATOLOJIK SINIFLANDIRMASI ICIN METABOLIK

YOLAK BILGILI DERIN OCRENME MODELI

Giin Kaynar
Bilgisayar Miithendisligi, Yiiksek Lisans
Tez Damigmani: A. Erctiment Cicek
Haziran 2024

Cerrahi operasyon sirasinda tiimor ozelliklerinin anlik olarak degerlendirilmesi
onemlidir ve cerraha iglem sirasinda geri bildirim mekanizmasi kurma potan-
siyeline sahiptir. Bu tiir geri bildirimlerin mevcut olmasi durumunda, cerrahlar
tiimorin rezeksiyonu konusunda daha esnek veya daha siki olmaya karar vere-
bilirler. Metabolomik tabanli tiimér patolojisi tahmini yapmak i¢in yontemler
olsa da, model karmagikligi ve tahmin performansi kii¢iikk veri seti boyut-
lartyla siirhdir.  Ayrica tiimér dokusuna saglanan geri bildirimlerin aktardig
bilgiler hem icerik hem de dogruluk acgisindan geligtirilebilir. Bu c¢alismada,
metabolit konsantrasyonlarina dayali olarak hayatta kalma analizi ve patoloji
degerlendirmesi gerceklestirmek icin metabolik yolak bilgili bir derin 6grenme
modeli (PiDeeLl) éneriyoruz. Yolak bilgisinin model mimarisine dahil edilmesinin
parametre karmagikligini 6nemli 6l¢tide azalttigini ve daha iyi hayatta kalma anal-
izi ve patolojik simiflandirma performansi sagladigin1 gosteriyoruz. Bu tasarim
kararlariyla, PiDeel.’in, AUROC agisindan tiimor patolojisi tahmin performansini
%3,38 ve AUPR agisindan %4,06 oranminda gelistirdigini gosteriyoruz. Benzer
sekilde, zamana bagh uyumluluk indeksi (c-endeksi) agisindan PiDeel’in, en
son teknolojiyle karsilagtirildiginda daha iyi sagkalim analizi performans1 (%4,3
oraninda iyilesme) elde ettigini gosteriyoruz. Ayrica, PiDeel’in yolaklara 6zgi
noronlarinin yam sira girdi metabolit Ozellikleri tizerinde gergeklegtirilen énem
analizlerinin tiimor metabolizmasina iligkin bilgiler sagladigini da gosteriyoruz.
Bu modelin ameliyathanede kullanilmasinin, cerrahlarin ameliyat planin1 aninda
ayarlamalarina yardimei olacagini ve o anki cerrahi prosediirlere uygun daha iyi
prognoz tahminleri elde edilmesini saglayacagini 6ngoriiyoruz.

Anahtar sézcikler: Nikleer Manyetik Rezonans Spektroskopisi, Metabolomik,
Derin 6grenme, Cerrahi geri bildirim, Sagkalim analizi, Yolaklar.
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Chapter 1

Introduction

Gliomas have uncertain mortality rates due to variations in suspected brain cell
types and differences in cancer progression dynamics [I]. The 2021 World Health
Organization (WHO) classification of central nervous system tumors [2] catego-
rizes gliomas based on cell types (e.g., astrocytes, oligodendrocytes) and four
pathological grades (I-IV), considering histopathologic, molecular, and genetic
characteristics. These grades reflect increasing malignancy and decreasing prog-
nostic optimism. Given the prevalence of gliomas among adult brain tumors [3],
developing a surgical management strategy that supports personalized clinical

decision-making through intraoperative or preoperative feedback is essential.

To maximize the resection of tumor tissue, various imaging [4], spectroscopy,
mass spectrometry [5, 6, [7, 8, O, 10, 1), 12, 13], and optical spectrometry tech-
niques [14, 15 16, 17, 18, 19, 20, 21, 22, 23] 24, 25, 26] have been proposed.
Among these, 'H High-Resolution Magic Angle Spinning Nuclear Magnetic Res-
onance (HRMAS NMR) spectroscopy measures metabolic activity in unprocessed
tissue samples [27] within 20 minutes, producing a time domain signal (Free In-
duction Decay - FID) composed of decaying exponential functions. The FID
signal is preprocessed to obtain the HRMAS NMR spectrum in the frequency

domain.



Post-preprocessing, the HRMAS NMR spectrum is suitable for analyzing resid-
ual tumor tissue in the excision cavity, providing feedback to surgeons. This feed-
back loop requires a pathologist knowledgeable about tumor metabolism and an
NMR technician to identify key metabolites. However, this method is limited by
expert availability during surgery and the manual quantification process, which

is slow and prone to issues with overlapping metabolite peaks [2§].

Due to the high-dimensional and complex nature of preprocessed HRMAS
NMR spectra, data-driven computational modeling (e.g., machine learning) can
complement the manual feedback loop. Various supervised machine-learning
models of glioma tissue samples have been explored for automated pathologi-
cal classification [29, 30]. The dataset used in these studies [31] includes HRMAS
NMR spectra from 568 glioma and healthy control samples, which, despite being
the largest of its kind, is relatively small, limiting model complexity and perfor-

mance.

Improving deep learning models in small data regimes involves making in-
formed architectural choices to simplify models. Incorporating prior biological
information can reduce neuron connectivity, mitigating overfitting and enhancing
interpretability. Though not applied in metabolomics, biologically informed deep
learning architectures have been successful in other domains, such as metastasis
prediction in prostate cancer [32], phenotype prediction from genetic variants [33],

survival prediction in glioblastoma [34], and multi-modal data integration [35].

Pathological classification alone may not fully determine cancer progression.
In glioblastoma multiforme (GBM), a grade IV astrocytic glioma, prognosis is
typically poor due to its malignancy [I]. However, prolonged survival has been
observed in IDH wildtype GBM [36, 37, 38], suggesting the need for survival risk
estimates in surgical feedback. Recent deep learning models for survival predic-
tion include DeepSurv [39], DeepHit [40], PC-Hazard [41], and Surv-Net [42].

We propose a deep neural network architecture (PiDeel.) to predict glioma

patient survival and pathological classification using HRMAS NMR signals to



provide surgeons with feedback (Figure 1.1). While automated pathological clas-
sification methods exist, this is the first study to combine these two sources of
information for surgical feedback. We incorporate prior biological information
from metabolic networks into the neural network architecture to enhance pre-
diction interpretability, which is crucial for surgeons. PiDeel. outperforms state-
of-the-art models in pathological classification and achieves a c-index of 68.7%
for survival prediction. We also identify important metabolites and pathways,

discussing their relevance in gliomas.

Spectroscopy output

for a single sample is a RMAS NMR
sum of decaying one- |4 Spectroscopy
sided exponentials in

the time domain.

«—
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\\\\
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Figure 1.1: PiDeeLs assisted intraoperative feedback loop. (1) The surgeon re-
moves primary tumor tissue from the patient’s brain and prepares specimens from
the resected tissue. (2) The prepared samples are sent for HRMAS NMR spec-
troscopy analysis. (3) Time domain signals from the spectroscopy of each sample
are preprocessed to reveal metabolite peaks in the corresponding frequency do-
main spectrum. (4) Thirty-seven metabolites are quantified from the preprocessed
spectra in milliseconds using metabolite-specific two-layer fully-connected neural
networks. (5) PiDeeL. converts metabolite concentrations into survival analysis
and pathological classification predictions, also in milliseconds. (6) Based on this
feedback, the surgeon decides whether to stop or continue the surgery, guided by
PiDeeL’s predictions.



Chapter 2

Methods

2.1 Dataset

The dataset used in this thesis is a subset of the patient cohort available at https:
//zenodo.org/record/5781769. It includes 568 HRMAS NMR spectra from
458 glioma samples (80.7% aggressive and 19.3% benign) and 110 control tissue
specimens, all collected during surgeries on 513 patients at University Hospitals

of Strasbourg.

2.1.1 Tissue Sample Collection

All tissue specimens were collected either through a pneumatic system linking the
neurosurgery operating theater to the NMR room (Hautepierre Hospital, Univer-
sity Hospitals of Strasbourg) or from samples stored at the tumor biobanks in
Strasbourg and Colmar, with minimal ischemic delays (average time 2 + 1 min).
The collected samples were suitable for proper HRMAS NMR analysis and had
a low necrosis-to-tumor ratio. After HRMAS NMR analysis, inserts for half the
content of each sample were cut. The percentage of tumor cells in the sample

was calculated relative to the total surface area as well as frozen hematoxylin and
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eosin-stained sections. Refer to Supplementary Table C.1 for the histopathologi-

cal classification of the tumor tissue samples.

2.1.2 Ethics Statement

The tissue specimens used in this thesis were gathered from samples stored in the
tumor biobanks of Strasbourg and Colmar, or through a pneumatic system. The
collection, storage, and compilation of the dataset were approved by the Ethics
Committee (no. 2003-100), Ethics Committee (no. 2013-37, 12.11.2013), and the
Ethics Committee of Strasbourg (Comité de protection des personnes, Est IV).

Written consent was obtained from all patients who participated in this study.

2.1.3 HRMAS NMR Spectrum Acquisition

A Bruker Avance III 500 spectrometer, equipped with a 4-mm triple-resonance
gradient HRMAS probe (1H, 13C, and 31P) operating at a proton frequency of
500.13 MHz, was used to acquire spectra from biopsy samples. The samples were
prepared by combining 30uL KelF inserts with 15- to 18-mg tissue samples at
20°C. To set the lock frequency of the spectrometer, 10uL of D>O was added to
the insert. Spectra were acquired using a Carr-Purcell-Meiboom-Gill (CPMG)
pulse sequence with a 285us inter-pulse delay and a 10-minute acquisition time.
The CPMG pulse train lasted 93 ms due to 328 loops. During acquisition, the
temperature was maintained at 4°C to minimize tissue degradation effects, re-
sulting in a one-dimensional (1D) proton (1H) spectrum for each specimen. Ad-
ditionally, a simulated Lorentzian-shaped ERETIC [43] signal, calibrated to 69.6
nmoles of protons, was digitally added to the spectrum at 10 ppm. This digitally
added ERETIC signal also accounted for pulse width differences between the
standard acetate sample and the biopsy sample, making the method insensitive
to the salt effect [44]. The calibrated ERETIC signal enabled the quantification

of all identified metabolites in the spectrum.



2.1.4 Preprocessing

To prepare the dataset for survival analysis, we included samples from primary
tumor tissue specimens of glioma origin that had recorded dates of metabolomics-
guided surgery and either the date of death or last follow-up. We excluded spec-
imens resected from healthy control patients and excision cavities of glioma pa-
tients. The resulting dataset consists of 384 HRMAS NMR spectra, with one
sample per glioma patient, comprising 299 (77.9%) aggressive and 85 (22.1%)
benign tumors, with subtype and grade information detailed in Supplementary
Table C.1. Of the patient cohort, 70.1% (269 patients) were reported deceased be-
fore January 2021. The remaining 115 patients were considered censored, as their
survival status is unknown. The distribution of patient age and time-to-event for
deceased and censored patients is shown in panels A, B, and C of Supplementary
Figure B.1, respectively. Additionally, the ERETIC-CPMG HRMAS NMR FID
signals for these 384 glioma patients, whose spectra were acquired as described

in Section 2.1.3, are available at https://zenodo.org/record/7228791.

2.2 Automated Metabolite Quantification

The automated metabolite quantification pipeline described in [30] was employed
to quantify the following 37 metabolites: 2-hydroxyglutarate, 3-hydroxybutyrate,
Acetate, Alanine, Allocystathionine, Arginine, Ascorbate, Aspartate, Betaine,
Choline, Creatine, Ethanolamine, GABA, Glutamate, Glutamine, Glutathione
(GSH), Glycerophosphocholine, Glycine, hypo-Taurine, Isoleucine, Lactate,
Leucine, Lysine, Methionine, Myo-inositol, NAL, NAA, o-Acetylcholine, Or-
nithine, Phosphocholine, Phosphocreatine, Proline, scyllo-Inositol, Serine, Tau-

rine, Threonine, and Valine.

To prepare our HRMAS NMR spectra for this pipeline, we first removed the
initial 70-time points in the FID signal corresponding to the spectroscopy ma-

chine’s (Bruker, in our case) digital filter. The clipped time domain signal was


https://zenodo.org/record/7228791

then transformed to the frequency domain using a Discrete Fourier Transform
without windowing and was phase-corrected after applying a 10 Hz line broad-
ening. The magnitude of the resulting signal (ranging from -2 ppm to 12 ppm)
was normalized by tissue sample mass and scaled using the constant acetate
reference-based scaling factor provided in the cited paper. Finally, the scaled
magnitude signal was binned into 1,401 bins of 0.01 ppm width by summing the
intensity of the frequencies mapped to each bin. The resulting signal served as
input to the publicly available trained 2-layer fully-connected neural network-
based quantification models for each metabolite of interest, available at https:

//github.com/gunkaynar/targeted brain_ tumor margin assessment.

2.3 Problem Formulation

In this thesis, we address pathological classification and survival analysis tasks
utilizing the complete output of the metabolite quantification pipeline detailed in
Section 2.2, along with tumor malignancy labels, patient-specific survival event

indicators (i.e., censored or deceased), and time-to-event variables.

For a given sample ¢, we denote the feature vector, tumor malignancy label,
survival event indicator, and time-to-event as M @, Y@, Ye(i), and Yd(i), respec-
tively. The feature vector, MO e R37, is a 37-dimensional vector representing
the full output of the automated metabolite quantification pipeline. Formally, let
the predicted concentration of a specific metabolite 5 for a sample set of size N
be M;(N) € RN*! The complete output of the automated metabolite quantifi-
cation pipeline for 37 metabolites and a sample set of size N is denoted as the

concatenation of all predicted quantification vectors across metabolites:

~(LN) s (1N) 5(1:N) ~r(1:N) Nx37

M _[Ml 7M2 7"'7M37 ]GR (21)
The survival event indicator, Y,) € {0, 1}, is a binary variable indicating whether
the sample is from a deceased (i.e., 1) or a censored patient (i.e., 0). Time to
survival event, Yd(i) € [0, 00}, is a non-negative continuous variable defined as the

time (in days) between the metabolomics-guided tumor removal surgery and the

7
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date of death or last follow-up for deceased and censored patients, respectively.
The tumor malignancy label, Y,%) € {0,1}, indicates whether the sample is from
a tumor with aggressive (i.e., 1) or benign (i.e., 0) pathology, similar to the

formulations presented in [29, [30].

For our survival analysis task, we use the hazard function denoted as A(t, M @)
for a given sample i, where ¢ is the time-to-event (i.e., Yd(i)). Assuming propor-
tional hazards from Cox’s model [45], the hazard function factorizes [39, 46] into
a time-dependent baseline hazard function, hy(t), and a sample-dependent risk
function, h(M(i)), as given in Eq 2.2.

A(t, LD = R (t) - D) (2.2)

We train survival analysis models based on this hazard function formulation
on a dataset of N samples to learn a mapping function f : R3 — [—o0, oo] such
that f(M®N) = b(M®N). The trained models aim to predict risk scores for
glioma patients based on their metabolic profile. For these models, we use Y,?)
and Yd(i) as labels.

In contrast, we train pathological classification models on a dataset of N sam-

ples to learn a mapping function g : R3 — {0,1} such that g(A:N)) = y(1:N),

which is a binary classification problem similar to [29] 30].

2.4 Baseline Models

This section details the models benchmarked against PiDeeL for survival analysis

and pathological classification tasks as formulated in Section 2.3.

2.4.1 Swurvival Analysis

For the survival analysis task, we use the following baseline models: Cox Propor-
tional Hazards (Cox-PH), Component-wise Gradient Boosting (CWGB), Random
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Survival Forest (RSF), DeepHit [40], PC-Hazard [41], and DeepSurv [39)].

The Cox-PH model is a linear model that assumes proportional hazards, where
the instantaneous hazard function is factored into a product of a baseline hazard
function and a sample-dependent risk function, h(M (1)), as explained in Section
2.3. Based on the formulation by [45], the risk function estimate for sample i,

hs(M®), is provided by the linear model in Eq 2.3:
Ra(A19) = gR10 23)
where M® is the feature vector of metabolite concentrations for sample i, and

[ is the coefficient vector. The model is fitted by maximizing the Cox partial
likelihood [39], 45] [46], given in Eq 2.4:

L) = 11

iy o1 gy Dy

exp(hs(119))
) exp(hg(MWD)))

(2.4)

The gradient boosting approach iteratively improves the prediction perfor-
mance of an ensemble of base learners (e.g., linear models). In each round, new
base learners are trained to minimize the gradient of prediction error of the cur-
rent ensemble model, and the best-performing candidate is added to the ensem-
ble. We focused on the component-wise variant of gradient boosting, which uses
component-wise least squares as the base learner [47]. Under the proportional
hazards assumption, the instantaneous hazard function is factored as given in Eq
2.2.

RSF [4§] is a nonlinear ensemble method that constructs a predefined number
of survival trees using random subsets of features and bootstraps of training data
to estimate the cumulative hazard function, A(t), defined in Eq 2.5. Internal
nodes of survival trees are split to maximize the log-rank test [49] [50] statistic

between resulting child nodes.

A= | "\ du (2.5)

Neural network-based approaches to survival analysis were introduced by [46].
More recently, deeper variants such as DeepSurv [39], DeepHit [40], and PC-
Hazard [41] have been proposed.



DeepHit is a multi-layer perceptron that models discrete time and compet-
ing risks. Since we only have one event type, we use DeepHit-Single (hereafter
DeepHit) for our task. The model discretizes event times to create a uniform
grid of time intervals within the duration threshold in the sample set. The model
assumes time is discrete from Tj to Tinq. Let /E(M) = EO(M) + o+ Efmaz(M)
denote the estimated hazard (probability) mass function output by the model.

The estimated survival function is shown in Eq 2.6.

BT = 1- 3 R 26)

The model has m output neurons with linear activation, where m is a tunable
hyperparameter, and uses two loss functions: discrete negative log-likelihood loss

(lossy) and ranking loss (l0SSyank), as shown in Eq 2.7 and Eq 2.8, respectively.

N
lossi, = — Y[V log(Ry (F19)) + (1 = YO) logBTIT))  (27)

=1

10SSrani = Z Ye(") exp(

Ly () Sy (@)
j.Ydj >Y,

) (2.8)

where ¢ is a tunable hyperparameter. The loss function of DeepHit is given in

Eq 2.9, where o combines the two losses.

loss = alossy + (1 — a@)loss,ank (2.9)

PC-Hazard [41] is a multi-layer perceptron that parametrizes the continuous-
time likelihood contribution function. The model considers hazard as piecewise
constant. Time is partitioned from Ty to e, and the hazard function h(t) is

a step function with non-negative constants (11, - -, 7fina), as given in Eq 2.10.

h(t) = M) (2.10)
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p(t) is the interval fraction of k(t) at time ¢ and is formulated in Eq 2.11.

t—Th)-1
t) = ———— 2.11
o =5 2.11)

The model has m output neurons with linear activation and uses a mean nega-
tive log-likelihood loss, as shown in Eq 2.12, where 7] is the estimated vector of

constants.

(ti)—
(YD log ey MO — Ry M p Z ﬁM (2.12)

J=1

loss = ——

i1

DeepSurv is a multi-layer perceptron that models a sample-specific risk func-
tion, h( (), as formulated in Section 2.3. The model has a single output neuron
with linear activation and uses the negative log of Cox partial likelihood as the

loss function, shown in Eq 2.13.

log(L(B) = — 3 (hs(M9) —log > By (213)

iy =1 §Y sy

We utilize 2, 3, and 4-layer DeepHit, PC-Hazard, and DeepSurv models as
baseline models. We use a single neuron (multiple for DeepHit and PC-Hazard)
with linear activation to produce the predicted risk scores in the final layer. For
our dataset of size N, the trained 3-layer DeepHit, PC-Hazard, and DeepSurv

models are summarized as follows:

XN = ReLU(FC®Y (A1) (2.14)
XN = ReLU(FC®Y (X(1MY) (2.15)
A = pom(x (1N (2.16)

where Xj,;4 denotes the output of the first hidden layer, B signifies the pre-
dicted risk score, FCO") represents a fully-connected layer with (-) neurons, and
ReLU indicates the rectified linear unit. For the 2 and 4-layer DeepHit, PC-
Hazard, and DeepSurv models, the hidden layer specified in Eq 2.15 is either
omitted or replicated. For further details on the baseline neural networks, please
refer to Section 2.4.3.
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Additionally, we examine the DeepSurv model that utilizes the full spectrum as
input. Details on this baseline model are provided in Section 2.4.4, while Section

2.4.2 covers the baseline models employed for the pathological classification task.

2.4.2 Pathological Classification

We consider random forest (RF) from [30] and fully-connected neural networks

as baseline models for the pathological classification task.

For the pathological classification task, we use neural network-based models
as baseline models. We train 2, 3, and 4-layer fully-connected neural networks
with class-weighted binary cross-entropy loss. The trained 3-layer fully-connected

networks on our dataset of size N can be described as follows:

X}(l;lzv) — ReLU(FC© (RN (2.17)
Xy = ReLU(FO®) (X{15Y)) (2.18)
Vo™ = Sigmoid(FCW (x (1)) (2.19)

where Xj;4 represents the output of the first hidden layer, Y,,(:M) denotes the
predicted tumor pathology, FC() signifies a fully-connected layer with (-) neu-
rons, and ReLU indicates the rectified linear unit. We also consider 2 and 4-layer
fully-connected networks where the hidden layer specified in Eq 2.18 is either

omitted or replicated, respectively.

2.4.3 PiDeeL and other models (DeepHit, PC-Hazard,
and DeepSurv)

We evaluate 2, 3, and 4-layer DeepHit, PC-Hazard, and DeepSurv models as
baseline models. For DeepSurv, we employ a single neuron in the final layer with
linear activation to output the predicted risk scores of samples. For DeepHit and
PC-Hazard models, the number of neurons in the final layer is a tunable param-

eter, referred to as num_durations. We empirically select 10 as num_durations
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from the set {5, 10,20, 50, 100}.

The trained 3-layer DeepHit and PC-Hazard models on our dataset of size N

can be summarized as follows:

X}(de) _ ReLU(FC(64)( 1 (1:N))) (2.20)
X}(L}C}N) _ ReLU(FC’(M)(X,%&N))) (2.21)

The trained 3-layer DeepSurv model on our dataset of size N can be summa-

rized as follows:

XU = ReLU(FC®Y (A1) (2.23)
XN = ReLU(FC®Y (X(1M)Y) (2.24)
A = pom(x (1) (2.25)

where X},;4 denotes the output of the first hidden layer, h® signifies the pre-
dicted risk score, FC) represents a fully-connected layer with () neurons, and
ReLU indicates the rectified linear unit. In the case of 2 and 4-layer DeepHit,
PC-Hazard, and DeepSurv models, the hidden layer specified in Eq 2.21 and 2.24

is either omitted or replicated.

2.4.4 Full spectrum model

We consider a fully-connected MLP model that utilizes the entire spectrum as
input. It is important to note that this model excludes the automated metabolite
quantification workflow outlined in Section 2.2. We train and evaluate 2, 3, and
4-layer versions of this model using the same methodology applied to PiDeeL.
The architecture of this model is identical to that of the baseline fully-connected
models, with the exception of the input vector shape, which is 16,314 instead of
37.
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2.5 Pathway-Informed Deep Learning Model
(PiDeeL)

In this section, we introduce PiDeel,, a pathway-informed multi-layer percep-
tron model designed to integrate biomarker metabolite concentrations at the
metabolic pathway level. We utilize the Kyoto Encyclopedia of Genes and
Genomes (KEGG) database to parse the metabolite-to-pathway mapping and
construct a 37 x 138 matrix, referred to as PI_matrixz, where the entry in the
i'" row and j™ column is 1 if the metabolite i is present in pathway j, and 0

otherwise.

Analogous to the baseline fully-connected neural network models used for sur-
vival analysis and pathological classification tasks, we consider 2, 3, and 4-layer
PiDeeLs.

2.5.1 Model Architecture

Given a dataset of N samples, the architecture of the 3-layer PiDeeL for the

survival analysis can be summarized as follows:

PL138) — [ FCU3®)weights } {P],matrix} (2.26)
PAMN) = ReLU(PLU8) (R10:N)) 4 p138) (2.27)
X}(LZIN) = ReLU(FC®) (P A1) (2.28)
0N _ pem(x ) (2.29)

where PL138) and b8 denote the weights and biases of the pathway-informed
layer, PAMN) represents the activations of the first hidden layer (hereafter re-
ferred to as pathway-activation), X4 denotes the output of the hidden layers,
R signifies the predicted risk score, FC) represents a fully-connected layer
with () neurons, and ReLU indicates the rectified linear unit. We incorporate
the metabolic pathway information into PiDeel. by defining the first layer of the

model using PI_matriz. This architectural choice results in a sparse first layer
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in PiDeeL, as connections in this layer are only allowed between input metabo-
lites and their corresponding pathways. To train PiDeeL. for the survival analysis
task, we utilize the negative log of Cox Partial Likelihood as the loss function,
akin to the DeepSurv models described in Section 2.4.1. We also train PiDeeL
with DeepHit and PC-Hazard losses. Our findings indicate that the DeepSurv
loss function yields the best performance for PiDeeL. For further details on these

experiments, please refer to Section 2.5.4 and Supplementary Figure B.8.

The architecture of PiDeel. for survival analysis and pathological classifica-
tion tasks varies only in the output layer (i.e., Eq 2.29). To adapt PiDeeL for
pathological classification, we employ the sigmoid function as the output ac-
tivation function by substituting Eq 2.29 with Eq 2.30. Additionally, we use

class-weighted binary cross-entropy as the loss function.

~ (I:N

7, = Sigmoid(FC® (X LMY (2.30)

2.5.2 Interpretability and Importance Analyses

We perform SHapley Additive exPlanations (SHAP) analysis on our feature vec-
tor (M ™M) and pathway activations (PA®N)) to assess the importance of each
metabolite and pathway on PiDeel’s predictions. We adopt the same 5-fold
cross-validation setup (repeated 3 times) and hyperparameter selection described
in Section 3.1 of this thesis. During iteration i, SHAP values are calculated on
the test fold (fold (i + 1) mod 5) using the trained PiDeeL from training fold
i. The hyperparameters are consistent across all trained models (5-fold repeated
3 times). In each iteration (i.e., 15 times), we concatenate the SHAP values
calculated in that iteration with the previous SHAP values to form a 37 x 15 ma-
trix. We then average each metabolite’s SHAP value vector and sort the mean
SHAP values of the 37 metabolites in increasing order. For the calculated SHAP
values for each metabolite in the survival analysis and pathological classification

tasks, please refer to Supplementary Figure B.4. The three metabolites with the
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most significant impact on PiDeeL’s survival analysis predictions are discussed
in Section 3.4 of this thesis.

To assess the interpretability of the pathway profiles, we use the same 5-fold
cross-validation setup. This time, we examine the output of the first hidden layer
(i.e., pathway-activation vector PAM)), We measure the impact of each pathway
by calculating the SHAP values of vector PAMN) on PiDeeL’s predictions. We
concatenate and sort the SHAP values of PAMN) calculated for each fold. The

three most significant pathways are discussed in Section 3.4 of this thesis.

2.5.3 Ablation Studies for Pathway-Informed Architec-

ture

To ascertain that the enhancements achieved by PiDeel. over the baseline models
are attributable to the pathway-informed architecture, we conduct a series of

ablation tests as detailed below:

o Test a) We train fully-connected models with 138 neurons in the first
hidden layer to verify if the number of neurons in the first layer (138) of

PiDeeL contributes to the performance.

o Test b) We train PiDeeLs using a randomly connected PI_matriz instead
of the PI_matrix constructed from the KEGG database to determine if
the pathway-informed connections offer an advantage over an equivalent

number of randomly-connected edges.

o Test c) We train PiDeeLs using a shuffled PI_matriz, which is akin to a

randomly connected PI_matrixz but maintains the in-degrees of pathways.

o Test d) We train the DeepSurv model with varying dropout rates
(0.5,0.6,0.7,0.8,0.9) in the first hidden layer to evaluate if the pathway-
informed layer provides a benefit over this commonly used regularization

technique.
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o Test ) We train and test DeepSurv and PiDeeL. on sample sets of sizes 50,

100, and 200 to assess the models’ adaptability to different dataset sizes.

Here, we provide the specifics of the ablation tests performed to determine

the contribution of the pathway-informed architecture to the performance of the
PiDeeL.

In test a, we validate the impact of the number of neurons in the first layer on
performance. Notably, PiDeeL’s first hidden layer has 138 neurons, whereas the
trained fully-connected networks (baseline models) have 64. We train 2, 3, and
4-layer DeepSurv models using the same 5-fold cross-validation setup, repeating

it three times. The model architecture can be summarized as follows:

X9 = Re LU (FCW®) (M) (2.31)
XEN) = ReLU(FC®Y (X 1N)Y) (2.32)
A = po®(x (M) (2.33)

We train 2, 3, and 4-layer PiDeelL with the same 5-fold cross-validation setup,

and repeat it 30 times (i.e., 150 iterations).

Recall that PL(3®) refers to the weights of the pathway-informed layer of
PiDeeL. To construct PLU13®) we use Eq 2.34, where we multiply the FC3%)
weights by the PI_matrixz built from the KEGG database for pathways. In test
b, we use a randomly connected PI_matrixz to verify the contribution of the
PI matrixz to PiDeel’s performance. The number of connections in the first
hidden layer (468) is preserved in the random PI_matriz. We train 2, 3, and
4-layer PiDeeLis with the same 5-fold cross-validation setup, repeating it 30 times
(i.e., 150 iterations).

pr138) — { FCO)weights } [P],matm’x (2.34)

In test ¢, we construct the PI_matriz similarly to test b. However, we shuffle

each metabolite-to-pathway connection vector instead of randomly connecting
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them. The PI_matrix is a 37 x 138 matrix; for metabolite 7, PI_matriz.j yields
a vector of shape 1 x 138. We shuffle these 37 vectors and train 2, 3, and 4-layer
PiDeeLs using the same 5-fold cross-validation setup, repeating it 30 times (i.e.,
150 iterations).

In test d, we verify the effect of the first hidden layer’s sparsity on PiDeeL’s
performance. In PiDeeL, the total connections between the input layer (M (1:N))
and the first hidden layer PL(:Y) are 468, whereas a fully-connected network with
37 input features and 138 neurons in the first hidden layer has 5106 connections.
We train 2, 3, and 4-layer DeepSurv models with dropout in the first hidden
layer using the same 5-fold cross-validation setup, repeating it three times, with
different dropout rates from {0.5,0.6,0.7,0.8,0.9}.

Finally, in test e, we train and test DeepSurv and PiDeel. on sample sets of
sizes 50, 100, and 200. We randomly undersample our dataset (n=384) to sizes
200, 100, and 50. We then train and test DeepSurv and PiDeeL on these sample
sets 10 times with a 5-fold cross-validation, repeating it three times. This results

in a total of 150 iterations.

2.5.4 PiDeeL with different losses

We train PiDeeL using losses formulated by the DeepHit, PC-Hazard, and Deep-
Surv models in Eq 2.9, 2.12, and 2.13 of this thesis. Given our dataset of N
samples, the architecture of the trained 4-layer PiDeeL. for survival analysis can

be summarized as follows:

PLY = [ PCOSueights | [PI matria] (2.35)
PACN) — ReLU(PLM®) (JIAN) 4 p138) (2.36)
X5V — ReLU(FC®)(PATN)) (2.37)
XN = ReLU(FCOY(PATN)Y) (2.38)
A = po® (Xpid ) (2:39)
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We train 4-layer PiDeels using the same 5-fold cross-validation setup, repeating
it 30 times (i.e., 150 iterations). In Supplementary Figure B.8, we present the
performance comparison of PiDeeLs using DeepHit, PC-Hazard (cyan boxplots),
and DeepSurv (navy blue boxplot) losses. PiDeeli trained with the DeepSurv
loss outperformed models trained with other losses in the median c-index metric.
Specifically, the use of DeepSurv loss improved the median c-index achieved by
DeepHit and PC-Hazard losses by 9.75% and 4.04%, respectively. Additionally,
the variance decreased by 22.1% and 39.2% for DeepHit and PC-Hazard losses,
respectively. Therefore, we proceed with using the DeepSurv loss, as formulated

in Eq 2.13 of this thesis, in our model.

2.5.5 Multitask learning

We explore a multi-task strategy for PiDeeL for survival analysis and pathological
classification tasks. The multi-task PiDeeL learns a function s : R37 — [—00, 00| x
{0,1}. Note that we use the same feature vector (metabolite profiles) as input.

The multi-task PiDeelL architecture can be summarized as follows:

pr,13®) _ [ FCU38)yweights } [Pl,matm'm} (2.40)
PALN) — ReLU(PL(L‘%S)(M(l:N)) +b'3) (2.41)
XN = ReLU(FC®Y(PAMN)Y) (2.42)

/H(LN)’ Y, N = po@(x M)y (2.43)

We train 2, 3, and 4-layer multi-task PiDeeLs using the negative log of Cox Par-
tial Likelihood and class-weighted binary cross-entropy losses. Hyperparameter
configurations for multi-task PiDeel. were selected based on optimizing a linear
combination of survival and pathological classification surrogates. Specifically, a
grid search based on validation performance determined a 0.125-fold weight for

Cox-PH loss and a 0.875-fold weight for binary cross-entropy loss.

Refer to Supplementary Figure B.5 for a visualization of the convergence of
the loss functions during training for a 3-layer PiDeeL. using a random seed. The

left plot shows the absolute values of the Cox-PH and binary cross-entropy losses,
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while the right plot shows the scaled values of Cox-PH and binary cross-entropy

losses.
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Chapter 3

Results

3.1 Experimental Setup

In this section, we elaborate on the experimental setup employed to evaluate Pi-
Deel. as well as the baseline models outlined in Section 2.4 within the context
of survival analysis. The performance of the survival analysis models is assessed
using the time-dependent concordance index (c-index) as described in [51]. The
traditional concordance index [52] is computed using individually predicted pa-
tient risk scores, whereas the time-dependent version calculates individual risk
scores using the predicted risk function and the baseline hazard function derived

from the sample set [51], 53].

For each task and model type, we utilize a 5-fold cross-validation procedure,
repeating it three times with different random seeds (i.e., 15 iterations). Prior
to each iteration, we shuffle and partition our dataset into training, validation,
and test sets, ensuring no overlap of samples or patients across folds. The results
presented here pertain to the models’ predictive capabilities on the test split.
During iteration ¢ of the cross-validation process, the Cox-PH, CWGB, and RSF
models were tested on fold ¢, validated on fold (i +1) mod 5, and trained on the

remaining three folds. We re-train the selected configuration on the combined
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training and validation sets to enhance the baseline models. However, for all
deep learning models, re-training steps are omitted due to the presence of early-

stopping mechanisms.

3.1.1 Hyperparameter Space

In this section, we provide the lists of hyperparameter spaces for the baseline

models for both survival analysis and pathological classification tasks.

For the CoxPH model, we employ a ridge-regularized variant to prevent
overfitting. Hyperparameter optimization is conducted on the validation split,
with the search space restricted to: (1) regularization penalty coefficient €
{0,0.1,...,0.9,1}; (2) the heuristic for handling event ties, set to either efron [54]
or breslow [55]; and (3) the maximum number of iterations € {100, 200, ...,500}.

For the CWGB model, hyperparameter selection on the validation split
involves the following search space: the number of boosting stages €
{20, 50,100, 150}; the loss function to be optimized € {"Cox-PH”,”Squared”};
the percentage of base learners to be dropped € {0.0,0.1,0.2}; and the learning
rate € {0.2,0.1,0.05}.

For the RSF model, similar to the Cox-PH and CWGB models, hyperparam-
eter selection on the validation split uses the following search space: the number
of trees in the forest € {20, 50,100, 150, 300,400}; the maximum depth limit for
each tree € {no limit, 10, 15, 25, 30}; the minimum number of samples required to
split an internal node € {2,5,10,15}; the minimum number of samples required
in leaf nodes € {2,5,10,15}; and the maximum number of features considered
for the best split € {v/number of metabolites = 37, log,(37)}.

The DeepSurv model’s hyperparameter search space is restricted to: (1) batch
size for training € {16,32,64, 128, full-batch}; and (2) the activation function
between layers € {ReLU, Sigmoid}.
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For the pathological classification task, the RF model serves as the baseline.
We apply grid search for hyperparameter selection and choose the setting with
the best performance (AUC-ROC) on the validation set. The hyperparameter
search space for the RF model includes: the number of trees in the forest €
{50,150, 300, 400}; the maximum depth limit for each tree € {10,15,25,30}; the
minimum number of samples required to split an internal node € {5, 10, 15}; the
minimum number of samples required in leaf nodes € {2, 10,20}; and the criterion

for measuring the quality of a split: Gini-index and entropy.

The other baseline model for the pathological classification task is the fully-
connected neural network. The hyperparameter search space is similar to that of
DeepSurv: (1) batch size for training € {16, 32,64, 128, full-batch}; and (2) the

activation function between layers € {ReLU, Sigmoid}.

3.1.2 Hyperparameter Selection

Regardless of the task, we use grid search on the validation split to determine the
best-performing hyperparameter values for each model and iteration. Training
these models involves a two-step process. During iteration ¢ of the cross-validation
setup, models are tested on fold i, validated on fold (i+1) mod 5, and trained on
the remaining three folds. After selecting the best-performing hyperparameters
based on the c-index from the validation set, we re-train the selected configuration

on the combined training and validation splits to obtain stronger baseline models.

Hyperparameters of deep learning-based models (DeepHit, PC-Hazard, and
DeepSurv) or proposed (PiDeell) for survival analysis were tuned based on the
loss calculated on validation split predictions. As described in Section 2.4.1 of
this thesis, the losses (Eq 2.9, 2.12, and 2.13) adopted for deep learning-based
survival analysis are differentiable surrogates for the time-dependent c-index met-
ric [51]. Similarly, hyperparameters of deep learning models for the pathological
classification task were tuned based on binary cross-entropy loss, a differentiable
proxy for AUC-ROC and AUC-PR, calculated on the validation split. For all

deep learning models discussed above, cross-validation folds were distributed to
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training, validation, and test splits similar to the Cox-PH, CWGB, and RSF
models. However, re-training with the union of training and test splits was not

performed due to early-stopping dynamics.

To define the hyperparameter space, we sampled five equidistant learning rates
from the [1072,107*] interval, conducted experiments, and selected 10~* as the

learning rate based on the highest observed performance.

The hyperparameter search space for PiDeeL for both tasks was as follows: (1)
batch size for training € {16, 32,64, 128, full-batch}; and (2) the activation func-
tion between layers € {ReLU, Sigmoid}. After comprehensive experimentation,
we identified the optimal settings for our model, selecting batch sizes of 64 and
32 for survival analysis and pathological classification tasks, respectively. Addi-
tionally, the ReLLU activation function yielded the highest empirical performance,

and we proceeded with this choice.

Moreover, we trained models for up to 5,000 epochs (selected from
{1000, 2000, ...,6000}) and applied early-stopping when the validation loss in-
creased for 150 consecutive epochs (selected from 50, 100, 150, 200). We used the
Adam optimizer [56] with a weight decay of 0.002, based on the highest observed

performance.

The time discretization parameter num_durations for DeepHit and m for PC-
Hazard were empirically selected as 10 from {5, 10, 20, 50, 100}.

3.2 Survival Analysis

Refer to Figure 3.1 for the survival prediction performances of (i) Cox-PH,
CWGB, and RSF models (gray boxplots); (ii) DeepHit, PC-Hazard, and Deep-
Surv models (cyan boxplots); and PiDeeL: (navy blue boxplot), with respect to
the c-index. Note that Figure 3.1 displays the performance of 4-layer neural net-
work models (DeepHit, PC-Hazard, DeepSurv, and PiDeeLl). See Section 3.2.2
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and Supplementary Figures B.9, B.10, and B.11 for the performance compari-
son of 2, 3, and 4-layered DeepHit, PC-Hazard, and DeepSurv models against
PiDeeL.

We observe that PiDeelL surpasses other methods, achieving a median c-index
of 68.7%. RSF proves to be a particularly robust baseline with a median c-index
of 67.8%. Among the other neural network-based models, DeepSurv attains the
highest median c-index at 64.3%.
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Figure 3.1: Comparison of baseline models and PiDeel. on survival prediction
in terms of c-index. This evaluation is conducted using a 5-fold cross-validation
repeated 3 times, resulting in a total of 15 iterations.

3.2.1 Full spectrum model

To demonstrate the advantages of the automated metabolite quantification

pipeline, we compare PiDeel. with a version of DeepSurv that utilizes the full
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HRMAS NMR spectrum instead of quantified metabolites. Supplementary Fig-
ure B.6 illustrates the performance comparison of these models with PiDeelL in
terms of the c-index. PiDeel. outperforms this baseline, achieving higher median
c-index values by 7.9%, 8.3%, and 5.0% for 2, 3, and 4-layered models, respec-
tively. Additionally, PiDeeL reduces the variance by an average of 21.0%. It
should be noted that using PiDeel. directly with the full NMR spectrum is infea-

sible due to the complexity of integrating pathway information into the model.

3.2.2 PiDeel and other models (DeepHit, PC-Hazard,
and DeepSurv)

Refer to Supplementary Figures B.9, B.10, and B.11 for layer-wise comparisons
between PiDeeLl. and DeepHit, PC-Hazard, and DeepSurv. We observe a slight
performance increase as the depth of PiDeeL increases from 2 to 4 layers (up
to a 0.4% improvement in median c-index). Conversely, the performance of PC-
Hazard and DeepSurv models decreases with increasing model depth (up to a
4.4% and 1.5% decrease in median c-index for PC-Hazard and DeepSurv, respec-
tively). When comparing neural network-based models (DeepHit, PC-Hazard,
and DeepSurv) and PiDeeL, with the same number of layers, the performance gap
increases with the number of layers. This highlights the benefit of incorporating
biological information into modeling choices. For 2, 3, and 4-layered networks,
PiDeel. improves upon DeepHit by 15.8%, 13.1%, and 12.0% in median c-index,
respectively. Similarly, PiDeeL outperforms PC-Hazard by 2.6%, 4.0%, and 7.9%
and DeepSurv by 2.5%, 3.4%, and 4.3% in median c-index for the same model
depths. These results underscore the robustness of sparse architectures in small

data regimes for survival analysis tasks.
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3.3 Pathological Classification

We evaluate the performance of pathological classification models using the Area
Under the ROC Curve (AUC-ROC) and the Area Under the Precision-Recall
Curve (AUC-PR) metrics.

Refer to Supplementary Figure B.2 for a visual depiction of pathological clas-
sification performance achieved by RF (gray boxplot), fully-connected networks
(cyan boxplots), and PiDeeL. (navy blue boxplots) with 2, 3, or 4 layers. Similar
to the survival analysis results presented in Section 3.2, PiDeeL consistently out-
performs the fully-connected baseline, irrespective of architecture depth or the
performance metrics used. For AUC-ROC, PiDeeL. shows performance improve-
ments of 1.7%, 0.7%, and 2.7% compared to the fully-connected baseline with 2,
3, and 4 layers, respectively. A similar trend is observed for the AUC-PR metric,
with improvements of 0.6%, 0.4%, and 0.8% for the same model depths. However,
PiDeeLs does not show a significant quantitative improvement over the RF model
for the pathological classification task. While the performance of fully-connected
networks deteriorates with increasing layers, PiDeel. shows a slight increase in
median AUC-ROC with model depth.

3.4 Interpretability and Importance Analyses

Combining PiDeel. with downstream feature importance analysis methods, such
as SHAP [57], allows for joint analysis of metabolite and pathway importance
for model output. In addition to the quantitative analyses, we perform feature
importance analyses on the 4-layer PiDeel. to identify metabolites and path-
ways implicated in gliomas, their progression, and associated patient survival.
We calculate SHAP values for input features (i.e., in silico predicted metabolite

concentrations - A1V )) and pathway-informed layer activations (PA(LN ).

Refer to Supplementary Figure B.4 for PiDeeL’s metabolite importance plots
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for survival prediction and tumor pathological classification tasks. We highlight
the top 3 metabolites with the highest mean SHAP values for survival analysis:
glutamate, glutamine, and alanine. We also identify the top 3 pathways with
the highest SHAP values: Mineral absorption, Alanine, aspartate and glutamate
metabolism, and mTOR signaling pathway. Figure 3.2 shows the relative im-
portance of metabolites and pathways for PiDeel.’s outcomes, with node sizes
representing importance and flow thickness indicating metabolite contributions

to pathway importance.

Glutamine
Glutamate
Alanine
Aspartate
Serine
Glycine
Lactate
Methionine
Ornithine
Arginine
Leucine
GABA

Glutahionine (GSH)
Valine

output

Other metabolites

Other pathways

Figure 3.2: Sankey diagram employed to visualize the relative importance of
metabolites and pathways for PiDeel.. Nodes on the left represent metabolite
level inputs, nodes in the middle correspond to pathway layer activations, and
the node on the right denotes the model output. Larger nodes indicate greater
importance for the model, while smaller nodes indicate lesser importance. The
flows in the diagram illustrate the contributions of metabolites to pathways, where
a larger flow signifies a greater contribution to the subsequent layer node. For
instance, the contribution of Glutamine to the Mineral absorption pathway is
more significant than the contribution of Methionine to the Protein digestion
and absorption pathway.
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3.4.1 Biological Motivation for Interpretability and Im-

portance Analyses

Through a case-control study, alanine has been reported as a potential biomarker
for malignant gliomas [58]. Similarly, glutamate plays a central role in malignant
gliomas through multiple mechanisms [59]. Given the poor prognosis of malignant
gliomas, the high ranking of alanine and glutamate is expected. Glutamine,
the primary precursor of glutamate, is critical for brain function [60], regulating
pathways like energy production and redox homeostasis in brain cancer cells [60].
Glutamine has also been identified as a biomarker for glioma progression and

treatment response [61], making its high ranking unsurprising.

We provide a biological rationale for the connection between the top three path-
ways and gliomas. Minerals and their absorption are essential for sustaining lifdT]
Calcium has been identified as a dietary component with potential for glioma
prevention by influencing apoptosis and DNA repair [62]. Therefore, the impor-
tance of the Mineral absorption pathway is biologically justified. Additionally,
two of the three metabolites involved in the Alanine, aspartate, and glutamate
metabolism pathway are among the top three important metabolites, as discussed
previously. Finally, mTOR plays a crucial role in integrating signal transduction
and metabolic pathways in glioblastoma [63]. Since approximately 46% of the
cohort analyzed in this study were diagnosed with glioblastoma, the prominence
of the mTOR signaling pathway is justified. This reinforces the predictive capa-
bilities of PiDeel. and highlights its interpretability at both the metabolite and
pathway levels.

We also explore the relationship between the top metabolites and pathways
identified. Glutamine has been reported to play a crucial role in the mTOR
signaling pathway, acting as a key nitrogen donor and activating mTORC1 [64].
mTORCI regulates cell growth, metabolism, and autophagy, thereby influencing

proliferation. Glutamine’s activation effect on the mTORC1 complex controls

'KEGG PATHWAY: Mineral absorption - Homo sapiens (human). (n.d.).
https://www.genome.jp/pathway/hsa04978
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protein synthesis, lipid synthesis, and autophagy, which are often altered in can-
cer metabolism [65]. Glutamate forms complexes with minerals through chela-
tion, binding to minerals like calcium, sodium, and potassium. These complexes
enhance the solubility and availability of these minerals, making them more ac-
cessible to brain tissue [66]. Alanine facilitates glutamate intake in brain tissue
through aminotransferase, which in turn regulates mineral absorption [67]. The
alanine, aspartate, and glutamate metabolism pathway is responsible for the syn-
thesis and interconversion of amino acids, playing a crucial role in the synthesis of
arginine, asparagine, aspartate, alanine, glutamate, glutamine, and prolineE]. This
pathway is also highly interconnected with other metabolic pathways, with gluta-
mate donating amino groups for the synthesis of non-essential amino acidsﬂ [68].
Glutamate can be converted into alpha-ketoglutarate through the action of the
enzyme glutamate dehydrogenase. This reaction generates reducing equivalents
(NADH) and participates in the tricarboxylic acid (TCA) cycle, a key pathway
for energy productionﬁ Additionally, glutamate is a precursor for glutathione, a
critical antioxidant molecule that helps protect cells from oxidative damage and

maintain redox balance [69].

3.5 Ablation Studies for Pathway-Informed Ar-

chitecture

In this section, we present the results of ablation studies discussed in Section 2.5.3.
Figure 3.3 demonstrates the outcome of the respective ablation tests (excluding

dropout).

Figure 3.3 is divided into three panels to show the results for 2, 3, and 4-layer

models. In each panel, the boxplots from left to right illustrate the performance

2KEGG PATHWAY: Alanine, aspartate and glutamate metabolism - Reference pathway.
(n.d.). https://www.genome.jp/pathway/map00250

SKEGG PATHWAY: Nitrogen metabolism - Reference pathway. (n.d.).
https://www.genome.jp/pathway/map00910

‘KEGG PATHWAY: Citrate cycle (TCA cycle) - Reference pathway. (n.d.).
https://www.genome.jp/pathway/map00020
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of three ablation tests (cyan boxplots): DeepSurv model with 138 neurons in
the first layer, PiDeelL with a randomly connected PI_matrixz, PiDeel. with a
randomly shuffled PI_matriz, and PiDeeL (navy blue boxplots).
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Figure 3.3: Performance comparison of PiDeel. on the survival analysis task
against DeepSurv with 138 neurons in the first hidden layer, PiDeel. with a
randomly connected PI_matriz, and PiDeel. with a shuffled PI_matriz, with
respect to c-index.

We observe that PiDeel. improves the median c-index over DeepSurv with 138
neurons in the first layer by 3.6%, 2.6%, and 3.6% for 2, 3, and 4-layer networks,
respectively. Additionally, using PiDeel. over DeepSurv reduces the variance by
an average of 29.7%. It is noteworthy that the original DeepSurv model has
64 neurons in the first layer, indicating that the performance improvement over
DeepSurv is attributable to pathway information rather than the larger number

of neurons in the first layer.

We compare the performance of PiDeelL with the PI_matrixz against PiDeelL
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with a random Pl _matriz. In this setup, we randomly connect our metabolite
nodes (input vectors) and pathway activation layer neurons. We constructed
randomly connected 37 x 138 matrices, preserving the total number of connections
in the original PI_matrixz (468). We observe that PiDeel. improves the median
c-index over PiDeeL with a random PI_matriz by 3.7%, 1.2%, and 4.9% for 2,

3, and 4-layer networks, respectively.

We also compare the performance of PiDeel. with the PI_matrix against Pi-
DeeL with a shuffled PI_matrixz. Instead of randomly connecting the PI_matrizx,
we shuffle the rows to preserve each metabolite-to-pathway profile. We observe a
similar trend, with the PI_matriz improving the performance over the shuffied
PI_matriz in terms of median c-index by 2.8%, 2.4%, and 4.9%. Additionally,

using the PI_matriz decreases the variance by an average of 4.6%.

Figure 3.4 shows the survival prediction performance comparison of DeepSurv
with various dropout rates (d) and PiDeeL.. We observe that PiDeeLL substantially
outperforms DeepSurv with dropout, regardless of the dropout rate. Addition-
ally, DeepSurv’s performance deteriorates as the dropout rate increases. The
2-layer PiDeeL achieves a median c-index of 68.3%, whereas the DeepSurv model
attains median c-index scores of 58.1%, 58.6%, 51.6%, 51.1%, and 47.0% for
dropout rates of 0.5, 0.6, 0.7, 0.8, and 0.9, respectively. A similar trend is ob-
served with increasing layers for both models. This indicates that the sparsity
provided by dropout does not enhance the performance of the fully-connected
model for survival prediction, whereas PiDeel.’s pathway-informed sparsity with

the PI_matrixz improves performance.

In Supplementary Figure B.7, we present the performance benchmark of Pi-
DeeL. and DeepSurv on different sample set sizes. For a sample set of size 200,
PiDeeL improves the median c-index over DeepSurv by 5.4%, 7.6%, and 5.7% for
2, 3, and 4-layer networks, respectively. For a sample set of size 100, PiDeeL. out-
performs DeepSurv by 7.6%, 5.8%, and 11.8% in terms of median c-index. Finally,
for a sample set of size 50, the performance gap between PiDeel. and DeepSurv

increases significantly. PiDeeL. improves the median c-index over DeepSurv by
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Figure 3.4: Performance comparison of PiDeel. on the survival analysis task
against DeepSurv with varying dropout rates with respect to c-index. This eval-
uation is based on a 5-fold cross-validation repeated 3 times, resulting in a total
of 15 iterations.

4.9%, 13.5%, and 18.6% for 2, 3, and 4-layer networks, respectively. These re-
sults indicate that the pathway-informed architecture improves performance and

mitigates overfitting by reducing model complexity.

3.6 Validation on an independent dataset

We acquired an independent HRMAS NMR glioma dataset from Firdous et
al. [58]. The raw FID files underwent preprocessing consistent with the methods
applied to our dataset. The outcome of this preprocessing pipeline is a spectrum

vector of length 16.314. Subsequently, we normalized the signal intensity relative
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to the mean intensity of our samples and calibrated the spectrum by shifting it
leftward by 1515 ppm to ensure alignment with our data. This dataset encom-
passes 42 individuals, of which 26 are glioma samples. Initially, we estimated the

metabolite quantities for these 26 samples to derive the feature vectors.

The labels in the dataset from Firdous et al. include tumor grade (i.e., I-IV)
and tumor subtype (e.g., AST, GBM). Our dataset similarly comprises these two
labels, specifically tumor grade and tumor subtype. Given the absence of survival
information (i.e., event indicator Y, and/or time-to-event Yy) in the Firdous et
al. dataset, we simulated Y, and Yd(i) for each glioma sample (i), taking into

account their grades and subtypes.

For each subtype and grade (e.g., ASTIII, OASTII), we assumed that the
survival labels in the Firdous et al. dataset are uniformly distributed within
the range of the minimum and maximum time-to-event values in our dataset
corresponding to the same subtype and grade. Consequently, for each glioma
sample in the Firdous et al. dataset, we randomly assigned a time-to-event label
from the appropriate distribution. Similarly, we assumed that the event indicator
in the Firdous et al. dataset follows a Bernoulli distribution for each subtype and
grade, mirroring the proportion of deceased and censored samples in our dataset.
We then randomly drew from the respective distribution to simulate an event
indicator label. This simulation was repeated 100 times with 3 different random

seeds (i.e., 300 total iterations).

We evaluated the survival prediction performance of various neural network-
based models and PiDeeL using this simulated data. The performance benchmark
of these models and PiDeeL is presented in Figure 3.5. The median c-indices
of baseline models are below 50%, with DeepHit, PC-Hazard, and DeepSurv
achieving median c-indices of 47.4%, 47.7%, and 46.9%, respectively. PiDeeL
surpasses DeepHit, PC-Hazard, and DeepSurv models, attaining a median c-

index of 52.1%. Additionally, PiDeeL reduces variance by an average of 15.2%.
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Figure 3.5: Performance comparison of PiDeel. and other models on an indepen-
dent dataset with respect to c-index. This evaluation is based on 100 iterations
with 3 different random seeds, totaling 300 iterations.

3.7 Multitask Learning

Please refer to Supplementary Figure B.3 for the comparative performance anal-
ysis of single and multi-task learning approaches in survival analysis and patho-
logical classification tasks using PiDeeL.. Across all evaluated model depths, the
multi-task modeling strategy demonstrates at least a slight advantage in survival
analysis performance. The 4-layer multi-task PiDeeL achieves the highest median
c-index of 69.5%. In the pathological classification task, the 2-layer multi-task
PiDeell outperforms all single-task and multi-task models with a median AUC-
ROC of 91.9% and a median AUC-PR of 97.5%. However, the exploration of
multi-task learning in PiDeeL yielded marginal performance improvements (0.8%
in median c-index and 1.8% in median AUC-ROC and 0.4% in median AUC-PR
in 4-layer and 2-layer multi-task PiDeeLs); thus, we opted to proceed with the
deployment of two task-specific single-task PiDeeLs.
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Chapter 4

Discussion

The 'H HRMAS NMR spectrum has proven to be a reliable resource for differen-
tiating malignant from healthy samples obtained from the excision cavity during
surgery. This technique is particularly advantageous as it is non-destructive and
capable of analyzing small samples of raw tissue specimens [27]. Machine learn-
ing techniques that learn from the NMR signal to distinguish between healthy
and tumor tissues, as well as benign and aggressive tumors, have been pivotal.
However, their performance has been constrained by the small size of training
sets [29, [30], which limits the application of complex architectures such as deep
neural networks that learn a hierarchical composition of complex features. In
this thesis, we successfully employed such a hierarchically complex model to dis-
tinguish benign from aggressive tumors with comparable performance. Despite
utilizing a deep model, we reduced the number of trainable parameters by in-
tegrating prior biological information derived from metabolic networks into the

model architecture.

Tumor pathology provides critical information for the surgeon, who might opt
to resect more tumor tissue, risking the patient’s well-being if the tumor is likely
aggressive, or might risk leaving residual tumor tissue if the tumor is likely be-
nign. Nevertheless, pathology alone does not definitively determine prognosis.

Therefore, it is also crucial to estimate patient survival, which serves as a proxy
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for prognosis, to inform the surgeon. To this end, we trained a pathway-informed
model to predict patient survival and demonstrated high performance. An illus-
trative example of the utility of combining survival prediction with pathological
classification is as follows: Our model accurately predicted long survival for a
patient with aggressive glioma who survived 5,656 days post-surgery. In this sce-
nario, the surgeon could adopt a more conservative approach compared to relying
solely on a prediction of aggressive tumor pathology. Conversely, our model cor-
rectly predicted low survival for a patient with a benign tumor who survived only

43 days post-surgery.

We also explored a multi-task learning architecture that combines two models
to predict both labels simultaneously. Our results indicated that this approach
only marginally increased performance for both tasks. Consequently, we decided

to proceed with the utilization of two task-specific single-task PiDeeLs.

One limitation of our study is the dependency on the automated metabo-
lite quantification model, which has demonstrated promising performance and
generalizability. However, this component comprises individual multi-layer per-
ceptrons for 37 metabolites for which a training dataset exists. We believe our
model would benefit from a more comprehensive spectrum of metabolites to pre-
dict patient survival, which is a complex outcome to approximate. The human
metabolome consists of approximately 3,000 metabolites, and we are currently

limited to utilizing only 1% of this information source.
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Appendix A

Implementation Details

The codebase for this research is implemented in Python and is publicly accessible
at https://github.com/ciceklab/PiDeel. Specifically, the RSF, CWGB, and
CoxPH models were utilized from [70], while the deep learning models were de-
veloped using the PyTorch framework [71]. All models were trained and tested on
a SuperMicro SuperServer 4029GP-TRT equipped with 2 Intel Xeon Gold 6140
Processors (2.3GHz, 24.75M cache), 251GB RAM, 6 NVIDIA GeForce GTX 2080
Ti GPUs (11GB, 352Bit), and 2 NVIDIA TITAN RTX GPUs (24GB, 384Bit).
The average training times for the CoxPH, RSF, and DeepSurv models were
1.5 minutes, 14 minutes, and 2 minutes, respectively. The training of PiDeeL

required an average of 1.5 minutes.
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Figure B.1: (i) the age distribution of patients in the dataset, (ii) the distribution
of the duration between the primary tumor removal surgery and the last follow-

up, (iii) the distribution of the duration between the primary tumor removal
surgery and death.
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Figure B.2: Comparison of baseline models and PiDeelL on pathological classi-
fication in terms of AUC-ROC (left) and AUC-PR (right). This evaluation is
based on 5-fold cross-validation repeated 3 times, totaling 15 iterations.
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Figure B.3: Performance comparison between task-specific PiDeel. (navy blue
boxplots) and multi-task learning of PiDeeLs (red boxplots). The survival analy-
sis performance is shown in Panel A, while the pathological classification perfor-
mance is shown in Panel B, with AUC-ROC on the left and AUC-PR on the right.
This evaluation is based on 5-fold cross-validation repeated 3 times, totaling 15
iterations.
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vival analysis task of each quantified biomarker metabolite (y-axis) are displayed.
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model’s output towards a higher risk score in the survival analysis task and a
high probability of malignant tumor in the pathological classification task.
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Figure B.6: Performance comparison of DeepSurv using full spectrum input and
PiDeeLL on survival analysis in terms of the c-index. This evaluation is based on
5-fold cross-validation repeated 3 times, totaling 15 iterations.
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on 5-fold cross-validation repeated 3 times, totaling 15 iterations.
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Figure B.8: Performance comparison of PiDeel. with different losses on survival
analysis in terms of the c-index. This evaluation is based on 5-fold cross-validation

repeated 3 times, totaling 15 iterations.
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Figure B.9: Performance comparison of DeepHit and PiDeel. on survival anal-
ysis in terms of the c-index. This evaluation is based on 5-fold cross-validation
repeated 3 times, totaling 15 iterations.
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Figure B.10: Performance comparison of PC-Hazard and PiDeel. on survival
analysis in terms of the c-index. This evaluation is based on 5-fold cross-validation
repeated 3 times, totaling 15 iterations.
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ysis in terms of the c-index. This evaluation is based on 5-fold cross-validation
repeated 3 times, totaling 15 iterations.

o8



Appendix C

Supplementary Table

Primary Brain Tumor Types Number of Samples
Pilocytic astrocytoma (AST-I) 4
Astrocytoma grade II (AST-II) 5
Astrocytoma grade IIT (AST-III) 7
Glioblastoma (GBM) 178
Oligodendroglioma grade 1T (ODG-II) 36
Oligodendroglioma grade IIT' (ODG-III) 103
Oligoastrocytoma grade IT (OAST-II) 3
Oligoastrocytoma grade IIT (OAST-III) 9
Ganglioma grade 11 (GG-II) 5
Ganglioma grade III (GG-III) 1
Dysembryoplastic Neuroepithelial Tumors (DNET) | 25
Gliosarcoma (GS) 3
Unkown subtype D

Table C.1: Histopathological classification of the tumor tissue specimens used in
the thesis.

IThree samples had glioblastoma as well as oligodendroglioma grade III. They are included
in the sample count for the latter.
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