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Abstract

Metabolic dysfunction-associated steatotic liver disease (MASLD), previously known as non-
alcoholic fatty liver disease (NAFLD), is a chronic liver disease characterized by excessive fat
accumulation in the hepatocytes, leading to liver steatosis and potential progression to more
severe liver conditions, annually responsible of 1 out of every 25 deaths worldwide. Due to
the lack of pharmacological and targeted treatments, this study aims to build a liver numeri-
cal digital twin, reproducing the kinetic model of hepatic lipid droplet metabolism from [1],
encompassing FFA uptake, TAG esterification, and lipid droplet dynamics, based on experi-
mental 7z vitro and in vivo findings. By simulating lipid droplets size distributions in hepato-
cytes under varying conditions, one of the goals is to highlights the role of regulatory surface
proteins (RSPs) in cellular lipid accumulation. Additionally, a novel approach is employed by
utilizing sensitivity analysis methods to identify the most significant input parameters. These
parameters are then used as key features in the integration of a neural network, enhancing the
numerical solution of the model’s ordinary differential equations (ODEs) and potentially im-
proving both predictive accuracy and computational efficiency in modeling hepatocyte lipid
content.
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Introduction

Liver diseases rank among the leading causes of mortality in patients: they accounts for two mil-
lion deaths annually and are responsible for 4% of all deaths (1 out of every 25 deaths world-
wide); approximately two-thirds of all liver-related deaths occur in men. Deaths are largely
attributable to complications of cirrhosis and hepatocellular carcinoma [2].

This work focuses on the early stage of liver disease progression, known as fatty liver dis-
ease, which is the most prevalent liver disorder in modern times. However, recent years have
shown a notable increase in its prevalence, as the increase of obesity could be an important con-
tributing factor [3]. Indeed NAFLD, the acronym for Non-Alcoholic Fatty Liver Disease, had
prevalence equal to 25.2% in 2022 with the alarming forecast of 33.5% by 2030 [4].

Specifically, fatty liver disease, also known as hepatic steatosis, is defined as a pathological
condition in which fat accumulates within liver cells in the form of lipid droplets. Its nomen-
clature has recently been revised in order to remove the word “alcoholic” from the acronym
[s]. Former non-alcoholic fatty liver disease (NAFLD), now metabolic dysfunction-associated
steatotic liver disease (MASLD), is a condition in which excess of fat resides in liver cells and at

least one metabolic risk factor is present. The definition in literature ([6]) requires:

a) evidence of hepatic steatosis, either by imaging or by histology;

b) no causes for secondary hepatic fat accumulation such as significant alcohol consump-
tion, use of steatogenic medication or hereditary disorders.
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Figure 1.1: The different liver disease progression stages, from steatotic liver to hepatocellular carcinoma (HCC), with the
percentages representative of the proportion of the sub-population that will probably present or progress to more advanced
stages. Picture taken from [7].

NAFLD includes a constellation of histological findings that goes from steatosis, to necroin-

flammation, called NASH and progression to advanced fibrosis and cirrhosis [3, 4].

Fatty liver disease can be caused by several difterent factors, being them either modifiable or

not. Primary risk factors for this disease are type 2 diabetes, obesity and dietary reasons like a
high fat diet or alcohol and tobacco consumption. Other found modifiable factors are sleep
and high blood pressure. Among the non-modifiable ones are the age, gender, ethnicity, ge-
netic and socio-economic status.
The symptoms of steatosis can vary widely, ranging from no noticeable symptoms to mild fa-
tigue and discomfort, and in more severe cases, more pronounced issues. Common symptoms
include fatigue, abdominal pain or discomfort, and unexplained weightloss. In more advanced
stages, patients may experience jaundice (yellowing of the skin and eyes), swelling in the legs or
abdomen (edema or ascites) and mental confusion.

Based on the triggering behaviour of the disease, fatty liver disease can take different names,
considering whether or not metabolic and diet reasons are involved in the emergence of the dis-
ease. Other than the already mentioned MASLD, we can have MetALD (or ALD) if depending
on extent of alcohol intake (or other combination aetiology), when the patient doesn’t instead
meet any of the cardiometabolic criteria, the name can be either Cryptogenic SLD or other
specific aetiology SLD [s].

The accumulation of fat within hepatocytes can progressively disrupt liver function, lead-
ing to increasingly severe health consequences. As illustrated in figs. 1.1 and 1.2, metabolic
dysfunction-associated steatotic liver disease (MASLD) can advance to a more severe state marked
by presence of hepatic steatosis and inflammation with hepatocyte injury (ballooning) with or

without fibrosis, known as non-alcoholic steatohepatitis (NASH) [6]. Up to this point, the



disease progression is generally reversible, particularly before fibrosis develops. Liver fibrosis
occurs when chronic injury or inflammation triggers the formation of excess connective (scar)
tissue in the liver. Over time, fibrosis can advance to cirrhosis, where the scar tissue significantly
replaces healthy liver tissue, impairing the liver’s structure and function. This stage represents
permanent liver damage, especially when combined with NASH, as the liver loses its ability to
regenerate. In some cases, cirrhosis may further progress to hepatocellular carcinoma (HCC),
a form of liver cancer, which is a leading cause of death, affecting 46% of patients in advanced

stages.

The development of steatosis is closely linked to alterations in the metabolic processes of
hepatocytes, which result in increased lipid production. The most widely used molecule for
storing metabolic energy is triacylglycerol (TAG, or TG), composed by a glycerol head attached
to three fatty acid chains. Elevated concentrations of free fatty acids (FFAs) in the blood plasma,
due to diet or other reasons, being them either modifiable or not, causes an enhanced uptake of
them by the liver, later responsible of their esterification. On the long term this can lead to the
accumulation of TAG into lipid droplets (LDs). Lipid droplets are organelles responsible for
storing energy in many organs, since virtually all cells have the capacity to synthesize and store
TAG in cytosolic lipid droplets (LDs) [8].

Lipid droplet dynamics is further influenced by the presence of enzymes that cooperate for
their degradation into smaller droplets, or the regulatory surface proteins (RSPs), which com-
pete to bind to the LD surface, modifying the enzymes activity.

Nevertheless, even though many of the biochemical reactions described remain unclear to the
research community, the authors, drawing on experimental in — vitro and in — vivo findings,

attempt to develop a model that aligns with the data.

The only therapies available at the moment are the reduction of caloric intake through a
healthy diet, physical exercise and medications to reduce the glucose level in the blood. Goal of
research is thus try to understand the cellular and molecular processes leading to perturbation
of liver lipid metabolism, necessary in order to try to identify novel pharmacological targets
and treatment strategies. In my internship project the goal was to try to implement a numeri-
cal twin for the hepatocyte metabolic network, based on the model first described in the paper
out in 2017 by Wallstab, Berndt ez 4/., explained in detail in Chapter 3, after a brief overview
of the biochemistry elements needed to have a possibly good comprehension of it, presented in

Chapter 2. Its first section, Sec. 2.1, has two paragraphs on lipids in general and lipid droplets,



followed by some information on enzymes-mediated reaction kinetics and liver cell compart-
ments respectively in Sections 2.2 and 2..3.

In Chapter 3 both the modules of the reproduced model are analyzed in their details, with

attached the equations used for each step leading to the synthesis of TAGs inside the hepato-
cytes endoplasmatic reticulum and then to its effect on the lipid droplets filling. The model
consists of a set of time-dependent differential equations. While the structure is not inherently
complex, the sheer number and scale of the equations, encompassing various processes and sub-
processes, make it highly intricate.
Then, the methods used for the simulations are highlighted in Chapter 4 step by step, followed
by the results obtained in Chapter 5. These regard the two approached adopted to solve the
problem: first the Python script was coded from scratch and used to numerically integrate the
ODE system given the initial conditions, then performing a sensitivity analysis revealing that
variations in the activity of FFA uptake, diacylglycerol acyltransferase (DGAT) 2, and adipose
triglyceride lipase (AT'GL) have the strongest influence on the cellular TAG level. A neural net-
work is trained over some randomly generated configurations of these varying parameters to
predict the stable state outcome of the system.

Concluding remarks are reported in Chapter 6, highlighting the good performances com-
pared to the results in the paper [1] both for rat and human hepatocytes along with some of

the issues encountered and observations that arose during the months of my internship.
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Figure 1.2: All the stages of liver disease progression from NAFLD to HCC. The blue and red arrows indicate whether the
transition is generally reversible or difficult to reverse. Image from [9].



Elements of Biochemistry

To build a solid understanding of the biochemical reactions and metabolic pathways discussed
in the next chapter, this section provides a simplified overview of the topic. The goal is to offer
a general introduction from a non-expert perspective, focusing on the basic concepts to help
grasp the underlying processes without delving into intricate technical details.

The chapter is divided in four sections: in the first one, Section 2.1, the lipids macro-category is
briefly introduced, focusing on the family of storage lipids. Afterwards, Section 2.1.2 resumes
the concept of lipid droplets, specialized organelles, sharing some structural and functional pat-
terns with their progenitors, while Section 2.2 introduces the main chemical reaction scheme
involved in the liver cell metabolism. Finally the liver cell compartments appearing in the model

are announced and their role briefly described in Section 2..3.

2.1 LIPIDS

Lipids are a diverse and extensive group of organic compounds that play crucial roles in hu-
man physiology. Their biological function can be as diverse as their chemistry: while fats and
oils are primarily responsible for energy storage in many organisms, phospholipids and sterols
are the majors structural elements in membranes. Others play a crucial role as enzymes, cat-
alyzing specific reactions and influencing various biochemical pathways. The classification of
lipid families, according to Nelson and Cox [10], is presented below, with example structures

illustrated in Fig. 2.1.



* storage lipids (fats, oils), they are neutral;
* membrane structural lipids (phospholipids, sterols) are polar;

* enzymatic lipids

Generally, the storage and structural functional classes of lipids are major cellular compo-
nents, making most of its part in terms of mass but playing a passive role in the cell. Other
groups of lipids, present in much smaller amounts, have active roles in the metabolic traffic as
metabolites and messengers. Some serve as signals, as hormones, carried in the blood from one

tissue to another, generated in response to an extracellular signal [10].

2.1.1 STORAGE LIPIDS

This section delves mostly into the first category presented, the storage lipids, starting with an
exploration of how they are actually made. Essentially, all naturally occurring fats and oils,
independently of their origin, consist of a very high percentage of glycerolipids [11]. They
include monoacylglycerols (MAG), diacylglycerols (DAG), and triacylglycerols (TAG), which
are central to the energy metabolism. MAG, DAG and TAG are composed by an alcohol, glyc-
erol, attached to either one, two or three fatty acid chains. This characteristic structure, with a
“head” attached to multiple “tails,” gives these molecules their neutral polarity, distinguishing
them from polar membrane lipids. As the polar hydroxyl groups of glycerol and the carboxyl
groups of fatty acids are bound by ester linkages, triacylglycerols become non-polar and thus
hydrophobic, rendering them essentially insoluble in water.

Lipid metabolism, which will be examined step-by-step in Sections 3.1 and 3.2, encompasses

the processes involved in lipid synthesis and degradation within cells, leading to the consump-
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Figure 2.1: Some of the most common types of storage lipids (neutral) and membrane lipids (polar), all having either glycerol
or sphingosine as backbone to which are attached one or more fatty acid chains. Original picture from [10].
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Figure 2.2: Composition and examples of neutral lipid chains. 2.2b illustrates the three types of neutral lipids that can be
formed using glycerol and fatty acids (2.2a): triacylglycerol, diacylglycerol, and monoacylglycerol, containing three, two, and
one fatty acid chain, respectively.

tion or production of free fatty acids. These processes include fat storage and breakdown for
energy, as well as the synthesis of structural and functional lipids, such as those that form cell
membranes. Key components of lipid metabolism include digestion, absorption, transport,
storage, catabolism, and lipid biosynthesis. Lipid catabolism, in particular, occurs through
beta-oxidation, a crucial process in the mitochondria and peroxisomes that breaks down fatty

acids to generate energy.

2.1.2  LIPID DROPLETS

Lipid droplets are dynamic, lipid-rich organelles present in most eukaryotic cells and serve as
the main storage sites for neutral lipids. While they are most commonly found in adipose tis-
sue, this work focuses on their presence and role in hepatocytes. The relatively recent discovery
of proteins on the lipid droplet surface, which regulate their dynamics and metabolism, has
sparked significant interest in studying these organelles, as they play a crucial role in the regula-

tion of metabolic processes.

Lipid droplet structure is characterised by a neutral lipid core consisting mainly of triacyl-
glycerols (TAGs, but also MAGs and DAGs) and sterol esters (SEs) surrounded by a phospho-



lipid unilamellar leaflet (monolayer). The alignment of the phospholipids allows to compose a
membrane with inner hydrophobic and outer hydrophilic property, due to their head and tail
classical structure derived from the fatty acids [12, 13, 14].

Disregulated LD homeostasis is closely connected to many pathological conditions and the
development of various diseases. The central function of LDs is to store TAG and CE if syn-
thesis and/or uptake of FFAs and SEs exceeds the cellular demand and to release these lipids
in the opposite case. As saturated FFAs and free SEs are potentially cytotoxic, their conversion
into non- toxic TAG and SE and subsequent deposition in LDs are crucial for the maintenance
of cell integrity. An overweening delivery of FFAs and/or SE is commonly accompanied by an
increase in the synthesis of TAG and SE and thus in the number and size of LDs. Upon energy
demand, these FAs are mobilized by specific enzymes, called lipases, which consecutively hy-
drolyze esterified FAs from the glycerol backbone, thereby generating DAG, MAG, and finally
free glycerol. FAs can then enter the circulation and are accessible for other tissues, which can
use them for oxidative energy production or lipid synthesis [11, 13, 15].

Among the large array of regulatory surface proteins (RSPs) decorating the LD surface, the
moststudied are the those belonging to the Perilipins and CIDE families. Perilipins, alsoknown
as lipid droplet-associated proteins (PLINs) are mainly five and they all share a certain PAT
domain [16]. In the kinetic model of Chapter 3, only the first three will be incorporated
into the equations governing lipid droplet surface binding and unbinding. Beside this, also
cell death-Inducing DNA Fragmentation Factor Alpha (DFFA)-like Effector (CIDE) proteins
have emerged as lipid droplet-associated proteins that regulate fat metabolism. There are three
members in the CIDE protein family: CIDEA, CIDEB, and CIDEC. The last one is the only
one considered here for its crucial role in the LDs fusion, and it is also known as fat-specific
protein 27 (FSP-27) [17, 18].

* Derilipins: PLIN1, PLIN2/ADRP, PLIN3/TIP47, (PIN4, PLINS5)

* CIDE proteins: (CIDEA, CIDEB), CIDEC/FSP-27

While in adipocytes LDs can reach diameters up to 100m and considering that size varies
tremendously, in liver cells they are smaller, in general ranging from few to 3pum. As we’ll see
in Chapter 3 their formation is related to the presence of neutral lipids in the endoplasmatic
reticulum, with de novo genesis of droplets off the ER lumen of filling of pre-formed droplets
of different sizes. The size of newly generated droplets can then grow or shrink based on the

RSPs reactions happening on their surface [13].

8



2.2 ENZYME KINETICS

The model has an initial module, described in 3.1, in which each step is described by a biochem-
ical equation, and in particular it is the case of enzymes-catalysed reactions of one substrate and
one product. The simplest way to model this type of reactions is by using the Michaelis-Menten
equation, the kinetics model named after Leonor Michaelis and Maud Menten. It takes the

form of a differential equation describing the reaction rate v, equal to the rate of formation of
the product P (v = %) given the concentration of the substrate S as [S].

In this section, following the approach outlined in Chapter 6.3 of Lebninger - Principles of
Biochemistry [10], we will examine the assumptions underlying the derivation of the formu-
las. Subsequently, the reaction rates used by the authors for the metabolic processes will be
derived and discussed. This approach, determining the rate of a reaction and how it changes

in response to changes in experimental parameters, is a discipline known as enzyme kinetics.
p to chang p tal p ters, is a discipline k yme kinet

We start by considering a reaction between a catalyst, it can be an enzyme a protein or some-
thing else (E), and a single substrate (S). The reaction can be splitin three different phases, as we
can see from the reaction scheme 2.1: from enzyme+substrate to enzyme-substrate complex in
a relatively fast reversible step (k1, k_1), and then to enzyme+product , where the transitions

are governed by specific rates indicated with £:

E+S—ES<2E4+P (2.1)
k1 k_o
At any time instants we have the enzyme available both in its free and substrate-bounded
forms: the total enzyme concentration catalyzing the reaction will be rewritten then as [Ey | :=
[E] + [ES].
Here we develop the basic logic and the algebraic steps in a modern derivation of the Michaelis-

Menten equation, which includes the assumptions below here:

step 1 we can initially neglect the reaction P — S described by k_o, since [P] is low at early
stages;

step 2 if the concentration of the substrate is in excess in few milliseconds it is concerted to ES
and [ES] is approximately constant over time (steady state kinetics). We have so that the
rate-limiting step of this type of reaction giving a product (P) is the enzyme-substrate
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2.3a A theoretical enzyme catalyzes the reaction S=P, and is present at a concentration sufficient to catalyze the reaction
at a maximum velocity, Vi,qq , of 1 M/h. The Michaelis constant, K,,, (explained in the text), is 0.5 mM. Progress curves
are shown for substrate concentrations below, at, and above the K,,,. The rate of an enzyme-catalyzed reaction declines
as substrate is converted to product. A tangent to each curve taken at time equal to O (dashed lines) defines the initial
velocity of each reaction. The reaction velocity reaches a plateau after an initial pre-steady state period after which [ES] is
approximately constant.

2.3b This graph shows the kinetic parameters that define the limits of the curve at high and low [S], with the substrate
concentration at which the velocity is half-maximal being /,,,, the Michaelis constant. At low [S] (K, >>[S]) the [S] term
in the denominator of the Michaelis-Menten equation 2.5 becomes insignificant, simplifying to v = Vmam/Km and it
exhibits a linear dependence on [S], as observed here. At high [S] ([S]>> K,,,) the K,,, term in the denominator of the
Michaelis-Menten equation becomes insignificant and the equation simplifies to v = V4., consistently with the plateau
observed. The concentration of enzyme in an experiment such as this is generally so low that [S] » [E] even when [S] is
described as low or relatively low.

(ES) complex breakdown (kz), thus the overall rate must be proportional to the concen-
tration of the species that reacts in the second step, that is, ES.

Since [ES] is not easily measurable experimentally we can try to rewrite it. Having neglected
k_o we can define the ES rates of formation and breakdown, using the variable for the total

enzyme concentration previously defined:

V™ = B [E)[S] = ki ([Eror] — [ES])[S] (2.2)
Wik = k1 [BS] — ko[ ES] (2.3)

Now according to the reasoning in step 2 on the stable-state one can equal the two rates 2.2

and 2.3, and after some math it gets to the following expression for the concentration of the

I0



enzyme-substrate complex

ki[Ewo][S] (B [S]

[BS] = ki[S] + kot + ks Ko + [S]

(2.4)

where K, is the Michaelis constant, defined as K, := (k_1 + ko) /ko.

We can now show how the equation describing the rate/velocity of these types of reaction,
commonly known as Michaelis-Menten equation, is determined by the breakdown of ES to

form product, which is determined with [ES] in eq. 2.4:

BllS) _,, 18]

v = ky|ES] = ko Ko +[5] ™K+ [S] (2.5)

where the maximal reaction velocity is defined as V00 = ko[ Eyor)-

This is finally the Michaelis-Menten equation, the rate equation valid for a single-substrate
enzyme-catalyzed reaction, which has the advantage of being easily extendable to describe re-
actions involving multiple substrates. It is useful to define a more general rate constant, the
turnover number K4, to describe the limiting rate of any enzyme-catalyzed reaction at satu-
ration. When several steps are partially rate-limiting, k.,; can become a complex function of
several of the rate constants that define each individual reaction step. It is equivalent to the
number of substrate molecules converted to product in a given unit of time on a single en-
zyme molecule when the enzyme is saturated with substrate. In the Michaelis-Menten equa-
tion, Keat = Vinaa /[ Etot] and equation 2.5 becomes

v = kcat [Etot] [S] ) (26)
K., +[9]

For a more detailed and in-depth analysis of these topics, it is recommended to refer to Chap-

ter 6 of Lehninger’s book [10]. This chapter provides additional insights into enzyme mecha-

nisms, including detailed examples of enzyme kinetics.

2.3 LIVER CELL STRUCTURE

Hepatocytes, the primary functional cells of the liver, are highly specialized cells constituting
approximately 70-80% of the liver’s mass and are responsible for a wide array of essential physio-

logical processes. They are typically cuboidal, with dimensions ranging between 20 and 30 pm,
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(a) Scanning electron micrograph (SEM) of a rat sectioned hep-
atocyte and venule sinusoid, the blood provider. Image from /G f
public domain (Wikipedia). A = e

(b) Labeled and illustrated diagram of the ultrastructure of a
liver cell, highlighting the relationships among all previously
discussed compartments, along with several additional ones.
Image licensed from (Alamy).

Figure 2.4: Hepatocytes structure with all the internal organelles and its location in liver tissue, spearated to the sinusoid
blood provider by the Disse space.

and taking an input of fatty acids from the sinusoid’s blood flow. A section is showed in Fig-
ure 2.4a.

They are remarkable for their regenerative capacity, allowing the liver to recover from injury or
disease and they have different compartments, but as not to dwell too much on further side

topics, here only parts of interest for the model are taken into account here:

* cytosol
The intracellular fluid that houses various organelles and is the site of many metabolic
pathways, including glycolysis, fatty acid synthesis, and the initial steps of protein syn-
thesis, and it also contains lipid droplets;

* endoplasmatic reticulum
A network of membranous tubules involved in protein and lipid synthesis. The rough
ER, studded with ribosomes, synthesizes proteins destined for secretion or membrane
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insertion. The smooth ER is involved in lipid metabolism, detoxification of drugs and
toxins, and calcium storage;

* mitochondria
The powerhouse of the cell, where ATP (energy) is produced through oxidative phos-
phorylation. Mitochondria are also involved in fatty acid oxidation, the urea cycle, and
the regulation of apoptosis (programmed cell death), which is crucial in liver disease pro-
gression;

* nucleus
Hepatocytes have a large, centrally located spherical nucleus that serves as the control
center of the cell, containing DNA that regulates metabolism, growth, and protein syn-
thesis, all of which are essential for liver function;

* plasma membrane
Regulates the exchange of substances between the hepatocyte and its environment, play-
ing a key role in nutrient uptake and waste removal.

In the equations in Appendix A.2, footnotes indicate the compartment in which the metabo-

lites are present or through which are being transported.
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Wallstab er 2/.’s mathematical model

This work focuses on the reproduction of the Wallstab ez 4/.’s model presented first in their pa-
per outin 2017 [1]. The same model was then reused for studying the behaviour of other hep-
atocyte intracellular pathways, in particular with a focus on hepatocellular carcinoma (HCC)
[19] and then also extended to comprise the vast amount of metabolic liver pathways in some

more complex models, again under the supervision of Nikolaus Berndt [20].

To gain a clearer understanding of the regulatory influence of individual processes involved
in cellular TAG turnover, we reproduced a comprehensive kinetic model that integrates the
pathways of fatty acid and triglyceride metabolism, as well as the key molecular mechanisms
governing lipid droplet dynamics.

This chapter is divided in two main sections to clarify the two modules of the LDs formation
and evolution: in the first one, Section 3.1, the metabolic module of the model is described,
containing all the reactions composing the chain leading to the TAGs formation inside the
ER, then the lipid droplets undergo filling with TAG and fusion to each other, with proteins
binding to their surfaces causing also lipid degradation and consequently the shrinking of the
droplets. These steps collectively form what is referred to as the lipid module of the model,

presented in Section 3.2.

The molecular processes included into the model developed and implemented by Wallstab ez
al. are depicted in Fig. 3.1 and resumed in Tab. 3.1. In the followings, numbers inside brackets

() refer to the indexing of processes, showing also their responsible catalysts in the table.
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3.1 THE METABOLIC MODULE

In this first part the free fatty acids uptaken from the external blood flow are converted to the
neutral lipids that will fill the droplets in the next module. The quantity of free fatty acids
(FFAs) absorbed by the hepatocyte model depends on the glucose level of the blood plasma:
elevated blood glucose levels indicate a fed state, while lower levels suggest the rat is in a fasted
state. The relations linking the uptakes FFAs are explained in Appendix A.1, with also the

insuline and glucagon level computation in attached.

The further processes leading to the LDs formation are considered in all their details, accom-
panied by the reaction rates associated to the transitions, showed in the Appendix A.2 for the

sake of clarity in the main text here.

ENDOPLASMIC RETICULUM (ER) /
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Figure 3.1: Model originally introduced in [1], representing the main reactions of the metabolic and lipid modules, from the
uptake of FFA from the blood to the formation and finally degradation of LDs. The numbered reactions in the brackets are
defined in Tab 3.1. Picture taken from [19].
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In this module, namely above the horizontal line in Table 3.1, all the necessary steps of the

TAG production are broken down to single biochemical reactions. As foretold, the free fatty
acids are uptaken into the cytoplasm of the hepatocyte (1) through a combination of diffusive
and active (carrier-mediated, by transport protein CD36) transport. FFAs are then activated to
acyl-CoA (2) (in figure as ACoA), which is a composition of FFA and CoA obtained through
interaction. The membrane carrier CPT1 is responsible for the acyl-CoA entering the mito-
chondria (3), using a 3-step reaction where FFA first binds to Carnitine allowing taken up
into mitochondria and then reforming acyl-CoA inside the mitochondria and bringing back
Car outside. The mitochondrial 3-oxidation is responsible for the energy production inside
cells, through the citric acid cycle.
The metabolic pathway leading to the formation of TAG starts with the esterification of acyl-
CoA with G3P by GPAT producing LPA, whose is consequently esterificated by AGPAT (4)
newly forming the phosphatidic acid PA inside the endoplasmatic reticulum. Now PAP acts in
order to favour PA dephosphorilation (hydrolysis) to produce DAG. The DAG synthesised in
the ER is responsible for different pathways, our interest focuses on two of them here. First, PC
phospholipids synthesis (5) by CPT, later used for the formation of lenses (nascent droplets)
in the ER membrane. Second, but most importantly, DAG is used to synthesize TAGs inside
the ER through the interaction with the fatty acid of acyl-CoA, having the reactions catalyzed
by two isoforms of the diacylglycerol acyltransferases, DGAT1 and DGAT2 (6). Even though
the pictorical representation in Figure 3.1 shows TAG forming in the cytosol outside the ER,
other sources ([12, 13]) tell us that this is a result achieved in a series of step but whose exact
dynamics is not fully understood yet. For the sake of simplicity and not to add other variables
to the model, this will be considered as a simplified model for the actual process which involves
lenses formation and irregular growing of extroflexions on the ER membrane. At this point we
have two ”storages” of TAG inside the endoplasmatic reticulum: TAG,,(;), withi = 1, 2 both
serving as a TAG source for nascent LDs formation, nevertheless TAG,,(1) is also used in the
VLDL synthesis, mediated by the presence of ApoB, whose availability is insulin dependent.
VLDLs are later synthesised and expelled back to the blood (9).

3.2 THE LipiD DROPLET MODULE

This module comprises central processes to control the dynamics of lipid droplets (LDs) and
the export of the lipoprotein VLDL (9). All the different physical-biochemical processes in-

volved in the LD modeling from this point on are presented: the level of TAG contained in-
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process involved enzime/protein

(1) FFAs uptake into cytosol passive diffusion, CD36
(2) FFAs activation ACS

(3)  FFA-CoAs uptake into mitochondria CPT1

(4) FFA-CoAs esterification GPAT, AGPAT, PAP
(5) PC synthesis CPT

(6) TAG synthesis DGAT1, DGAT2
(7) nLD formation TIP47

(8) LD:s filling DGAT?2

(9) VLDL synthesis and secretion MTP

(10) LDs fusion FSP27

(11) LDs degradation ATGL, HSL, MGL

Table 3.1: Main processes and involved enziymes appearing in the model. All the equation rates for these processes, along
with some others, are showed in Appendix A.2.

side each lipid droplets has five different contributes that are the LD genesis (7) and filling
(8), fusion (10), RSP binding and degradation processes (11), respectively in paragraphs sec-
tions 3.2.1 to 3.2.4. Finally also the LD dynamic change in number is presented in 3.2.5, ex-
plaining how the number of droplets is computed.

Here is where for the first time modeling with LDs is encountered. When dealing with LDs,
the approach followed by the authors is to subdivide LDs originally into N. = 30 discrete
size classes based on the radius of the droplets ranging from 0.1 to 3.0 um. Taking this into
account, both the concentrations of lipids in the droplets and the fractions of LD covered by

RSPs or enzymes are described by vectors with the dimension equal to N..

3.2.1 GENESIS AND FILLING

The first process contributing to the growth of lipid droplets is related to the genesis of new
droplets. This process can happen both in a de novo scenario, where lipid droplets are newly
generated, or adding TAGs to already existing droplets. We’ll refer to the first case as a de novo
synthesis of LDs (7), called nascent Lipid Droplet (nLD), while in the latter the process is
known as a filling process, where some already existing lipid droplets formed in the cytosol
and binding to the ER, are filled with the produced neutral lipids again through the enzyme
DGAT? (8) and esters.

The equations describing the filling of LDs with TAG are responsible for the partition of TAG
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Figure 3.2: The synthesis of nascent Lipid Droplets at the interface of cytosol with ER. Picture taken from [14].

content among ER(2) and LDs: the higher is the number of droplets the higher is the rate
of LD:s filling with TAG and the lower is the nLD formation (eqs. (A.44) and (A.4s)). The
equation A.4s clarify the concept that larger droplets are less likely to associate with ER an be
filled with TAG [14, 15, 21].

The synthesis of nascent LDs is catalyzed by the protein TIP47 (PLIN3) binding to the ER
and LD interacting surface. Studies show that both DGAT1 and DGAT?2-produced TAG is
involved in de novo nLDs formation, with neutral lipids coolescence in the leaflet (lenses) forma-
tion in between the ER bilayer, as can be seen in Figure 3.2. This is due to the asymmetry in the
phpspholipid composition, protein recruitment and binding [12, 14]. All the nLDs produced
by de novo synthesis belong to the first lipid droplet class, namely with radius 7 = 0.1um,
and they are not going to be covered by any regulatory surface protein (RSP).

3.2.2 FusionN

On the top of that, LDs can interact one with the others through a fusion process (10) medi-
ated by the fat-specific protein 27, FSP27. The rates of this process are in the Appendix A.2,
having that the larger particle is absorbing the smaller one and the rate of their fusion is depen-
dent on the difference in ratio between the two particles. The rate of lipid transfer (eq. 3.1)
depends on the size difference between lipid droplets and the presence of FSP27 on the surface
of the fusing droplets [22]. The net effect of this term on the total LDs volume is null, it has
only an effect on their size distribution, shifting it towards a configuration with more bigger

droplets in case fusion is favored, e.g. for the high availability of FSP27 [14, 23].
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Figure 3.3: All the steps required in the fusion of two Lipid Droplets mediated by FSP27. Picture taken from [14].

3.2.3 RSPs oN LDs SURFACE

The surface of lipid droplets is a place of hectic binding and unbinding for different families of
proteins and enzymes. These have an effect on the dynamics of the droplets, affecting its shape,
and possibly favouring either their shrinking or their growth [13, 16, 24, 25].

Reversible binding of regulatory surface proteins (RSPs) to LDs is modeled as time-dependent
change in the LD surface fraction, Xy, p, covered by the protein X, with X=PLIN1, ADRP,
TIP47 or ATGL. Equation 3.2 here below is responsible for the rates modeling of this binding-
unbinding process, where f }jge denotes the non occupied free LD surface, while the rates ko n

and kopp are dependent on the cytosolic concentration of the protein X.

dt

= kON([X]cyt> {Se - kOFF([X]cyt)XLD (3.2)

Different proteins of the PAT family (PLIN1, ADRP, TIP47) have different binding and un-
binding rates depending on some factors defined basing on radius, constants and exponent of
the LDs (see Appendix A.2). This is resulting in what can be observed in Fig. 3.4b, showing
how PLINs 1, 2 and 3 are likely to bind respectively on the surface of large, medium and small
LDs, while ATGL has rates which are depending on the number of LDs in each discrete class,
and its steady basal activity is significantly increased due phosphorylation of PLIN1, liberating
CGI58 that then binding to ATGL to activate it [16].
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Figure 3.4: Lipid droplets and their associated binding proteins: the various species (3.4a) and their expected distributions
across different size classes (3.4b) according to the data provided in the Supplementary Information of the reference paper [1].

Since the cytosolic concentration of RSPs has proven to be very difficult to determine and
define in time, lot of simulations have been run using 1 as reference value for these concentra-
tions, varying then the value in simulations for testing the effect of over-expression and under-
expression on the final LDs distribution.

PLINs are sort of competitors for binding to the LD unoccupied surface, while CGI58
is treated as a co-regulator and it binds to the LD surface through mediation of PLIN1 and
ADRP. Also enzymes responsible for TAG degradation inside the LDs have to bind to the
droplet surface to start their activity: this is the case for ATGL. A deficiency in RSPs necessary
for the de novo synthesis of lipid droplets, or the overexpression of RSPs that promote lipid
droplet hydrolysis, can both reduce the number and size of lipid droplets.

3.2.4 SHRINKING

LD-associated enzymes (ATGL, HSL, MGL) are responsible for the disruption of LDs content
into simpler molecules, namely free fatty acids. The main process responsible for the shrinking
of LDs is the removal of fatty acids from TAG, DAG and MAG inside the core of the lipid
dropplets. This is known as the LDs degradation (11) and is divided in different steps: first
ATGL, and HSL also with a minor role, performs the first step from TAG to DAG, then HSL
breaks down the DAG into MAG and the process in finalized by MGL leaving FFA in the
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cytosol out of the MAGs [13, 15].

These degradation steps are catalyzed by enzymes again binding on the surface of the lipid
droplets and thus competing with the RPSs for the available free surface in the game. The
degradation process are enlisted in the Appendix A.2 in egs. (A.104), (A.107) and (A.114) and
they consist of 3 main steps through which the TAG is freed into free FAs:

1. TAG 294 DAG + FA

2. DAG 225 MAG + FA

3. MAG Y95 Fa

HSL is also in little percentage responsible for the first step of the degradation, from TAG
to DAG.

3.2.5 LIS CONTENT DYNAMICS

Each lipid class, by radius, is represented by the total amount of lipids contained in that class.
To obtain the number the approach followed is to consider the total amount divided by the
droplet volumes. The formula 3.3 was developed in the absence of well-established equations

on the subject in the original paper [1].

LD, =Y Vol,/Volrp, € R, where sp = MAG, DAG, TAG (3.3)
sp

On the top of that the number of droplets in each class can vary, and was supposed to be
modeled by a lipid transfer to the closest bigger LD, or smaller LD,,_; classes. About this
changes in the amount and the composition of LDs, the formula provided by the authors seems
to be ineffective, see Appendix A.3. Probably some details are missing and it was thus not in-
cluded finally in the model simulated for out purpose. There is some inconsistency in the nota-
tion here as well as the dynamics here represented seems to overwhelm the natural evolution by
providing an either excessive or negligible contribute to the number of LDs that are transferred

from/to each class at each iteration.
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Methods

In this chapter, the various methods employed to solve the system of ordinary differential equa-
tions (ODEs) and conduct further analysis are introduced, detailing the techniques and pack-
ages or libraries used, all of which were coded using Py thon scripts.

Section 4.1 outlines the packages and the pipeline implemented for the numerical integration
scheme, then Section 4.2 presents the idea of sensitivity analysis, performed to find the key
system parameters. Lastly, Section 4.3 discusses the development of a neural network model

designed to learn the input-output relationship of the ODE system.

4.1 MODEL SIMULATIONS

Initially the set of 13 + 12 - N, coupled ODEs (see Stoichiometric Matrix A.2.3), have been
solved using the scpiy.integrate.solve_1ivp package, using as the initial conditions the
values expected to be close to the reference stable state concentrations of the metabolites (see
Supplementary Data S4 [1]). All the values used for the maximal activities as well as the con-
stants are reported here in the final Appendix A.2.

The resulting variable consist thus of a number of arrays equal to the number of variables used
containing 24 values each, given that the stored concentration values are 1 at each hour and
the system is simulated for a duration of 24 h, getting to a stable state. The code have been
organized using classes having as methods the systems that needs to be solved or other further

operations on it and as attributes its constant parameters. Changing parameters are taken as
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an external input. This approach allows for easily attempting simulations by modifying one or

multiple parameters, while ensuring consistency and flexibility within class method calls.

Many attempts have been made in order to find the optimal solver going from easier inte-
gration methods to more complicate ones and also trying to provide the Jacobian of the stoi-
chiometric matrix in order to save computational time. Finally backward differentiation for-
mula (BDF) proved to be the most efficient method for stiff-problems, meaning that given the
plenitude of variables in the system they can evolve on different time-scales and this adaptive
size-step method, defined in order to overcome this kind of possible issues. Beyond this, the
system is also very sensitive to the initial conditions, especially the ones regarding the neutral
lipid concentration and the number of droplets in each class, so a careful and well-considered

initialization is essential to ensure that the simulated dynamics are meaningful and accurate.

Following the reference paper [1], the simulation have been refined using the rat cell param-
eters, and then extended to the human hepatocyte to try to reproduce some experiments find-
ings, changing some of the identified crucial parameters and constants in this latter case. For
this reason most of the results will show two plots, one for the rat refinement simulations, the
other for the human observatory results. In doing this it was decided, after simulating the rat
metabolites evolution using a number of class IV, = 30, to reduce it to only 10. This will give
amore coarse-grained solution, but still with a good enough resolution to observe the distribu-
tion shape of the droplets size in the human case, where the total volume of lipids produced is
greater. The number of variables whose associated ODEs are numerically integrated after this
change reduces from 373 to only 133. A further reduction in this number could be attained
by fixing some of the less impactful variables. However, this approach proved challenging, as
altering a single step in the process could trigger an unexpected cascade effect on the remaining

variables.

# eqs variable dim.
13 metabolites 1
3 neutral lipids N,
8 RSPs N,
1 number of LDs NN,

tot. 13+12- N,

Table 4.1: Number and dimensionality of the ordinary differential equations in the model.
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4.2 SENSITIVITY ANALYSIS

Sensitivity analysis is the study of how the uncertainty in the output of a mathematical model
(numerical or otherwise) can be divided and allocated to different sources of uncertainty in
its inputs. A key milestone in the field was the landmark paper by Morris [26], published in
1991. For a detailed timeline of the evolution of sensitivity analysis, refer to the recent work
by Tarantola [27]. For a more in-depth exploration of the subject, the well-regarded book by
Saltelli ez al. [28] ofters a comprehensive overview of various methods, covering both local and
global approaches.

There are different categories of sensitivity analysis methods and different approaches to
use them. In here only two methods are presented, belonging the first, Morris, to the family of
the screening techniques 4.2.1, while the second, Sobol’, to the variance-based methods 4.2.2.
Derivative-based ones are also quite diffused, aiming in particular at understanding how small
variations in the parameters affect the model output. These methods are very useful in inverse

problems and in parameter estimation, but will not be covered here.

The goals of sensitivity analysis are many, some of them are:

* identify the most important parameters (those that contribute the most to output vari-
ability) and insignificant parameters (can be eliminated from the model);

* determine if and which parameters interact with each other;
* simplify the model (by fixing model inputs that have no eftect on the output);
* test the robustness of a model in the presence of uncertainty;

* detect errors in the model (by encountering unexpected relationships between inputs
and outputs);

* reduce uncertainty through the identification of model inputs that cause significant un-
certainty in the output;

* determine the optimal regions within the parameters space (for use in optimisation stud-

ies).

Sensitivity analysis are applied here as a novel approach in order to confirm, after the paper
test varying some constants by £10%, which are the most significant parameters among the

huge quantity of the ones retained in the model.
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The first step consists of a global or screening sensitivity analysis, qualitatively inspecting and
selecting some of the most important parameters, followed by a more qualitative one to catch

their real effect through the Sobol’indices.

For the mathematical formulation of how these indices work, we start by considering a model
with K parameters, calling them Z = (21, ...,xx) € [0,1]" independently and uniformly
distributed within the unit hypercube. They are mapped onto the univariate output model

variable Y by the model function f, such therefore that f : 7 € [0, 1]% — y = f(7) € R.
The code implementation is done using the Sensitivity Analysis library in Python SAL1ib [29].

4.2.1  ONE-STEP-AT-A-TIME (OAT) GLOBAL MORRIS METHOD

The most used design for screening technique is a One-step-At-a-Time (OAT) method, where
each input is varied while fixing the others, giving thus a new value to only one parameter in
each run. This is also known as the Morris method [26, 30].

It is fast since not many model execution are required, but this comes at the cost of not being
able to differentiate non-linearities with interactions. For this reason it is commonly used as
a screening method to qualitatively identify the non-influential parameters of a model, which
then could be safely excluded from further detailed analysis, like Sobol’ one, presented in the
next subsection 4.2.2. The quantities and parameters defined and utilized for this method are

outlined and explained here to provide a comprehensive overview of the possibilities it offers.

First of all, the elementary effect E'E of the parameter k on the output is defined as follows:

JAV —
EEk: y('rla ,Ik—i- ) 7A$K> y(xla >xK> (4.1)

where A is a grid jump selected in a way such that & + A is still in the specified domain of
parameter space. A isa valuein ]ﬁ, ey 1 — p%l, where p is the number of levels that partitions
the model parameter space into a uniform grid of points at which the model can be evaluated.
The grid constructs a finite distribution of size p ~'[p — A(p — 1)] elementary effects per
input parameters [26].

The key idea of Morris method is to evaluate the model from various randomly sampled points
Z and then gradually advancing one grid jump at a time between each model evaluation (one-

at-a-time), along a different dimension of the parameter space selected randomly.
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At the end of this process let’s say 1 elementary effects will have been sampled for the k-th
parameter from the /' Ej, finite distribution. The arithmetic mean and the standard deviation

of the elementary effects sampled from all trajectories defines

1 & .
- EE"? 4.2
M nR; k ( )
1 & A
op = %Z(EEIQ—M)Q (4.3)
=1

While 4.2 describes the average elementary effect computing the arithmetic mean, 4.3 gives
and indication of the presence of non-linearity and interactions between k-th parameter and
the others. As a change in a parameter value might have a changing sign on the output and
thus result in a cancellation effect, Campolongo ez 4/. [31] proposed the use of the mean of the

absolute elementary effect to circumvent this issue. It is defined as

1 &

i =— Y |EE] (4.4)

n
R0

On a large enough number of trajectories n z, Morris states that there are three different types

of categories to which a parameters could fit into:

* non-influential parameter (small ju, or 14}, and small o) - A is null:
the parameter has a negligible overall effect on the model output;

* linear influencing parameters (large p1y, or 15, and small 0y;) - A is non-null and con-
stant:
the variation of elementary effects is small while the magnitude of the effect itself is con-
sistently large for the perturbations in the parameter space

* non-linear influencing parameters (large 11, or 117, and large 0y,) - A varying with k:
indicates that the aggregate effect of perturbations is seemingly small while a large value
of 0y, indicates that the variation of the effect is large; the effect can be large or negligibly
small depending on the other values of parameters at which the model is evaluated. Such
large variation is a symptom of nonlinear effects and/or parameter interaction.

This classification enables parameter importance ranking, allowing for the identification and

screening of non-influential parameters.
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.2.2.  VARIANCE-BASED GLOBAL SOBOL’ METHOD
4

Variance-based sensitivity analysis methods exploit the variance decomposition in non-linear
and non-monotonic cases. The main tools is the Sobol” method (or Sobol’ indices, named
after Ilya M. Sobol’), decomposing the variance of a model’s output into portions that can
be attributed to individual inputs or combinations of inputs. The method for using certain
indices to estimate the influence of individual variables or groups of variables on model output

was first introduced by Sobol’ in [32].

The output y of the model can be decomposed as a linear combination of functions with

increasing dimensionality:

K K
Yy = f(:f) = f() + Z fl(l’z) + Z fi,j(xi,xj) + ...+ f1,27m’](<$1, T, ,[L’K) (4.5)
=1

i<j

where f is a constant and the condition necessary for this decomposition is expressed as

1
/ firvioois (T1, T2y ooy Ts)dxy, = 0, for ., = (i, ..., is) (4.6)
0

and1§i1<i2<...<i5§K(3€1,...,K) (47)

meaning that the functional decomposition is made such a way to have all the terms orthog-
onal, expressing the effect of varying x; alone in f;, z; together with x; in f;; (second-order
interaction), can be re-expressed through the equation 4.7 as terms of conditional expected

values:

Jo=E(Y) (4.8)

filz;) = EL[Y]X] — E(Y) (4.9)

Jig(wi m5) = B 5[V X, X] = B[V XG] = B [Y]XG] - E(Y) (4.10)

and so on for the other higher-order terms of the decomposition. In egs. (4.9) and (4.10),
E.;[Y'|.X;] corresponds to the conditional expectation operator, and the ~ o in the subscript

means that the integration over the parameter space is carried out over all parameters except the

specified parameter in the subscript.

2.8



Applying then the variance operator over Y, assuming that f is square-integrable, we get:

K

VY] =Y Vifi(z)] + Y Vifig@n )+ o+ Vifio. a(@, 22, 7)) (4.10)

i=1 i<j

FIRST-ORDER INDICES A direct variance-based measure of sensitivity S;, called the “first-

order sensitivity index”, or ”Sobol’ main-effect sensitivity index” is defined as follows:

VIEi[Y]Xi]]

Y

(4.12)
measuring the contribution to the output variance of the specific input X;, by averaging the
effect of the other inputs on the output. Using this definition in 4.12 and dividing both sides
of the previous formula 4.11 by V[Y] we get that

K K
Z Si + Z Sij+ o+ 812, =1 (4.13)
i=1

1<J

TOTAL-EFFECT INDEX  Another measure, proposed by Saltelli [33] is the "Sobol’ total-eftect
index”, which measures the contribution to the output variance of z;, including all variance

caused by its interactions, of any order, with any other input variables.

Evi[Vi[Y]X ]

T

(4.14)

The index, also a global sensitivity measure, can be interpreted as the amount of variance left

in the output if the values of all input parameters, except z;, can be fixed.

These two sensitivity measures can be related to the objectives of global sensitivity analysis
for model assessment, having as main advantage the exploration in the space of input and the
efficiency in “analyst” time (the method only needs Monte Carlo/quasi Monte-Carlo evalua-
tions).

The main-effect index is relevant to parameter prioritization in the context of identifying the
most influential parameter since fixing a parameter with the highest index value would, on av-
erage, lead to the greatest reduction in the output variation.

The total-effect index, on the other hand, is relevant to parameter fixing (or screening) in the
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context of identifying the least influential set of parameters since fixing any parameter that has
a very small total-effect index value would not lead to significant reduction in the output varia-
tion. The use of total-effect index to identify which parameter can be fixed or excluded is similar
to that of the elementary effect statistics of the Morris method, albeit more exact but also more
computationally expensive to compute. And finally, the difference between the two indices
of a given parameter (eqs. (4.12) and (4.14)) is used to quantify the amount of all interactions

involving that parameters in the model output.

4.3 LEARNING THE INPUT-OUTPUT RELATION

Once the model is confirmed to be running smoothly and yielding satisfactory results, the focus
can shift to assessing whether the performance achieved with a specific parameter configuration
can be generalized across different dietary regimes, whether in a fed or fasted state. Among the
variety of available possibility one approach that can be attempted in this case is the implementa-
tion of an artificial neural network (ANN, or also simply as NN), able to learn the input-output
relation encoded in the set of differential equation that the numerical integration scheme is solv-
ing. While the output we are interested in is the lipid droplet final size distribution, the input
can vary. The idea is to use a set of relevant parameters for the system, previously selected dur-
ing the performed sensitivity analysis tests.

Using then as the loss the mean square error between the solver-predicted and the NN-predicted
distribution, our NN will become a black-box method to solve the ODE system, hopefully in
an efficient way.

The neural network is implemented and all the operation performed in this section and in the

next 4.3.1, are performed using the PyTorch library [34].

This approach offers the advantage that, once the time-intensive training process is com-
pleted, the model can efficiently and quickly predict the LD output distribution for various
cases and scenarios, requiring only the key parameters involved. On the other hand, one pos-
sible drawback for this approach could be definitely the lack of experimental patient data on
which the network could be trained. To overcome this issue many configurations of the sig-
nificant system parameters have been sampled from a normal distribution using the reference

value as mean and 1/10 of it as variance.
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4.3.1 INVERSE PROBLEM: FROM THE DISTRIBUTION TO THE PARAMETERS

Gradient tracking methods in PyTorch provide a wide range of operations and optimizations
when training neural networks. This is accomplished by setting to requires_grad=True the
argument of PyTorch’s Tensor, which instructs PyTorch’s automatic differentiation engine,
autograd, to track operations performed on the tensor.

An application that is quite straightforward at this point is the implementation of an ap-

proach to solve the inverse problem, aiming to recover the set of parameters responsible for the
generating a particular output LD size distribution, when knowing only this output distribu-
tion.
This inverse analysis, when properly optimized, could be particularly useful in clinical settings
where direct measurements are either too costly or invasive for patients. By measuring only
a single cell’s lipid droplet size distribution, it may be possible to infer other meaningful con-
centrations, since the inputs of the problem we are going to optimize have been pre-identified
through sensitivity analysis as key variables.

In order to do this, the easiest way to adapt the parameters to match the target distribution
Ytarget 1s applying a simple gradient descent (GD) approach, updating at each iteration the set
of parameters 7’ minimizing a loss function between the network prediction and the target

measured distribution, where the loss L is computed as the mean square error (MSE):

— — —

’(—{L”—’r]-vlj’,L([I)/) (4.15)

—

L(#) = S|IN N

-

/) - ytarget||2 (4'16)

with VN (-) representing the neural network prediction function for the output.

This approach encounters challenges when increasing the number of significant input pa-
rameters for the neural network, likely because a larger parameter space may lead to multiple
combinations of input values producing similar output distributions. To address thisissue, the
proposed solution is to run the optimization problem multiple times, starting from different
initial points within the parameter space, and then analyze whether the resulting solutions con-
verge.

Another technique used to maintain positive parameter values is to work with their logarithms,
and then apply the exponential function at the final stage. This approach ensures that concen-

trations remain non-negative, producing the desired output distribution.
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Results

In this chapter, the results of the methods outlined in Chapter 4 are presented and thoroughly
analyzed. Special attention is given to the key decisions made during the simulation process, as
well as any challenges or limitations encountered at various stages of the pipeline. The discus-
sion also highlights the implications of these results and evaluates their impact on the overall

objectives of the study.

Results here analyzed are concerning initially the rat hepatocyte scenario. The study will also
attempt to model human hepatocytes; the parameter adjustments required to align with the ex-
perimental findings on human cell cultures will be summarized. In this latter case, a measure
that have been adopted to reduce the computational demand of the single runs, is the decrease
of the number of lipid droplets size classes N, from the initial 30 to 10.

All tests have been performed using a simulation time of 24 hours, after which all the metabo-

lites concentrations are expected to reach a stable state.

This chapter is organized as follows: Section 5.1 presents the dynamics of the simulated sys-
tem, along with the droplet size distribution obtained under different input source and cell
type; Section 5.2 covers the results of the Morris and Sobol’ sensitivity analyses, which inform
the selection of input parameters for the neural network. Finally, Section 5.3 provides an ex-

planation of the neural network setup.
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5.1 DYNAMICS OF THE SYSTEM

The simulation described in 4.1 gives the evolution of the concentrations of all the considered
variables. The following paragraphs of this section simulate various scenarios by altering both

cell parameters (mouse or human) and the input FFA source (blood glucose or FFA challenge).

RAT AND HUMAN LIVER CELL IN FED STATE  The results presented in this section are based
on simulations conducted under a fed-state scenario, with a constant blood glucose concentra-
tion of 7.637 mM. Although this glucose level naturally fluctuates over time, it is treated as a
constant within the model for simplicity. The primary focus of the simulation is to examine the
temporal evolution of metabolite concentrations, starting from an initial fed-state condition.

As expected the concentrations reach in a very good approximation the stable state in figs. 5.1a

PP AP 1
10° Rz AR o) e - — FA oyt 10 — FA_cyt
g ---- FA_COA 100 ---- FA_CoA
= — . —— CoA_cyt = — CoA_cyt
E g2l T — PCER E 10 — PCER
5 [ - —— LPA ER 5 —— LPA ER
B 1073\ — PAER g 107 —— PA_ER
5 - 5
5 » MAG_cyt 5 10-3 MAG_cyt
g 10 — DAG.ER £ —— DAG_ER
v — v - —
. TAG_ER2 R TAG_ER2
« TAGER1 4\ | e TAG_ER1
10-6 ---- TAG_nLD 107° --== TAG_nLD
—— TAG_VLDL —— TAG_VLDL
0 5 10 15 20 25 ApoB 0 5 10 15 20 25 ApoB
Time [h] Time [h]
(a) Rat hepatocyte. (b) Human hepatocyte.

Figure 5.1: Evolution of the metabolites residing either in cytoplasm or endoplasmatic reticulum. These results have been
simulated using a blood glucose concentration equal to 7.637 m M, corresponding to the mice diurnal fed state. Logarithmic
scales are applied to the y-axis to improve the clarity of the plots.

5 mmm distrib at t=24.0h 6 B distrib. at t=24.0h

0.0 0.5 1.0 1.5 2.0 25 3.0 i 0.0 0.5 1.0 1.5 20 25 3.0
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(a) Rat hepatocyte. (b) Human hepatocyte.

Figure 5.2: Resulting size distribution for the lipid droplets inside an hepatocyte after 24 h, considering as before an initial
condition of diurnal fed average glucose concentration.
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parameter rat human correlation

CD36 1 10 positive
kpcara 1 0.5 positive
DGAT1 1 1 negative
DGAT2 1 10 positive

FSP27 1 0.5 positive

ATGL 1 0.005 negative

Table 5.1: Recap of the parameters that are adjusted in the model when transitioning from rat hepatocytes to human hepato-
cytes. The value are expressed as fold changes (factors), with measurement units omitted. The "correlation” column indicates
the long-term impact of each parameter change on lipid production, where a positive correlation signifies an increase in lipid
production, and a negative correlation indicates a decrease.

and s.1b. Given the different setting of constants and parameters governing the distributions
of TAG stored among ER and LDs, the results here shows a significantly larger amount of TAG
stored in ER(1, 2) in the human hepatocyte. Consequently also the FFA level is higher, since
itis produced at the end by TAG degradation and is also required in the chain cycle to start its
synthesis.

The distributions in Figure 5.2 are in good approximation stable distributions, reached simu-
lating the metabolic system for an entire day duration. This is proved also looking at the rates
of the processes, which are all stable after 24 h. The comparison of the fluxes (i.e. the reaction
rates) for the rat cell with the authors’ results are reported in A.4, showing a generally good
agreement with the paper in terms of relative error.

As can be seen in .24, the distribution is shifted more to the left compared to 5.2b, indicating
a higher production of smaller lipid droplets in rats. In contrast, the human distribution is
broader, with larger droplets being produced. This significantly impacts the total lipid produc-
tion, as the volume of the droplets, which are considered to be spherical, scales as the cube of

the radius.

HUMAN LIVER CELL IN A FFA CHALLENGE ~ From here on, the analysis will focus exclusively
on the scenario using human parameters, with the number of lipid droplet size classes reduced
to 10. The fatty acid input will no longer be sourced from the blood; instead, it will replicate
an 7n-vitro solution consisting of a 1 : 1 mixture of different fatty acids at a concentration
of 0.5 mM, resulting in a total fatty acid concentration of 1 mM [1]. Based on the model
equations reported in A.2, this FFA challenge is expected to cause a switch from the de novo

synthesis of LDs to enforced lipid loading to already existing LDs, through the filling mecha-
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nism, allowing to generate massive lipid quantities.

18
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Figure 5.3: Obtained LDs distribution for the human hepatocyte in a FFA challenge after 24h (violet) and median values with
errors of the 27 single cell LDs size distribution experimentally measured in patients (red), from [1].

Figure 5.3 demonstrates good compatibility between the reproduced model and the exper-
imental results from the original study [1]. The model parameters in the human case were
fine-tuned based on this distribution, so it is important that the model qualitatively aligns with

the expected outcomes.

5.2 SENSITIVITY ANALYSIS

At this stage, as previously mentioned, it is time to conduct a sensitivity analysis to identify the
most critical parameters in the model: those that have the greatest influence on the quantity of
TAG produced in each class.

Itis recommended to begin with a qualitative screening method to identify the most impactful
parameters. Once these key parameters are identified, more precise quantitative indices, such

as Sobol’ indices, can be computed for further analysis.

5.2.1 MORRIS METHOD

The preliminary qualitative analysis have been conducted using Morris method. It focuses on
the parameters of the system describing the maximal activities of the 24 fluxes of the system,

telling which are the crucial reactions retaining for the major part the system behaviour and
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without them this behaviour would be lost. Values are used as change factors multiplying the

maximal rates V},,q, and their associated ranges, necessary for the sampling algorithm, are de-
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(a) Effect on the even classes of the maximal activities fold changes. Values on the y-axis are the average elementary effects 1 (4.2), while
errorbars represent the standard deviation o (4.3).

0.6

Xo<adHe®
&
v

0.5=r— T T 1 : ~ ® PAP

o
g
3

VLDL

ApoBs
ApoBd
MTP
DGAT1
DGAT2
denovo
FSP27
Plinl
& . ADRP
TIP4T
CGls58
ATGL
H5L
MGL

<

0.4+

0.3+

* 49 E O X

0.2

x

0.1{—+—=

Xeo 4a¢n

b |

0.0

4 6 8
i_l*

[
N

(b) Effect on 8—th TAG class alone of the maximal activities changes. The scatterplot, o vs. [, allows to identify region of
interest for non-influencing, linearly and non-linearly influencing parameters, as previously explained in Methods 4.2.1.

Figure 5.4: Results of the Morris OAT-type analysis performed on all the maximal activities of the fluxes, kept in the interval

0.9, 1.1].
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fined using fold factors of [0.9, 1.1], thus replicating the original idea of a £10% variation
applied to the reaction rates.

Figure 5.4 confirms fold changes applied to the reaction rates that have the major influence
on the TAG production, here measured for even classes in 5.4a and for only the 8—th class in
5.4b, are the uptake rate (sum of vcpss and Vy;¢) and the ones catalyzed by GPAT, DGAT1,
DGAT?2 and ATGL, as well as all the other rates regulating the degradation of lipids and RSPs
binding/unbinding to the droplets surface.

5.2.2 SOBOL METHOD

After the crucial fluxes have been selected in 5.2.1 using Morris method, it’s time to conduct
a more quantitative analysis. This analysis will also include the cytosolic concentrations of all
RSPs, which, while sparsely documented in the literature, are known to significantly influence
the dynamics of LDs. This impact arises from binding processes on the LD surfaces, which are
directly affected by these concentrations.

The sampling procedure here relies on SALib.sample. sobol, using Saltelli’s extension of the
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©
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o —
o .
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Figure 5.5: The Sobol analysis results are presented as a matrix illustrating the effects of the 11 selected parameters on the
TAG content across each of the 10 analyzed classes, measured in terms of first-order index (4.2.2).
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Sobol’ sequence and returning a NumPy matrix containing the model input.

The results showed in Figure 5.5 are obtained setting a number of samples high enough to al-
low the Mote Carlo sampling procedure to converge, without resulting in negative first-order
indices. They suggest that GPAT is a key enzyme involved in TAG production, which may
seem unexpected at first but is logical. If the FA-CoA compounds are not efhiciently utilized
in this pathway, they may be diverted for oxidation in the mitochondria. Thus, GPAT activ-
ity can be seen as a bottleneck, limiting the progression of the reaction chain in case it is limited.
The computation performed also enables the analysis of parameter correlations through second-

order Sobol’ indices; however, this is not the primary focus of the current work at the moment.

5.3 LEARNING THE INPUT-OUTPUT RELATION WITH A NEU-

RAL NETWORK

When designing neural networks for tasks that are not excessively complicated, it is generally
beneficial to avoid using overly complex architectures, as they can introduce unnecessary com-
putational demands and increase the likelihood of overfitting without offering substantial im-
provements in performance. In this case the neural networks only aims to get to the same solu-
tion previously computed by solving the ODEs system. The architecture chosen for this quite
simple task is a shallow 3-layers NN, with a 50-neurons hidden layer and having the accuracy of
setting equal to 11 and 10 the number of neurons in the input and output layers respectively,
equaling the number of selected input parameters and the number of real values for the LDs
clsses occupation. The loss function is the mean squared error, in PyTorch called MSELoss

criterion and using Adam as optimizer, setting the learning rate to 0.001.

Figure 5.6 shows results that, as expected, are very similar to those obtained by numerical
integration of the ODEs. The key advantage of this approach lies in its potentially faster com-
putational time. Although training the neural network is time-consuming, it only needs to be
done once. After training, the model can quickly load the learned weights and make predic-
tions much more efficiently.

In this relatively straightforward scenario, testing the two approaches on a single prediction,
the NN-based method is slightly faster than the traditional one. This advantage might become
particularly significant when scaling to multicellular problems or when iterating the solution

multiple times, as will be demonstrated in the next application of the model (5.3.1).
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Figure 5.6: The result achieved applying the trained model to a new parameters configuration (blue) compared to the classical
one by ODEs solution (violet). The synthetic dataset used for this purpose has been split into three parts: 70% for training
and 15% each for validation and testing.

5.3.1 INVERSE PROBLEM WITH GD

The goal here is to infer the parameters generating a particular LDs output distribution by
adjusting the input values through gradient descent (GD) to minimize the difference between
the predicted lipid droplet size distribution from the neural network and the desired LDs size
distribution, which has to be the input of this kind of inverse problem.

The optimized parameters, displayed in Figure 5.7, are promising but still not fully accurate.
There appears to be a systematic deviation in the parameters, particularly in the ones between
PLIN1 and HSL. Further refinement could be achieved by performing multiple runs with vary-
ing initial conditions or by reducing the number of parameters.

As it stands, these results should be regarded as preliminary and not yet definitive, though
this section underscores the potential of gradient descent-based inverse problem techniques
to bridge the gap between observable clinical phenomena, such as LD distribution, and under-
lying biological mechanisms, while also highlighting the need for further validation with actual

patient datasets.
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Figure 5.7: The original parameters (red) and the inferred ones (blue), obtained minimizing the difference between the NN-
predicted and the target LDs distribution.
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Conclusion

In this work the goal was to implement a liver cell digital twin for the lipid metabolism, com-
prising a simulation for the lipid droplets genesis, degradation and all the other intermediate

steps, building the model on the mathematical framework introduced in [1].

Even though some difficulties have been encountered during the implementation of the
model, the results are in good approximation satisfactory when compared to the ones of the

reference paper. The issues encountered are of different kinds and can be summed up as:

* notation issues, mathematically the notation used in the reference paper’s equations is
often inaccurate or not precise, requiring a careful analysis of the measures and typos in
order to recover the original model with an accuracy as high as possible;

* the equation 3.3 have been introduced to model the content of neutral lipids in each
LD size class. Moreover, it was challenging for an external reader to implement the shift
between neighbouring classes (A.3) that was mentioned in the original paper [1];

* the mathematical model is very sensitive to small variation not only of the metabolites ini-
tial concentrations, but also Michaelis constants K,,, maximal enzymes activities V;,,42
and other parameters. The values have been selected with caution, as small variations
in parameters for this kind of stiff problems can significantly alter the dynamics of the
system;

* starting from scratch with the entire code is a very time demanding process that involves
numerous trial-and-error steps before achieving a smoothly running model simulation.
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There is certainly room for improvement in various aspects of the implementation and
the overall pipeline.

Based on the original mechanistic model for the hepatocyte metabolic network, the model
simulates a good approximation of the stable lipid droplet distribution, providing an estima-
tion of the variability in the abundance of central enzymes and RSPs accounting for the ob-
served inter-cellular heterogeneity of LD size distributions.

For a more accurate simulation of the disease over time, the cytosolic concentration of regu-
latory surface proteins must be properly modeled to reflect dynamic changes rather than being
treated as fixed constants. This is particularly important for capturing the evolution of key pa-
rameters that significantly influence the model. Currently, the model has only been tested and
applied to relatively short time periods, and its effectiveness beyond these duration remains un-

known.

The contributions of this work are significant, especially in terms of potential clinical appli-
cations. The use of neural networks offers a novel approach for identifying key parameters with
precision, while maintaining accuracy. This is particularly relevant given the challenges asso-
ciated with measuring various concentrations, which are often either difficult or prohibitively
expensive to obtain. Moreover, the inverse problem framework allows for the identification
of parameter ranges that can lead to steatosis, oftering valuable insights for understanding and
potentially mitigating lipid-related disorders.

However, a potential drawback of this method is that since it is trained on synthetic data, it
may lose its generalization capability when applied to real patient data, especially given that

such data is unfortunately not currently available.

In conclusion, potential future developments could build upon this work in several ways,
starting from the extension of the model to a multicellular scenario as an hepatic lobule, hav-
ing approximately 108 cells/ g, to see how the actual implementation scales for problems on
a much larger scenario. Additionally, there is potential for extending this approach to other
tissues, broadening its applicability and enhancing our understanding of lipid dynamics in var-

ious physiological contexts.
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Appendix

This Appendix A is used to provide the mathematical details omitted in the main text for the
sake of simplicity, ensuring clarity while preventing the inclusion of complex formulas in the

narrative.

A.1 HORMONES AND METABOLITES PLASMA PROFILES

The glucose level in the blood is the proxy used for the feeding state of the patient/mice, high
glucose level means we are measuring short after a meal and this cause an increase in the TAG

synthesis in hepatocytes.

A.1.1 INSULIN AND GLUCAGON

Concentration of the insulin and glucagon hormones is controlled by the glucose concentra-
tion of the blood. While insuline enhances TAG synthesis and storage in hepatocytes, here
directly influencing the ApoB degradation rate (A.67), glucagon counteracts the effects of
insulin and leads to the breakdown of TAGs. It promotes lipolysis by activating hormone-

sensitive lipase (HSL), which breaks down stored TAGs into free fatty acids and glycerol.
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To compute their level, the following glucose hormone transfer function (GHT) is used.

1 5.7
Ins =2 [ 1.55nM - (Gles:) (A1)
(Glee )" + (7.7mM)5-7
1 5.65
Glucagon =2- [ 0.253nM - | 1 — (Gleer) + 0.02nM (A.2)
(Glee )*® + (4.7mM)565

The concentration of these two hormones determine the phosphorylation state 7y of the inter-

convertible enzymes.

1 Ins 7 Glucagon %6
( d ) (A3)

7797 Tns T 4 (0.70nM) LT * Glucagon *% 4 (0.08nM )36

A.1.2 TOTAL AND FREE FATTY ACIDS

The relationship between plasma total and free fatty acids (TFA and FFA) and plasma glucose
(Gle) levels can be described using the glucose free fatty acid transfer (GFT) functions. These
functions were developed to capture the dependence of plasma FFA concentrations on plasma

glucose levels, using experimental data from several studies to fit Hill-type transfer functions.

Glc!
TEA,, = 1.2mM — 1.1mM ex A
o P Gle,, + (6.5mM)? (84)

Plasma fatty acids are primarily bound to plasma albumin, with only free fatty acids available
for liver uptake. To estimate the free fatty acid (FFA) concentration, we use a fourth-order

polynomial equation to calculate FFAs from the total fatty acids (TFA) in the blood plasma

(ex).

FFA, TFA, \' TFA. \° TFA, \° TFA.
o] — 2786 <[mM]) —18.29 <[mM]) +30.88 ([mM]> +17.83 <[ml\&))
S
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A.2 REACTION EQUATIONS

List of the rate equations and kinetic parameters from the model [1]. The square parenthesis
is the notation commonly used to indicate the metabolite concentration, while bold style is
used to indicate vectors, namely array of values containing a number of elements equal to the
chosen number of LD classes. The brackets with no number inside, (—), refer to processes
that are not graphically depicted in Fig.3.1. Letters are used, e.g. 6a, 6b, 6¢ where multiple

processes are involved in the main reaction.

A.2.1 METABOLIC MODULE

(1) FA uptake by a combination of diffusion and an active transport process with CD36.

[FA]eac w) [FA]cyt (A6)
Vdiff = ng;f([FA]w — [FA]eye) (A7)
FAle, — [FAL
vopss — VED [ ;A [ F]Ayt (A8)
1+ e 4 e
Km ex Km cyt
KFAe —0.000083 mM, KEAet = 0.004 mM (A.9)
VAT = 12442 .10° b, VEP36 = 114 10" 7t (A.10)
(2) Activation of FFA by ACS.
[F Ayt + [CoAley + [ATP] 2% [FA-CoA).y + [ADP] (A1)
vacs = VACS [E Ayt < [ATP] ) [CoAey
"N\ [F Ay + K ) \[ATP]+ K2 )\ [CoA]y + Kt
(A.12)
KEAwt — 0.05 mM, KATP = 0.65 mM, KS4t = 0.0064 mM (A.13)
VACS — 31104 - 106 mM /h (A.14)
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(3) Mitochondrial S-oxidation by CPT1.

[FA-CoAley + [Carleys <22 [FA-Car)ey + [CoAly

vepr = VEPT! [F A—CoA]é’f [Car]ey
max [FA-CoA)%AT + (KEA-CoA)247 [Car]ey + Ko

cyt

[ EACoA _ [(FACoA <1 " [malcoa]cyt)
m Kimalcoa

Ky = 0.03mM, KS = 0.0032 mM, K" = 0.0025 mM
VEPTL — 1.8000 - 10° mM /h

max

(4a) Esterification of G3P by GPAT.

[G3P] oy + [FA-CoAleys <225 [LPA], + [CoAly

vepar = VOPAT [G3P] eyt [F'A-CoA] ey
mar \ [G3P] + KG3P ) \ [FA-CoAl., + KEACoA
K& = 0.2mM, KEAC4 = 0.09mM

VEPAT — 54000 - 10° mM /h

max

(4b) Esterification of LPA with a long-chain acyl-CoA by AGPAT.

[LPAl,, + [FA-CoAl., 22245 [PA],, + [CoAl

g (WP (PGt )

VAGPAT = Viax LPA]GT 4 Kr%PA FA—COA]Cyt + KEA'COA
KEPA = 0.0065 mM, KEA4CoA = 0.004 mM
VAGPAT — 5 4000 - 102 mM/h

max

(4c) Hydrolysis of PA by PAP.

PAP

[PA]., — [DAG]er + [Pi] ey

vpap = VEAP [PAJZ?
PAP mazx [pA](QiT? + (KTEA)Q.Q

KPA = 0.35mM
VPAP — 36000 - 10° mM /h

max
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(5) PC synthesis by CPT.

CPT

[DAG|e, — [PCer (A.32)
_ 1/CPT [DAG]er
Vopr = Vmam ([DAG]er + KT%AGer (A.33)
KPAY = 0.125 mM (A.34)
VEPT — 3.6 mM/h (A.35)
(5b) PC export.
[PCl., 25 (PO).. (A.36)
vporp = VECTPPC),, (A37)
VPOTP — 36000 - 10° h~! (A.38)

(6) Synthesis of TAG by DGAT1 and DGAT?2.

(6a) TAG synthesis by DGAT1.
DGATT1 resides in the ER membrane and synthesizes T'AG.,(1) used for VLDL synthesis and

nLD formation.

[DAG]r 4 [FA-CoAl oy 2 [TAG) 1) + [COA] ey (A.39)
DGAT1 __ {,DGAT1 [FA-CoA] ey [DAG].,

/UTAGer(l) - Vmax ([FA-COA] eyt + KEA-COA [DAG]eT + KnD’LAGer (A40)

KEACA — 0 1mM, KPAY = 0.03mM (A.41)

VDGATT — 9 8800 - 102 mM /h (A.42)

(6b) TAG synthesis by DGAT?2.

DGAT?2 resides either in the ER membrane and synthesizes [T"AG].,(2) used for nascent LD
formation or distributes to LD surface synthesizing [T'AG] 1, p directly filling LDs (10). The
distribution of DGAT?2 between the er and the different LD classes, LD,,, depends on the
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number of LDs in each class, numr,p, and the radius of the LDs, 71 p.

DGAT?2

[DAG]er + [FA-CoAlyy —— [TAG]er(2) + [C0oA] ey (A.43)
1
K0 = - (A.44)
> numrp
3
DGAT2 __ TLD
Kip =numrp - (1 - m) (A.45)
DGAT? DGAT? KD6AT
Vmaater = Vmam KeDrGATQ + Z KEDGATz (A46)
DGAT2 _ 1/ DGAT?2 [FA-CoAley [DAG]e, (A.47)
TAG r(2) maLer [FA‘OOA]cyt + KELA-COA [DAG]er + KgAGeT .
kpyp = 0.15 pm, KEACA = 0.1mM, KPAY = 0.03mM (A.48)
VDGAT2 — 30240 - 102 mM /h (A.49)

A.2.2 LIPID MODULE

(7) De novo synthesis of nLD.
The produced nascent lipid droplets belong to the first LD class, both for the ones synthesized
from T'AG.,(1) and T AG., (), and they are not concerned by protein coating to their surface.

[TAG]er1.2) Z2%% [TAG) 1 (A.50)
VIDES) = Viaaer? - [T AG]er(1,2) (As1)
Vn‘fiﬁfg" =36h7" (A.52)

(—) nLD coating with TIP47. Coating with TIP47 convert the nascent lipid droplets to
actual lipid droplets, detaching from the ER.

[TAG),1p + [TIPAT) oy~ 6,1 [TAG] LD (A.s3)
vaip = knin - [TAG)Lp - [T1PAT) ey (A.s4)
KITPAT — 36.10% b1 (Asss)
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(—) nLD degradation by ATGL.

ATGL

[TAG]nLD + [ATGL]Cyt — (A.56)
UfggL = k,;;lggL [TAG],Lp - [ATGL]cyt (As7)
RATSE — 7,92 p~1 (A.s8)

(8) TAG filling of LDs by DGAT?2.

The distribution of DGAT2 between ER and LDs have been already defined in A.44 and A.45.
[DAG)., + [FA-CoAloy 22255 [T AG)1p + [CoAly (A.59)
K DGAT?2
VDGAT2 _ 1/DGAT?2 LD
maxrp max KeDrGAT2 i Z KESATZ

DGAT?2 DGAT?2 [F'A-CoAl.y [DAG]..,
p— A-6
'UTAGLD VmamLD ([FA-COA]Cyt + K};A'C"A [DAG] er + KT%AGH ( 1)

(A.60)

The filling of LDs of class 7 diminishes the cellular TAG content [T"’AG] . p,, in the respective
class and increases the content [T'AG]p, , in class n + 1 by shifting TAG from the smaller to
the bigger droplet. The shifting rate depends on the relative volume AVol; p, between classes

nandn — 1.

Vol

AVolyp, = —2EPn (A.62)
VOlLDn,l

Ushifinp, = UTAGip, , " AVolLp, (A.63)

The change of [T AG| ., p,, is the sum of filling this class accompanied by the shifting of [T'AG] 1. p,, _,

into this class, and shifting from this class in the next bigger class

fillpgaT2 DGAT?2 DGAT?2 DGAT?2 ( A 64)

/UTAGLDH = /UTAGLDR71 + UshiftLDn ShiftLDn+l

(9a) Synthesis and degradation of ApoB.

The degradation rate of ApoB, Uj;go > is the sum of a basal rate k1 and a insulin dependent rate
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ko, while the synthesis rate, v;% > is considered to be a constant.

Usyn vdeg

5, [ ApoB].. ST, (A65)
v = const. = 3.6 - 10° mM /h (A.66)
de _ ApoByeg [Ins]ex
UAngB == Vma:g d . [ApOB]e'r . (kl + k2 [[ns]ex + K,,,Inn851> (A.67)
ki = 0.3, ky = 0.7, KI"%es = 10° pM (A.68)
VipoBics — 9 8804 - 10* h ! (A.69)

(9b) Synthesis and secretion of VLDL.
[ApoBle, + [TAG)ry 25 [TAG-VLDL),, Y225, [V LDL)., (A.70)
vmrp = Vet [T AG) 1) - [ApoBer (A.71)
 VLDL.. [TAG-VLDL].,

VWLDLew = Vinaz ([T AGVLDL], + KIAGVIDLL: (A.72)
VMTE — 3 440 mM~*ht, VVEPLes — 5 4000 - 10' mM/h (A.73)

(10) LD fusion regulated by FSP27.
The fusion rate fr;; between two droplets belonging to size classes 7 and j depends on their
radii 7; and 7; and their droplet number numpp, and numpgp;, as well as on the availability of

the regulating protein FSP27 in the cytoplasm.

1 1
frij = ViU [FSP27) - numpp, - numgp, - - (A.74)
LD, LD,
VIus —1.8000 - 1072 mMpm2h~* (A.7s)

Considering the droplets indices 7 and j with ¢ > j, the model is implemented in such a way
that [T'AG]Lp, and [T’ AG|p, decreaseand [T’ AG]p, ., increases, simulating the absorption
of the droplet i by j and the filling of [T'AG].p, with [T'AG]rp,. Analogously to the LDs
filling process, there is a shift of TAG from [T'AG] D, to [TAG]Lp

to the relative volume AV ol;, D,

11> With arate proportional
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Droplets of the maximum size (radius equal to 34m) cannot fuse.

shrink
TAGLD].

shrink
ShiftLDj

growth
TAGLDJ.

growth
ShiftLDj

fus
UTAG,p,

N.—1

Z frij . VOZLDJ.

=7

_ _.shrink
— UTAGLDj * AVOZLDJ.

j—1
Z f’l“ij . VOlLDi

=1

___.growth

growth — shrink + ,Ugrowth . vshrink
TAGLDj TAGLD]. shiftLDj ShiftLDj+1

(—) Reversible binding of RSPs to LD surface.
Binding rate depends both on a function of the radius of the LD, k:f,( , and the free fraction of

free

(A.78)

(A.79)
(A.80)

its surface, f1 5 . The vector X p describes the fraction of the LD surface occupied by the

RSPs X, where X = PLIN1, ADRP,TIPA7,CGI58, ATGL.

X

UO'I’L
— XLD

PLIN1
von

o s
o
—

k(l):;‘LLINl . k:fLINl . [PL]Nl]cyt . g’r‘Dee

,UPLINl — kPLINl . (1 - kaINl) . PLINlLD

of f of f

PLIN1 TLD
where k. = S E and k,, , = 2um
wAPRP = KPP (1~ KAPRP) [ ADRPL., - f1i°
v = kTP ADRPLD

ADRP TLD
where k; = m and k,, , = 2pum
I KT T LPA £
oTIPAT _ JTIPIT (| RTIPAT) TIPAT,

where kfIP47 =1-

10
LD

10 10
TLD + kTLD

and k,, , = 0.5um

kLN =1.8000 - 10 A1, koY =3.6000 - 10° AT,
koD =1.2600 - 10° h™", koY = 3.6000 - 10° B,

TIP4T _
k' ' =k

TIP47T __ 31-1
TIPAT = 3.6000 - 10° h
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(A.84)
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The binding of CG158 to the LD is mediated by PLIN1 and ADRP, and its phosphoryla-

tion in response to hormonal stimulation leads to binding and therefore activation of AT'G L.

vCGIs8 _ [CGI5S. |[CGI58|ey - (ki - PLIN1Lp + ks - ADRPLp)

on (A.94)
Vorr = kofi " CGI58p (A.95)
where k; = 0.1and ks = 0.2 (A.96)
vATCL = pATCL  numpp - [ATGL] .y - Jree (A.97)
UffJ}GL = k‘:}j}GL . ATGLLD (A.98)
vggésLS;g = k)gjqé?zg -numrrp - Surrp - (CGI58LD . (1 — ’y)) -ATGL;p

(A.99)

Virert = ko - ATGL-CGI58.p (A.100)

kg 7% = 3.6000 - 10° A7, k5% = 3.6000 - 10* A7, (A.101)

kow @ = 3.6 pm 2 h7", BT = 3.6000 - 101 A7, (A.102)

KGGISon = 3.6 um 2h Y, kyper ! = 33.6000 - 101 b1 (A.103)

(11a) LD’s TAG degradation by ATGL.

[TAG)1p 2255 [DAG]Lp + [FAly (A.104)
varer = VAT numypp - (ATGLLp + 20 - [ATGL-CGI58|.p) - [TAG]Lp

(A.105)

Vil =7.9217" (A.1006)

(11b) LD’s TAG and DAG degradation by HSL.
HSL can hydrolyze TAG, although its main activity is DAG hydrolyzation. HSL is activated
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by phosphorylation of PLIN1;p + ADRPyp.

HSL

[TAG]LD — [DAG]LD + [FA]Cyt (A.IO7)
Visr = Vi 749 - (1 =) - numyp - Surpp- (A.108)
free [TAG] LD
. +PLIN1yp +ADRP;p) -
(fip LD LD) M AGl,p + [DACl,p | [TAGI.n
(A.109)
[DAG]Lp 2% [MAG]Lp + [F Ay (A.110)
'UI?I?I? = Viskpac (1 — ) - numgpp - SurLp- (Axrr)
free [DAG]LD
. PLIN1 ADRPrp) -
U™+ Lot L0) (A[AGI.p + [DAGILp + TAGIio
(A.r12)

VHSLTAG — 31700 . 10—3 mMILLm_Qh_l, VHSLDAG — 3~17mMMm_2h_1 (A.II3)

max max

(11c) LD’s MAG degradation by MGL.

MGL

[MAG]Lp — [FA]y (A.114)
MAG].p
VMGL max numrp UTLD [MAG]LD + [DAG]LD + [TAG]LD
(A.r1s)
VMGL _ 36000 - 108 mM pum™2h~" (A.116)

A.2.3 STOICHIOMETRIC MATRIX

The set of coupled ordinary differential equations that govern the system evolution. When

indexing over the IV, different size classes it is used the index n.
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d[F Ay

dt

d[FA-OOA] cyt

dt

d[COA] cyt

dt

d[PCer
dt

d[PAle,

dt

d[LPA.,

dt

A[MAG]qp

dt

d[DAG).,

dt

d[MAG].p

dt

d[DAG].p

dt

d[TAGer1

dt

d[TAG]er2)

dt

d[TAG)p

dt

d[TAG].Lp

dt

TAG
= Vcp36 + Vdiff — VAcsS + E VATGL + E Vygsrt
Z DAG Z
+ UHSL + VMGL
Vol,,
= vacs — (Vapar + vVagpar) - — VCPT1—
VOlet

o (,UDGATl + UDGAT2> ) Vole, _ DGAT2

er(1) er(2) VOlcyt TAGLD

Vol,,
= —vacs + (Vepar + vagpar) - + vopr1+
VOlet

- (yDGAT1 | DGAT2) Voler DGAT?2

er(1) er(2) VOlcyt TAGLD
= VYcpr — VpCTP
= VAGPAT — UPAP
= VGPAT — VAGPAT
_ DAG
= E :(IUHSL — vmGL)
_ _ _ DGAT1 _ , DGAT2 _ pcarz) Voler
= UpAP — VOPT — Ver(1) Uer(2) YracLp

VOlcyt

DAG

=Vgsr — YMGL
TAG DAG

=varcr t Vysr — YHSL
— ,UDGATI — VTP — Ude novo VOZER

er(1) LD(1) VOlcyt
— UDGATQ __ ,,de novo VOlER

er(2) LD(2) VOlcyt
_ . fillpcaT2 TAG fuspspar TIPAT
= VIAGrp = — VATGL — Vgsi +VTAG.p  + OniVLD
__ . .de novo de novo TIP47 TAG,.LD
=Urp(1) T VLpe) — VLD, — Varcl
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(A.118)

(A.119)

(A.120)
(A.121)
(A.122)

(A.123)

(A.124)

(A.125)
(A.126)
(A.127)

(A.128)

(A.129)

(A.130)



d[TAG-VLDIL)., Vol.,

_ _ A.
i UmMTP VOlcyt VUV LDLey (A.131)
d APOB er syn e
[ dt ] = /UAZ;OB - vipgoB — UmTP (A.I}Z)
dX
% =vX —vX, (for X = PLIN1, ADRP, TIPAT)  (A.133)
dCGI58
- LD _ oCnGISS _ vgf?fIss _ vggésLsLog + vgggfgf (A.134)
dATGL CGI58,
T a =2 = )Tl — ff:’}GL —Vareren + UATGSLL;f (A.135)
dCGI58-ATGLLD . dATGL'CGI58LD . ,UCGI580n . CGI580ff (A 6)
7 = L =YarGr,p, ~ YATGL.D 13
dffy*  dPLIN1;p dADRP:ip
dat dt dt
dADRPr,p dTIPA7;p dATGL;p (A137)
dt dt dt 37

where the compartment volumes multiplied and divided in order to conserve the mass are fixed

constants
Vole: =2.81-107"2 L (A.138)
Vol =21-1072 L (A.139)

A.3 CHANGE IN NUMBER OF LDs

This section will present calculations related to the changes in the number of lipid droplets
(LDs) as they grow or shrink in response to variations in their lipid content, briefly explained
in section 3.2.5.

Uptake of a given lipid amount vpag - At = AT AG > 0into a LD owing to lipid (TAG) flow
v A within the time span At would actually increase the size of a LD. Since we are working
with classes, both the uptake and release of TAG into or from lipid droplets (LDs) of size class
n increase the total TAG content and the number of LDs in neighboring size classes (n + 1 and
n — 1), while simultaneously decreasing the total TAG content and the number of LDs in size

class nn. This process is described by:
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it AT AG,, > 0:

LD, — LD, - (1— ALD,)
LDpsy — LDpiy - (14 ALD,)
where ALD,, = ATAG,/(TAG,1 — TAG,,)

it ATAG,, < 0:

LD, — LD, - (1 — ALD,)
LD, — LDy, - (1+ ALD,)
where ALD,, = |[ATAG,|/(TAG, — TAG, )

(A.140)

(A.141)
(A.142)

(A.143)
(A.144)
(A.145)

Working on the first case, when AT'AG,, > 0, we can reformulate the equations to include

explicit time dependence, allowing us to derive an ODE that describes the evolution of the

number of LDs.

LD, (t+ At) = LDy, (t) - (1 — ALD,)
LD, (t + At) — LD, (1)
=
At

OLD,(t) UTAG
D Rk o ve R o Ten

LDyir(t + At) = LD,y (t) - (1 + ALD,)

ALD,,
At

= —LD,(t)

LDy (t+ At) = LDy (1) ALDy
= At = LDwn(t) At
OLD,, . (t
N ILDuni(t) _ LDy (t) vrAG

ot TAG, ., — TAG,

Similarly, the same applies to the case of AT'AG,, < 0 leading to

8LDn(t) - |UTAG|
ot LDu(t) TAG,, — TAG,
8LDn_1(t) |UTAG|
———r= " _ LD, _
ot n-1(t) TAG, — TAG,
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(A.146)
(A.147)
(A.148)

(A.149)

(A.150)

(A.151)

(A.r52)
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A.4 RESULTS COMPARISON

In this Appendix section some metrics are shown as comparison for the obtained results with

the ones of the original paper [1].

A.4.1 RATES COMPARISON

List of the steady state flux values. The metabolites and proteins residing in lipid droplets,
whose fluxes are reported in bold, have been summed up over all the size classes. Fluxes ex-
pected here by the authors may be wrong considering the volume corrections to ensure mass

conservation between compartments seem not to have been considered.
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flux ‘ obtained expected ‘ rel. diff.

Vdif f 1.77 1.8 0.016
Ve D36 I1.3 11.4 0.013
vacs 39.7 27.3 0.31
Cleiziyl 3.56 0.82 0.77
VgpPAT 15.3 9.24 0.40
VAGPAT 15.3 9.24 0.40
UpAP 15.3 9.24 0.40
VoprT 2.00 1.26 0.37
VpcTP 2.00 1.26 0.37
v%ypZB 3600 3600 -
VitpoB 3595 3600 | o.001
vmMTP 4.64 1.90 0.59
UVLDLey 3.47 1.90 0.45§
vzf?fé‘g(lw 7-41 3.89 0.48
v?%‘jé) 0.30 0.81 1.73
VPaden | 749 3.28 0.56
JUECAT2 | 5 49 4.68 0.38
VIS 3.72 1.99 0.46
vzeDTESSIO ©.39 0.81 1.04
”i;é;ﬁi 2585 2220 0.14
UCXLf)RP 2585 2220 0.14
Yo 609138 57400 | 0.058
Voss 60918 $7400 0.058
Chind 153 157 0.023
v:fflfu 153 157 0.023
UniD 2.06 140 | 032
v o108 15512 14400 0.072
0%6}158 15512 14400 0.072
'UorTGL 5-54 62.3 10.2
’lé%?;lz 5.54 62.30 10.2.
?Jgg%}é;g 0.26 0.401 0.53
UATGLLOLf;,f 0.26 0.401 0.53
VATGL 8.81 4.52 0.49
vt 2.06 1.4 0.32
Uﬁ’g?{ 0.08 0.154 0.85
vpsr | 889 468 | o047
VMGL 8.89 4.68 0.47
vilf’:sGLD -0.52 1€-08 1.00

Table A.1: Relative difference between the obtained and expected (from [1]) fluxes stable values for the rat hepatocyte
parameters. The fluxes in bold, namely vectors, are summation over all the LD classes.
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