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(a) t = 0 s. (b) t = 0.05 s.

(c) t = 0.125 s. (d) t = 0.25 s.

Figure B.20: Dead cells concentration profiles obtained with both 1D and 3D
models for the complete problem.
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(a) t = 0 s. (b) t = 0.05 s.

(c) t = 0.125 s. (d) t = 0.25 s.

Figure B.21: Oxygen concentration profiles obtained with both 1D and 3D models
for the complete problem.
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(a) Alive cell phenotype C1.

(b) Dead cell phenotype C2.

(c) Chemical species C ′1.

Figure B.22: Results obtained using different integrators.
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B.5 Test on a 3D microdevice geometry
In order to illustrate the kind of situations that our computational code is able to
simulate, we are going to consider a “toy model” representative of the problem in
hands, that is, cell culture evolution in microfluidic devices. When a cell culture
is going to be seeded on a chip, the objective is to reproduce, in the microfluidic
device, the desired tumour micro-environment (TME), that is, appropriate mechanical
properties, nutrient and oxygen supplies, and gradients. The goal is to design properly
the experiment in order to take the suitable conclusions in a reasonable time. For
that, it is necessary to define a precise device geometry and boundary conditions so
that cell cultures are subjected to the desired chemical and mechanical stimuli.

In order to illustrate all this, a simulation in a 3D chip-like geometry is going to
be presented for a very fundamental model. For a more accurate model, depicting
glioblastoma (GBM) cell progression in microfluidic devices, the reader is addressed
to Chapter 6.

Two cell phenotypes are going to be considered, alive and dead cells, Cn and Cd,
respectively, and the oxygen O2 is going to be the driving chemoattractant.

B.5.1 Set-up
Model and parameters

Equations of the model are the following ones:

∂Cn

∂t
= Dn∇2Cn − χ∇ · (Cn∇O2) +

1

τgr

(
1 − Cn

Csat

)
Cn −

1

τd
Πd(O2)Cn, (B.105a)

∂Cd

∂t
=

1

τd
H
(
OA

2 −O2

)
Cn, (B.105b)

∂O2

∂t
= DO2∇2O2 − α

(
O2

O2 + km

)
Cn. (B.105c)

Here, Dn is diffusion coefficient of normoxic phenotype, χ is the chemotaxis coefficient,
τgr and τd are the growth and death characteristic times, Csat is the cell capacity,
α is the oxygen consumption and km is the Michaelis-Menten constant of cellular
respiration kinetics. The function H is the Heaviside step function, that is H(OA

2 −
O2) = 1 when O2 ≤ OA

2 and H(OA
2 − O2) = 0 when O2 > OA

2 . The presented toy
model is a particular case of the general case given by Eqs. (B.1) where n = 2,
m = 1, C1 = Cn, C2 = Cd, C

′
1 = O2 and:

• v = 0, that is, there is no fluid flow.

• F1 = 1
τgr

(
1 − Cn

Csat

)
(logistic growth model), F12 = 1

τd
H(OA

2 − C ′1) (anoxia medi-

ated death), F2 = 0 and F21 = 0 (dead cells considered as an inert population).

• F ′11 = −α
C′

1

C′
1+km

, that is, oxygen consumption is assumed to follow Michaelis-

Menten kinetics.

• q1 = −Dn∇C1 + χC1∇C ′1, that is, we consider a pedesis term and an oxygen-
mediated chemotaxis term for the normoxic phenotype.
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Symbol Meaning Value
DO2 Oxygen diffusion 5.0 · 10−5 cm2/s
Dn Cell diffusion 3.3 · 10−6 cm2/s
Csat Cell capacity 5.0 · 107 cell/mL
χ Chemotaxis coefficient 3.8 · 10−5 cm2/(mmHg · s)
τgr Growth characteristic time 4 h
τd Death characteristic time 0.8 h
α Oxygen consumption rate 5.0 · 10−8 cm3 · mmHg/(cell · s)
km Michaelis-Menten constant 2.5 mmHg
OA

2 Anoxia threshold 1.6 mmHg

Table B.2: Parameters of the toy model.

• q2 = 0, that is, necrotic phenotype (dead cells) are considered as an inert
population.

• q′1 = −Dn∇C1.

In Table B.2 the values of the parameters selected for the illustrative simulation are
listed.

Geometry

Fig. B.23 shows the geometry and the mesh of the culture chamber of a microfluidic
device. Geometry and dimensions are representative and of the order of hundreds
of micrometeres. The geometry presented has a respective maximum width, length,
and height of 600µm, 600µm, and 70µm, respectively.

Figure B.23: Geometry and mesh of the culture chamber of a microfluidic device.
We have considered a hexahedral mesh with two elements along the microdevice
thickness.

Boundary conditions

All faces of the chip are considered as impermeable to chemical species and cells except
for the supply surfaces, which are marked in red in Fig. B.24. Therefore, boundary
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Figure B.24: Boundary conditions. Surfaces where Dirichlet boundary conditions
are applied are marked in red. For the rest of the boundary, homogeneous Neumann
boundary conditions are applied.

conditions are of Neumann type in the rest of the contour of the chamber such that
cell and oxygen flux is specified to be 0. In the red-marked surfaces, we assume
Dirichlet boundary conditions. As an example, suppose that cell concentration is set
to 1 × 106 cell/mL and 0 for alive and dead cell phenotypes respectively and oxygen
supply is fixed to Os

2 = 2 mmHg.

Initial conditions

As initial conditions, we assume that, at the beginning, there are no dead cells at
the culture chamber and the concentration of alive cells is homogeneous and equal
to C0 = 1 · 106 cell/mL. Finally, it is assumed that oxygen pressure is homogeneous
at t = 0 and equal to O0

2 = 2 mmHg.

B.5.2 Results

Fig. B.25 shows the evolution over time of alive cells and Fig. B.26 the evolution
of dead cells on the culture chamber. As expected, cell concentration remains
high next to the supply channels and decreases in the central part of the chamber,
where oxygen consumption induces anoxia. Therefore, once the oxygen threshold
of OA

2 = 1.6 mmHg is achieved, cell death is promoted. This explains, analogously,
why dead cell concentration increases in the same regions. However, cell chemotaxis
explains why alive cells are even more concentrated at oxygen supply points: cells
migrate in the direction of the oxygen gradient and when they arrive to a well
oxygenated point, proliferation occurs normally, because the conditions are now
favourable and cell concentration is below the capacity limit.

The results of the simulation show how the cell culture is going to evolve during the
virtual experiment. With the presented parameters and boundary conditions, the
lack of oxygen diffusion along the culture chamber results in the fast appearance of a
necrotic core occupying almost the entire chamber. This kind of in silico predictions
can be extrapolated to more complex evolution models, cell populations and tissues,
other geometries and other mechanical frameworks relatives to the experiment.
Moreover, the simulation of the different processes allows the access to all the values
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(a) t = 0 s

(b) t = 42h

(c) t = 70h

Figure B.25: Evolution of alive cells in the culture chamber. Cell concentration is
computed in cell/mL.
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(a) t = 0 s

(b) t = 42h

(c) t = 70h

Figure B.26: Evolution of dead cells in the culture chamber. Cell concentration is
computed in cell/mL.
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of field variables, which can, in turn, be interesting to identify correlations between
phenomena or variables of clinical or physiological interest, that would be inaccessible
from an experimental point of view due to technical considerations (difficulty or
impossibility of field variables monitorisation).

As a final remark, we have to state that model definition and parameter fitting is a very
complicated task. Even if frequently simplified, the multiphysics nature of the TME
is very complex: many different phenomena are coupled and many scales are involved,
resulting in a hard nonlinear problem where even the semiquantitative analysis is
often complicated. Too simplistic models lead to the failure of predictive simulation
models while complex and sophisticated ones result in a difficult parameter estimation
(due to both numerical and experimental difficulties and validation). Moreover, highly
nonlinear and coupled models in different physical scales may involve very expensive
simulations from the computational point of view.





C. Scientific dissemination

It is said that the work of a scientist is not only to investigate, but also to disseminate
the results of their research to the general public. In that sense, I was given the
opportunity to write an article at the local newspaper “Heraldo de Aragón”, in which
I summarised the overview and main results of the thesis. This article was published
on December 21th, and is reproduced in the next page.
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El glioblastoma es el tumor cerebral más común y letal. En los últimos años 
se ha avanzado en su conocimiento, pero el número de fármacos aprobados 
se ha estancado y la supervivencia de los pacientes no aumenta. Nuevas 
técnicas de cultivo celular permiten recrear el cerebro en condiciones más 
realistas y generan gran cantidad de datos, lo que abre la puerta a usar inteli-
gencia artificial (IA) para responder a nuevas preguntas. ¿Cómo incorporar lo 
que ya sabemos sobre el glioblastoma? Haciendo que la física guíe los algo-
ritmos

ABRIENDO LA CAJA 
NEGRA DEL CÁNCER 
>IA Y FÍSICA CONTRA 
EL GLIOBLASTOMA

DATOS Y ECUACIONES Hoy 
en día, y cada vez más, 
generamos una canti-

dad ingente de imágenes, textos y 
contenido audiovisual. Esta infor-
mación es procesada por millones 
de ordenadores que, como res-
puesta, nos recomiendan pelícu-
las, ofertan productos, calculan ru-
tas óptimas o ayudan a los médi-
cos a diagnosticar una enferme-
dad. Esta capacidad para transfor-
mar datos brutos en información 
verdaderamente relevante es mé-
rito de los famosos algoritmos de 
inteligencia artificial. Así la inteli-
gencia artificial ha entrado de lle-
no en ámbitos como el cuidado de 
la salud, las ciencias sociales y el 
comercio electrónico, no sin ex-
ponerse a cierto escepticismo por 
parte de algunos expertos. 

En paralelo, y con el auge de la 
supercomputación, cada vez son 
más numerosos los modelos com-
putacionales que recrean por or-
denador la realidad. Son los llama-
dos modelos ‘in silico’, por oposi-
ción a los modelos ‘in vivo’ (en ani-
males o personas) o ‘in vitro’ (en 
laboratorios). Con modelos de es-
te tipo se ha podido recrear la pro-
gresión de muchos tumores, co-
mo por ejemplo el glioblastoma, 
un tumor cerebral de muy mal 
pronóstico (14 meses de supervi-
vencia) y difícil tratamiento (la re-
currencia es casi inevitable).  

Con el desarrollo de la tecnolo-
gía microfluídica, que consiste en 
cultivar células en entornos bio-
miméticos de una forma automa-
tizada y generando muchos da-
tos, comienza a ser posible utili-
zar las herramientas de la inteli-
gencia artificial en el ámbito de 
los cultivos celulares, para desen-
trañar los complejos cambios 
metabólicos que se producen co-
mo respuesta a fármacos o estí-
mulos externos. 

Combinar estas herramientas 
de inteligencia artificial con los 
modelos matemáticos de evolu-
ción de tumores ayuda enorme-
mente a explicar fenómenos des-
conocidos y predecir mejor la 
progresión tumoral, avanzando 
hacia la medicina personalizada.

¿POR QUÉ INTELIGENCIA 
ARTIFICIAL GUIADA POR FÍSICA? 

 
La inteligencia artificial está cambiando la forma que tene-

mos de entender la ciencia. En los últimos años, los modelos cientí-
ficos sobre el universo han sido paulatinamente sustituidos por inteligen-

cias artificiales capaces de generar patrones complejos de datos desestruc-
turados, es decir, capaces de transformar la información en conocimiento. Sin em-

bargo, esto arroja inquietantes preguntas. ¿Vamos a sustituir el conocimiento cien-
tífico adquirido a lo largo de la humanidad por las cajas negras de la inteligencia ar-
tificial? ¿De verdad vamos a olvidarnos del legado de genios como Newton y Einstein 
y sustituirlos por inteligencias artificiales? Muy recientemente, ha empezado a surgir 
una corriente crítica hacia la inteligencia artificial, que clama por una mayor interpre-
tabilidad de los modelos y que se hace eco de los fracasos de la inteligencia artificial 
en diversos ámbitos (salud, conducción autónoma, reconocimiento de imagen…). 
La forma de acabar con este escepticismo es dar con métodos más interpretables, 

introduciendo directamente en los cálculos la física del mundo que nos rodea 
para poder entender mejor las predicciones. Además, así no se pierde el fo-

co, y la inteligencia artificial guiada por física, además de desentrañar lo 
que aún no conocemos del universo, aprende más rápido, necesi-

ta menos datos y filtra mejor el ruido que la inteligencia arti-
ficial convencional.

LA TESIS

■ Trabajo Tesis doctoral realizada 
en el grupo Tissue MicroEnvironment 
Lab (TMELab), en el Instituto de In-
vestigación en Ingeniería de Aragón 
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■ Autor Jacobo Ayensa Jiménez, ma-
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La combinación de técnicas avanzadas de cultivo celular, biomarcadores y simulación computacional 
será fundamental para la medicina personalizada del futuro. UNIZAR

¿PUEDE ESTE 
ENFOQUE RECONCILIAR  

EMPIRISMO Y RACIONALISMO? 
 
Desde el nacimiento de la ciencia moderna y del méto-

do científico, dos grandes tendencias han dividido a los grandes 
pensadores. El racionalismo, cuyo máximo exponente es René Des-

cartes, acentúa el papel de la razón en la construcción del conoci-
miento, construye teorías para luego validarlas por observación. El em-
pirismo, que tiene en David Hume a su cara más visible, fía el conocimien-
to en primera instancia a la pura observación del entorno y la naturale-
za. Ninguna de las dos corrientes ha desplazado a la otra. De hecho, 
Newton (racionalista) y Kepler (empirista) llegaron a la deducción del 
movimiento planetario por vías diferentes. Con las herramientas de 

inteligencia artificial guiada por física, los datos pueden combi-
narse con sólidas teorías científicas, para enriquecerlas. Te-

ner una inteligencia artificial guiada por física es como 
sentar en una mesa a Newton y Kepler y hacerles 

colaborar.

 
¿CÓMO SE TRATARÁ A 

LOS PACIENTES EN EL FUTURO? 
 
Gracias a la combinación de los dispositivos microfluídicos, 

la monitorización de cultivos usando biomarcadores y las técnicas 
de inteligencia artificial guiada por física, en el futuro la medicina ten-

drá un enfoque personalizado. Un paciente llegará a una clínica y se le ex-
traerá una muestra de tumor, que se cultivará en un dispositivo y se evalua-

rá cómo responde a estímulos externos. Mediante las herramientas de inteli-
gencia artificial guiada por física, se creará un gemelo virtual del tumor de ese 
paciente en concreto. Utilizando simulaciones por ordenador, se podrá evaluar, 
sin necesidad de hacer experimentos y esperar un tiempo de prueba, qué efec-
tos tendría sobre ese paciente en concreto probar un determinado fármaco o 
una determinada terapia y elegir el que mejor resultados dé. Con simulacio-
nes virtuales se pueden hacer pruebas sin que estas duren semanas, y el 

tiempo es lo más valioso para el paciente. 
 

JACOBO AYENSA JIMÉNEZ MATEMÁTICO E INGENIERO  

DE CAMINOS, DOCTORANDO DEL PROGRAMA  

DE INGENIERÍA MECÁNICA  

DE LA UNIVERSIDAD DE ZARAGOZA
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formulation for non-linear solid mechanics under small deformations. Computer
Methods in Applied Mechanics and Engineering, 305:806–826, 2016. (cited on

Page 126)

Scott R Eliason. Maximum likelihood estimation: Logic and practice. Number 96 in
Quantitative Applications in the Social Sciences. Sage, 1993. (cited on Page 81)

GW Ellis, C Yao, Rui Zhao, and Df Penumadu. Stress-strain modeling of sands using
artificial neural networks. Journal of geotechnical engineering, 121(5):429–435,
1995. (cited on Page 36)

Frank Emmert-Streib, Olli Yli-Harja, and Matthias Dehmer. Explainable artificial
intelligence and machine learning: A reality rooted perspective. Wiley Interdisci-
plinary Reviews: Data Mining and Knowledge Discovery, 10(6):e1368, 2020. (cited

on Page 12 and 155)

Craig K Enders. A primer on maximum likelihood algorithms available for use with
missing data. Structural Equation Modeling, 8(1):128–141, 2001. (cited on Page 103)



462 Bibliography

Craig K Enders. Applied missing data analysis. Guilford Press, 2010. (cited on

Page 103)

Craig K Enders and Deborah L Bandalos. The relative performance of full information
maximum likelihood estimation for missing data in structural equation models.
Structural equation modeling, 8(3):430–457, 2001. (cited on Page 103)

Virginia Espina and Lance A Liotta. What is the malignant nature of human ductal
carcinoma in situ? Nature Reviews Cancer, 11(1):68–75, 2011. (cited on Page 4)

Randall L Eubank. Nonparametric regression and spline smoothing. CRC press, 1999.
(cited on Page 33)
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David Néron and Pierre Ladevèze. Proper generalized decomposition for multiscale
and multiphysics problems. Archives of Computational Methods in Engineering,
17(4):351–372, 2010. (cited on Page 40)

Duong Nguyen, Said Ouala, Lucas Drumetz, and Ronan Fablet. Em-like learn-
ing chaotic dynamics from noisy and partial observations. arXiv preprint
arXiv:1903.10335, 2019. (cited on Page 52)
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Hans Christian Öttinger. Beyond equilibrium thermodynamics. John Wiley & Sons,
2005. (cited on Page 41)
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B Ph van Milligen, V Tribaldos, and JA Jiménez. Neural network differential equation
and plasma equilibrium solver. Physical review letters, 75(20):3594, 1995. (cited on

Page 47)

Eric Vanden-Eijnden et al. Transition-path theory and path-finding algorithms for
the study of rare events. Annual review of physical chemistry, 61:391–420, 2010.
(cited on Page 44)

Vladimir Vapnik. The nature of statistical learning theory. Springer science &
business media, 2013. (cited on Page 24)

Peter Vaupel, Friedrich Kallinowski, and Paul Okunieff. Blood flow, oxygen and
nutrient supply, and metabolic microenvironment of human tumors: a review.
Cancer Research, 49(23):6449–6465, 1989. (cited on Page 259, 260, 261, and 262)

Maria Vinci, Sharon Gowan, Frances Boxall, Lisa Patterson, Miriam Zimmermann,
Cara Lomas, Marta Mendiola, David Hardisson, Suzanne A Eccles, et al. Advances
in establishment and analysis of three-dimensional tumor spheroid-based functional
assays for target validation and drug evaluation. BMC biology, 10(1):1–21, 2012.
(cited on Page 297)

Francisco G Vital-Lopez, Antonios Armaou, Michelle Hutnik, and Costas D Maranas.
Modeling the effect of chemotaxis on glioblastoma tumor progression. AIChE
journal, 57(3):778–792, 2011. (cited on Page 259, 260, 261, 262, and 287)

Nikolaos N Vlassis and WaiChing Sun. Sobolev training of thermodynamic-informed
neural networks for interpretable elasto-plasticity models with level set hardening.
Computer Methods in Applied Mechanics and Engineering, 377:113695, 2021. (cited

on Page 41)

Nikolaos N Vlassis, Ran Ma, and WaiChing Sun. Geometric deep learning for
computational mechanics part i: Anisotropic hyperelasticity. Computer Methods
in Applied Mechanics and Engineering, 371:113299, 2020. (cited on Page 37)

Klaus Von Der Mark, Verena Gauss, Helga Von Der Mark, and Peter Müller. Rela-
tionship between cell shape and type of collagen synthesised as chondrocytes lose
their cartilage phenotype in culture. Nature, 267(5611):531–532, 1977. (cited on

Page 9)



Bibliography 507

H Voss, MJ Bünner, and Markus Abel. Identification of continuous, spatiotemporal
systems. Physical Review E, 57(3):2820, 1998. (cited on Page 51)

Nicholas Wagner and James M Rondinelli. Theory-guided machine learning in
materials science. Frontiers in Materials, 3:28, 2016. (cited on Page 46)

Matt P Wand and M Chris Jones. Kernel smoothing. CRC press, 1994. (cited on

Page 244)

Chengyang Wang, Zhenyu Tang, Yu Zhao, Rui Yao, Lingsong Li, and Wei Sun.
Three-dimensional in vitro cancer models: a short review. Biofabrication, 6(2):
022001, 2014. (cited on Page 8)

Christina H Wang, Jason K Rockhill, Maciej Mrugala, Danielle L Peacock, Albert
Lai, Katy Jusenius, Joanna M Wardlaw, Timothy Cloughesy, Alexander M Spence,
Russ Rockne, et al. Prognostic significance of growth kinetics in newly diagnosed
glioblastomas revealed by combining serial imaging with a novel biomathematical
model. Cancer Research, 69(23):9133–9140, 2009. (cited on Page 258, 259, and 262)

Jian-Xun Wang, Jin-Long Wu, and Heng Xiao. Physics-informed machine learning
approach for reconstructing reynolds stress modeling discrepancies based on dns
data. Physical Review Fluids, 2(3):034603, 2017. (cited on Page 57)

Jikun Wang, Tianjiao Li, Fan Cui, Chung-Yuen Hui, Jingjie Yeo, and Alan T
Zehnder. Metamodeling of constitutive model using gaussian process machine
learning. Journal of the Mechanics and Physics of Solids, page 104532, 2021a.
(cited on Page 36)

Kun Wang and WaiChing Sun. A multiscale multi-permeability poroplasticity model
linked by recursive homogenizations and deep learning. Computer Methods in
Applied Mechanics and Engineering, 334:337–380, 2018. (cited on Page 36 and 37)

Nanzhe Wang, Dongxiao Zhang, Haibin Chang, and Heng Li. Deep learning of
subsurface flow via theory-guided neural network. Journal of Hydrology, 584:
124700, 2020. (cited on Page 49)

Nanzhe Wang, Haibin Chang, and Dongxiao Zhang. Theory-guided auto-encoder
for surrogate construction and inverse modeling. Computer Methods in Applied
Mechanics and Engineering, 385:114037, 2021b. (cited on Page 49)

Sifan Wang, Yujun Teng, and Paris Perdikaris. Understanding and mitigating gradient
flow pathologies in physics-informed neural networks. SIAM Journal on Scientific
Computing, 43(5):A3055–A3081, 2021c. (cited on Page 49)

Sifan Wang, Xinling Yu, and Paris Perdikaris. When and why pinns fail to train: A
neural tangent kernel perspective. Journal of Computational Physics, 449:110768,
2022. (cited on Page 49)

Zhenlin Wang, Xun Huan, and Krishna Garikipati. Variational system identification
of the partial differential equations governing the physics of pattern-formation:
Inference under varying fidelity and noise. Computer Methods in Applied Mechanics
and Engineering, 356:44–74, 2019. (cited on Page 55)



508 Bibliography

E Weinan, Jiequn Han, and Arnulf Jentzen. Deep learning-based numerical methods
for high-dimensional parabolic partial differential equations and backward stochas-
tic differential equations. Communications in Mathematics and Statistics, 5(4):
349–380, 2017. (cited on Page 44)

Sara Weis, Jianhua Cui, Leo Barnes, and David Cheresh. Endothelial barrier
disruption by vegf-mediated src activity potentiates tumor cell extravasation and
metastasis. The Journal of cell biology, 167(2):223–229, 2004. (cited on Page 317)

Julius Weisbach. Lehrbuch der ingenieur-und maschinen. Mechanik, 1:895, 1845.
(cited on Page 176)

Hassler Whitney. The singularities of a smooth n-manifold in (2n-1)-space. Annals
of Mathematics, pages 247–293, 1944. (cited on Page 73)

Karen Willcox and Jaime Peraire. Balanced model reduction via the proper orthogonal
decomposition. AIAA journal, 40(11):2323–2330, 2002. (cited on Page 34)

Christopher K Williams and Carl Edward Rasmussen. Gaussian processes for machine
learning. MIT press Cambridge, MA, 2006. (cited on Page 37)

Gardner Stewart Williams and Allen Hazen. Hydraulic Tables: The Elements of
Gagings and the Friction of Water Flowing in Pipes, Aqueducts, Sewers, Etc. as
Determined by the Hazen and Williams Formula and the Flow of Water Over
Sharp-edged and Irregular Weirs, and the Quantity Discharged, as Determined by
Bazin’s Formula and Experimental Investigations Upon Large Models. J. Wiley &
sons, 1908. (cited on Page 176)

David F Wilson. Quantifying the role of oxygen pressure in tissue function. American
Journal of Physiology-Heart and Circulatory Physiology, 294(1):H11–H13, 2008.
(cited on Page 259)

D Wirtz, N Karajan, and B Haasdonk. Surrogate modeling of multiscale models using
kernel methods. International Journal for Numerical Methods in Engineering, 101
(1):1–28, 2015. (cited on Page 37)

Danli Wu and Patricia Yotnda. Induction and testing of hypoxia in cell culture.
JoVE (Journal of Visualized Experiments), (54):e2899, 2011. (cited on Page 9)

Ling Wu, Nanda Gopala Kilingar, Ludovic Noels, et al. A recurrent neural network-
accelerated multi-scale model for elasto-plastic heterogeneous materials subjected
to random cyclic and non-proportional loading paths. Computer Methods in
Applied Mechanics and Engineering, 369:113234, 2020a. (cited on Page 36 and 37)

Zhe Wu, David Rincon, and Panagiotis D Christofides. Process structure-based recur-
rent neural network modeling for model predictive control of nonlinear processes.
Journal of Process Control, 89:74–84, 2020b. (cited on Page 41)

Heng Xiao, J-L Wu, J-X Wang, Rui Sun, and CJ Roy. Quantifying and reducing
model-form uncertainties in reynolds-averaged navier–stokes simulations: A data-
driven, physics-informed bayesian approach. Journal of Computational Physics,
324:115–136, 2016. (cited on Page 57)



Bibliography 509

SP Xiao and Ted Belytschko. A bridging domain method for coupling continua with
molecular dynamics. Computer methods in applied mechanics and engineering,
193(17):1645–1669, 2004. (cited on Page 25)

Yang Xiao, Dongjoo Kim, Burak Dura, Kerou Zhang, Runchen Yan, Huamin Li,
Edward Han, Joshua Ip, Pan Zou, Jun Liu, et al. Ex vivo dynamics of human
glioblastoma cells in a microvasculature-on-a-chip system correlates with tumor
heterogeneity and subtypes. Advanced Science, 6(8):1801531, 2019. (cited on

Page 285)

Yinjiao Xing, Qiang Miao, K-L Tsui, and Michael Pecht. Prognostics and health
monitoring for lithium-ion battery. In Intelligence and Security Informatics (ISI),
2011 IEEE International Conference on, pages 242–247. IEEE, 2011. (cited on

Page 70)

Dongbin Xiu and George Em Karniadakis. The wiener–askey polynomial chaos for
stochastic differential equations. SIAM journal on scientific computing, 24(2):
619–644, 2002. (cited on Page 49)

Feiyu Xu, Hans Uszkoreit, Yangzhou Du, Wei Fan, Dongyan Zhao, and Jun Zhu.
Explainable ai: A brief survey on history, research areas, approaches and challenges.
In CCF international conference on natural language processing and Chinese
computing, pages 563–574. Springer, 2019. (cited on Page 25 and 146)

Kailai Xu, Daniel Z Huang, and Eric Darve. Learning constitutive relations using
symmetric positive definite neural networks. Journal of Computational Physics,
428:110072, 2021. (cited on Page 41)

X Frank Xu and Xi Chen. Stochastic homogenization of random elastic multi-phase
composites and size quantification of representative volume element. Mechanics of
Materials, 41(2):174–186, 2009. (cited on Page 92)

Ying Xue. An overview of overfitting and its solutions. J. Phys. Conf. Ser, 1168:
022022, 6 2019. (cited on Page 25 and 146)

Neha Yadav, Anupam Yadav, Manoj Kumar, et al. An introduction to neural network
methods for differential equations. Springer, 2015. (cited on Page 47, 152, and 163)

Genki Yagawa and H Okuda. Neural networks in computational mechanics. Archives
of Computational Methods in Engineering, 3(4):435–512, 1996. (cited on Page 36)

Shibo Yan, Xi Zou, Mohammad Ilkhani, and Arthur Jones. An efficient multiscale
surrogate modelling framework for composite materials considering progressive
damage based on artificial neural networks. Composites Part B: Engineering, 194:
108014, 2020. (cited on Page 37)

Liu Yang, Xuhui Meng, and George Em Karniadakis. B-pinns: Bayesian physics-
informed neural networks for forward and inverse pde problems with noisy data.
Journal of Computational Physics, 425:109913, 2021. (cited on Page 49)



510 Bibliography

XIA Yang, Suhaib Zafar, J-X Wang, and Heng Xiao. Predictive large-eddy-simulation
wall modeling via physics-informed neural networks. Physical Review Fluids, 4(3):
034602, 2019. (cited on Page 49)

Yibo Yang and Paris Perdikaris. Adversarial uncertainty quantification in physics-
informed neural networks. Journal of Computational Physics, 394:136–152, 2019.
(cited on Page 49)

Alireza Yazdani, Lu Lu, Maziar Raissi, and George Em Karniadakis. Systems biology
informed deep learning for inferring parameters and hidden dynamics. PLoS
computational biology, 16(11):e1007575, 2020. (cited on Page 49 and 146)

Hee-Gyeong Yi, Young Hun Jeong, Yona Kim, Yeong-Jin Choi, Hyo Eun Moon,
Sung Hye Park, Kyung Shin Kang, Mihyeon Bae, Jinah Jang, Hyewon Youn, et al.
A bioprinted human-glioblastoma-on-a-chip for the identification of patient-specific
responses to chemoradiotherapy. Nature biomedical engineering, 3(7):509–519,
2019. (cited on Page 285)

Hyeon-Joong Yoo. Deep convolution neural networks in computer vision: a review.
IEIE Transactions on Smart Processing & Computing, 4(1):35–43, 2015. (cited on

Page 147)

Bing Yu et al. The deep ritz method: a deep learning-based numerical algorithm
for solving variational problems. arXiv preprint arXiv:1710.00211, 2017. (cited on

Page 48)

Ming Yuan and Yi Lin. Model selection and estimation in regression with grouped
variables. Journal of the Royal Statistical Society: Series B (Statistical Methodol-
ogy), 68(1):49–67, 2006. (cited on Page 46)

Zheng Yuan and Jacob Fish. Toward realization of computational homogenization
in practice. International Journal for Numerical Methods in Engineering, 73(3):
361–380, 2008. (cited on Page 126)

Ma Yunquan and Fu Yun. Manifold learning theory and applications, 2011. (cited on

Page 24)

Eleftherios C Zachmanoglou and Dale W Thoe. Introduction to partial differential
equations with applications. Courier Corporation, 1986. (cited on Page 323 and 324)

Ioannis K Zervantonakis, Shannon K Hughes-Alford, Joseph L Charest, John S
Condeelis, Frank B Gertler, and Roger D Kamm. Three-dimensional microfluidic
model for tumor cell intravasation and endothelial barrier function. Proceedings of
the National Academy of Sciences, 109(34):13515–13520, 2012. (cited on Page 9)

Dongkun Zhang, Ling Guo, and George Em Karniadakis. Learning in modal space:
Solving time-dependent stochastic pdes using physics-informed neural networks.
SIAM Journal on Scientific Computing, 42(2):A639–A665, 2020. (cited on Page 49)

Linan Zhang and Hayden Schaeffer. On the convergence of the sindy algorithm.
Multiscale Modeling & Simulation, 17(3):948–972, 2019. (cited on Page 52)



Bibliography 511

Ning Zhang, Shui-Long Shen, Annan Zhou, and Yin-Fu Jin. Application of lstm
approach for modelling stress–strain behaviour of soil. Applied Soft Computing,
100:106959, 2021. (cited on Page 36)

Hongbo Zhao, Brian D Storey, Richard D Braatz, and Martin Z Bazant. Learning the
physics of pattern formation from images. Physical review letters, 124(6):060201,
2020. (cited on Page 60)

Yinhao Zhu and Nicholas Zabaras. Bayesian deep convolutional encoder–decoder
networks for surrogate modeling and uncertainty quantification. Journal of Com-
putational Physics, 366:415–447, 2018. (cited on Page 36)

Yinhao Zhu, Nicholas Zabaras, Phaedon-Stelios Koutsourelakis, and Paris Perdikaris.
Physics-constrained deep learning for high-dimensional surrogate modeling and
uncertainty quantification without labeled data. Journal of Computational Physics,
394:56–81, 2019. (cited on Page 49)

Olgierd Cecil Zienkiewicz, Robert Leroy Taylor, Perumal Nithiarasu, and JZ Zhu.
The finite element method, volume 3. McGraw-hill London, 1977. (cited on Page 30

and 165)

Markus Zimmermann and Johannes Edler von Hoessle. Computing solution spaces
for robust design. International Journal for Numerical Methods in Engineering, 94
(3):290–307, 2013. (cited on Page 36)

Helene Zirath, Mario Rothbauer, Sarah Spitz, Barbara Bachmann, Christian Jordan,
Bernhard Müller, Josef Ehgartner, Eleni Priglinger, Severin Mühleder, Heinz Redl,
et al. Every breath you take: non-invasive real-time oxygen biosensing in two-and
three-dimensional microfluidic cell models. Frontiers in physiology, 9:815, 2018.
(cited on Page 299)

Tarek I Zohdi and Peter Wriggers. An introduction to computational micromechanics.
Springer Science & Business Media, 2008. (cited on Page 92)

Yajie Zou and Yunlong Zhang. A copula-based approach to accommodate the
dependence among microscopic traffic variables. Transportation Research Part C:
Emerging Technologies, 70:53–68, 2016. (cited on Page 235)





I herewith assure that I wrote the present thesis independently, that the thesis has
not been partially or fully submitted as graded academic work and that I have used
no other means than the ones indicated. I have indicated all parts of the work in
which sources are used according to their wording or to their meaning.

Zaragoza, January 18, 2022



514 Bibliography


