UNIVERSIDAD NACIONAL AUTONOMA DE MEXICO
DOCTORADO EN CIENCIAS BIOMEDICAS

MODELACION DE LA DIFERENCIACION DE
CELULAS T COOPERADORAS

TESIS
QUE PARA OPTAR POR EL GRADO DE:

DocCTOR EN CIENCIAS

PRESENTA:

MARIANA ESTHER MARTINEZ SANCHEZ

TUTOR PRINCIPAL:
DRrA. ELENA ALVAREZ-BUYLLA
INSTITUTO DE EcoLoGia, UNAM

MIEMBROS DEL COMITE TUTOR:
DRA. MARCIA HIRIART
INSTITUTO DE FI1SI0OLOGIA CELULAR, UNAM
Dr. Luis MENDOZA
INSTITUTO DE INVESTIGACIONES BIOMEDICAS, UNAM

CIUDAD DE MEXICO
Mzxico, D.F. ENERO, 2017


Margarita
Texto escrito a máquina

Margarita
Texto escrito a máquina
CIUDAD DE MÉXICO


e e

Universidad Nacional - J ~  Biblioteca Central
Auténoma de México -

Direccion General de Bibliotecas de la UNAM
Swmie 1 Bpg L IR

UNAM - Direccion General de Bibliotecas
Tesis Digitales
Restricciones de uso

DERECHOS RESERVADQOS ©
PROHIBIDA SU REPRODUCCION TOTAL O PARCIAL

Todo el material contenido en esta tesis esta protegido por la Ley Federal
del Derecho de Autor (LFDA) de los Estados Unidos Mexicanos (México).

El uso de imagenes, fragmentos de videos, y demas material que sea
objeto de proteccion de los derechos de autor, serd exclusivamente para
fines educativos e informativos y debera citar la fuente donde la obtuvo
mencionando el autor o autores. Cualquier uso distinto como el lucro,
reproduccion, edicion o modificacion, sera perseguido y sancionado por el
respectivo titular de los Derechos de Autor.



Agradecimientos

Gracias, muchas gracias.



Indice general

|Agradecimientos| 2
[Resumen| 10
[Abstract] 12
Introducciénl 14
|Hipotesis y objetivos| 18
Hipotesis| . . . . . . . o e 18
[Objetivo generall . . . . . . . . L e 18
[Objetivos particulares| . . . . . . . . ..o Lo 18
1. Marco tearicol 20
L1, Bl sistema inmunel . . . . . .. Lo e 20
[L1.1. Inmunidad mnatal . . . . . . . ... 20

I1.1.2. Inmunidad adaptatival . . . . .. ... ... ... ... . L 21

[1.1.3. Hematopoyesis| . . . . . . . . . . e 22

[L.2. Celulas T CDAH . . . . . . oo o e 23
[1.2.1. Tiposdecélulas| . . . .. ... . 25

11.2.2. Regulacion cruzadal. . . . . . . . .. .. 30

[1.2.3. Heterogeneidad| . . . . . . . . . . . . L 31

.24, Plasticidadl . . . . .. ... 33

1.2.5. Procesos inflamatorios e hiperinsulinemia . . . . . ... ... ... ... ... 34

1.3. Redes Booleanas . . . . . . . . . . .. 35
[L3.1. Funciones booleanas| . . . . . . ... ... ... oo oo 36

11.3.2. Espacio de transiciones| . . . . .. ... .. L Lo o 38

[L3.3. Atractoresl. . . . . . . . . 38

[1.3.4. Modelos previos| . . . . . . . . 39




Indice general 4

2. A Minimal Regulatory Network of Extrinsic and Intrinsic Factors Recovers Ob- |
| served Patterns of CD4+4 T Cell Differentiation and Plasticity| 40
I ABstractl . . . . . . .. 41
[2.2. Author Summary| . . . . . . .. Lo 42
23 Tntroductionl. . . . . . . . . . . 42
A Resultd. . . . . . ..o 45
2.4.1. CD4+ T cell regulatory network| . . . . ... ... ... ... ... ...... 45
2.4.2. A core of master transcriptional regulators is not sufficient to explain CD4+ |
[ T cell differentiation| . . . . . . . . . . . L 45
2.4.3. CD4+ T cell differentiation patterns emerge from tfeedback between the trans- |
| criptional regulatory network cytokines and signaling pathways|. . . . . . . . 46
2.4.4. CD4+ T cell differentiation in response to the micro-environment|. . . . . . . 48
2.4.5. CD4+ T cell plasticity in response to the micro-environment| . . . ... . .. 49
2.4.6. Key nodes for CD4+ T transcriptional-signaling regulatory network plasticity] 52
R DISCUSSION -« « v v v e e e e e e 54
26 _Methods . . . . . . . oo 56
[2.6.1.  Logical modeling formalism Boolean networks|. . . . . . . .. ... ... ... 56
2.6.2. Model reductionl . . . .. .. ... oo oo 57
2.6.3. Dynamic analysis|. . . . . . . .. .. ... 57
[2.6.4. Plasticity] . . . . . . . . e 58
BT References . . . . . . oot 60
3. The CD4+ T cell regulatory network mediates inflammatory responses during |
| acute hyperinsulinemia: a simulation study| 64
BI Abstractl. . . . . .. .. 65
B2 _Tntroductionl. . . . . . . . . .. 65
B3 Resultd. . . . o oo oo 67
B.3.1.  CD4+4 T cell regulatory network| . . . . .. ... ... ... ... ..., 67
18.3.2.  Effect of insulin on CD4+ T cell differentiation| . . . . . . . . . .. ... ... 70
3.3.3. Effect of insulin on CD4+ T cell plasticity . . . . . ... ... ... ... ... 71

3.3.4. The role of IL10 on CD4+4 T cell plasticity alterations under normal and
hyperinsulinemic conditions . . . . . . ... ... oL oL oL 74
8.4, Materials and Methodsl. . . . . . . ... oo 76
13.4.1.  Logical modeling formalism Boolean networks|. . . . . . . ... ... ... .. 76
3.4.2. Dynamic analysis|. . . . . . . . . . . e 76
3.4.3. Labeling|. . . . . . . . . 76
B.4.4. Perturbations| . . . . . . .. ... 76



Indice general )

AT Bt Fiho T . TG F feodback Gircuits 15 d . ? |
[_the number and size of attractors of molecular networks| 81
4.1, Abstract . . . . .. e 82
4.2. Introduction . . . . . . . . .. 82
4.3. Methods . . . . . . . L 83
4.3.1. Boolean networks . . . . . .. .. Lo L 83

4.3.2. Pathway-like networks construction . . . . . . . . . ... ... ... ... 85

4.4. Results. . . . o o e 85

4.4.1. Non-hierarchical and non-unidirectional interactions greatly increases the dy-
namical diversity of pathways . . . . . . . . . .. ... ... ... 85
4.4.2. Feedback circuits role in the regulation of the PLNs attractors properties . . 87
4.4.3. The combination of the functionalities of feedback circuits regulates attractors
size and number . . .. ... oL L Lo 89

4.4.4. Combinations of the functionalities of feedback circuits and the analysis of

epistasis . . . ... . e 91

4.4.5. Comprehensive characterization of PLNs . . . . . . . .. .. ... ... ... 91

4.5. Conclusions and discussion . . . . . . . . . ... e 93
4.6. References . . . . . . . . e e 94
[5. BoolNetPerturb: Robustness and Plasticity in Regulatory Networks| 96
b1, Introductionl. . . . . . . . . L 97
b.1.1. Robustness and plasticity in biological systems| . . . . . . . . ... ... ... 97
b.1.2. Regulatory Networks|. . . . . . .. . .. . o 97
[5.1.3. Biological system: Th17/iTreg network{. . . . . . . . ... ... ... .. ... 99
B2, Attractors of the networkl . . . . . . . . . ... 100
BT Tabeld . . . . o oo oo e 101

b.3. Function perturbations|. . . . . . . . . . ... 102
b.3.1. Knock-out and over-expression| . . . . . .. . ..o Lo 102
B.32. Fixed environmentsl . . . . . . . . ... 104
B33, Truth tabld . . . . . . . . . . 105

5.4. Updating perturbations| . . . . . . . . . . . . . .. . .. 108
b.4.1. Synchronous vs asynchronous| . . . . . . . . ... .. ... ... .. ..., 108
b.4.2. Transition tablel. . . . . . . . .. 109

5.5. States and Trajectories|. . . . . . . . .. .. 109
b.6. Conclusionsl . . . . . . . . . L 111
BT _Referencesl . . . . . o o v oo 112
|Discusion y conclusiones 113

(Conclusiones| . . . . . . . oL 118



Indice general 6

|A. Supplementary: A Minimal Regulatory Network of Extrinsic and Intrinsic Fac- |
| tors Recovers Observed Patterns of CD44 T' Cell Differentiation and Plasticity|119

IB. Supplementary: The CD4+ T cell regulatory network mediates inflammatory |

|  responses during acute hyperinsulinemia: a simulation study| 149

|C. Supplementary: The combination of the functionalities of feedback circuits is |

L__determinant for the number and size of attractors of molecular networks| 152

Bibliog 2 164




Indice de figuras

LI _Elsistemainmunel . . . . . . . . . o 0o o 21
[L.2. Maduracion de los linfocitos I . . . . . .. ..o oo 23
[L.3. Activacion de los linfocitos I1 . . . . . . .. .. oL oo 24
I1.4. Linajes de células Th|. . . . . ... ... .. . . 25
|1.5. Regulacion entre tipos celulares| . . . . . . . .. ... oo o oo 32
1.6. Plasticidad en células T CD4+4 . . . . . . . . . . . . . 34
1.7. Inflamacién crénica asociada a obesidad . . . . . . . ... .. ... ... ... .... 35
L8, Redes Booleanasl . . . . . . . . . . . e 37
[2.1.  Difterentiation and plasticity of CD44 T cell types| . . . . . . . . . .. ... ... .. 43
[2.2. Minimal network of master transcriptional regulators CD4+4 T (CD4+ T TRN)|. . . 45
[2.3. CD4+ T cell transcriptional-signaling regulatory network (TSRN)| . . . .. ... .. 47
12.4.  Eftect of the micro-environment on CD4+ T' cell differentiation as determined using |
the TORN modell . . . . . . . . 49

|2.5. Cell tate map in response to the micro-environment and perturbations of the TSRN |
Cmodell - .o 51
12.6. Cell fate map in response to activating or inhibitory signals of the TSRN modell. . . 52
12.7. Role of different network nodes in the plasticity of the TSRN model| . . . . . . . .. 53
12.8. Role of SOCS proteins in the difterentiation and plasticity of the T'SRN model] . . . 54
3.1. Experimental design of simulations . . . . .. ... ... . o000, 68
3.2. CD4+ T cell regulatory network . . . . . . ... ... . oo 69
3.3. Effect of the micro-environment on CD4+ T cell differentiation . . . . . .. .. ... 71
3.4. Cell fate map under different microenvironments . . . . . .. ... .. ... ..... 72

3.5. Transitions between cell types caused by the transient activation of the insulin and

the IL-10nodes . . . . . . . . . L e 74
4.1. Basic concepts and pathway-like networks . . . . . . . . ... ... L. 84
4.2. PLNs properties and relations . . . . . . . . ... oo 86
4.3. PLNs attractors properties regulation by feedback circuits . . . . . . . ... ... .. 87



Indice de figuras 8
4.4. Characterization of the PLNs that produce the epistasis results . . . . . .. ... .. 90
4.5. PLNs characterization . . . . . . . . . . . ... 92
p.1. Boolean regulatory networks|. . . . . . . .. oo oo oo 98
[5.2. Th17/iTreg metwork| . . . . . . . . . . . .. L 99




Indice de cuadros

[1.I. Funciones and y or] . . . . . . . . . L. 38
[1.2. Funcion notl . . . . . . . . . e e e e 38
3.1. Environments of the CD4+ T cell regulatory network . . ... ... ... ... ... 69
4.1. 1-PLNs feedback circuits . . . . . . . . . . . .. e 88
4.2. 2-PLNs feedback circuits . . . . . . . . . . .. e 88
[5.1. Perturbations and their biological equivalent|. . . . . . . . .. ... ... ... .... 111




Resumen

Las células T CD4+ orquestan la respuesta inmune adaptativa en vertebrados. Estas células
son capaces de diferenciarse en distintos tipos celulares dependiendo de las senales de su entorno,
modulando a su vez al resto de la respuesta inmune. Aunque se han llevado a cabo miltiples estudios
tanto experimentales como tedricos para entender los mecanismos moleculares implicados, atin no
es claro como los componentes moleculares intrinsecos (producidos por la misma célula) se integran
de manera dindmica con los componentes extrinsecos (producidos por otras células) para dar origen
a los distintos tipos celulares y su plasticidad fenotipica. En este trabajo proponemos una serie de
redes Booleanas que integran los datos disponibles de regulaciéon molecular tomando en cuenta su
comportamiento dindmico para contribuir al entendimiento integral de la red de regulacion que

subyace la diferenciacién y la plasticidad de las células T CD4+.

En primer lugar, construimos una red de regulacién Booleana conformada por los factores trans-
cripcionales maestros implicados en la diferenciacién de las células T CD4+. Mostramos que en el
modelo estos factores transcripcionales maestros son necesarios, pero no suficientes, para recuperar
los fenotipos de las células T CD4+ descritos experimentalmente. A continuacién, postulamos una
red Booleana regulatoria minima derivada de una red mas amplia basada en datos experimentales.
La red minima integra la regulacién transcripcional, las vias de senalizaciéon y el microambien-
te, definido como las citocinas que rodean a la célula. Este modelo reproduce las configuraciones
de la mayoria de los tipos celulares caracterizados (ThO, Thl, Th2, Th17, Tth, Th9, iTreg, Trl
y Th3). Ademds, el modelo reproduce los subtipos de células T CD4+ inducidos en diferentes
micro-ambientes después de la activacién y recupera muchos de los patrones de plasticidad docu-
mentados para diferentes tipos de células T CD4+. Proponemos una metodologia novedosa para
determinar los nodos clave, mostrando que T-bet, TGFB y supresores de las proteinas de senali-
zacién de citocinas (SOCS) son nodos claves para reproducir de las respuestas celulares observadas

experimentalmente.

También estudiamos cémo el entorno hiperinsulinémico presente en la inflamacién crénica aso-
ciada a la obesidad afecta a las células T CD4+. Es conocido que la insulina influye en la respuesta
inmune a través de su efecto sobre el estado metabdlico de las células, pero también regula la
expresion de citocinas reguladoras como IL-10. Entender como los cambios metabdlicos afectan a

los linfocitos T CD4+ puede ayudar a establecer marcos terapéuticos para controlar la inflamacién

10



Resumen 11

crénica asociada al sindrome metabdlico. En presencia de altos niveles de insulina, poblaciones
post-inflamatorias como Thl y Th17 se vuelven mads resistentes a perturbaciones transitorias y su
tamano de cuenca aumenta, las células reguladoras Trl se vuelven menos estables o desaparecen,
mientras que las células productoras de TGFfno son alteradas. Nuestras simulaciones muestran
que en ambientes pro-Thl, pro-Th2 y pro-Th17 pueden coexistir células efectoras y reguladoras,
pero que altos niveles de insulina afectan severamente a las células reguladoras, especialmente en
un entorno pro-Thl7. Por lo tanto, el modelo proporciona una explicacién dindmica y sistémica
para el papel bivalente de TGF fBen la inflamacién como en la regulacién de la respuesta inmune y
en la aparicién del fenotipo Treg adiposo.

Las multiples retroalimentaciones entre los factores transcripcionales, vias de senalizacion y el
medio ambiente tienen un papel importante en la diferenciacién y plasticidad de las células T CD4+.
Este patron de vias altamente interconectadas puede observarse en otros modelos bioldgicos. Para
determinar la relacién entre la estructura topolégica de las interacciones, las funciones que describen
su comportamiento dindamico, las funciones y los estados estables o atractores a los cuales converge
el sistema, estudiamos sisteméaticamente el papel de las combinaciones de circuitos funcionales en
pequenas redes booleanas. Mostramos que las combinaciones de estos circuitos funcionales regulan
tanto el nimero como el tamano de los atractores. Este andlisis permite caracterizar las estructuras
reguladoras y su papel en la dindmica del sistema.

Los tipos de células T CD4+ observados y los patrones de transicién entre ellos emergen de la
retroalimentacion entre el nicleo regulador intracelular y el microambiente. La induccién de fenoti-
pos estables y la plasticidad de las células T CD4+ se puede estudiar usando el marco metodolégico
propuesto aqui. Este enfoque se puede extender para otros sistemas biolégicos plésticos. Las herra-
mientas desarrolladas aqui estan disponibles para el publico. Este trabajo proporciona un marco
formal, dindmico y sistémico para integrar datos experimentales en el estudio de enfermedades

inflamatorias complejas.



Abstract

CD4+ T cells orchestrate the adaptive immune response in vertebrates. While both experi-
mental and modeling work has been conducted to understand the molecular genetic mechanisms
involved in CD4+ T cell responses and fate attainment, the dynamic role of intrinsic (produced
by CD4+ T lymphocytes) versus extrinsic (produced by other cells) components remains unclear.
Furthermore, the mechanistic and dynamic understanding of the plastic responses of these cells

remains incomplete.

We first show that the regulatory core composed of master transcription factors is not sufficient
to recover common CD4+ T phenotypes. We thus postulate a minimal Boolean regulatory net-
work model derived from a larger and more comprehensive network that is based on experimental
data. The minimal network integrates transcriptional regulation, signaling pathways and the micro-
environment. This network model recovers reported configurations of most of the characterized cell
types (ThO, Thl, Th2, Th17, Tth, Th9, iTreg,Trl, and Th3). Additionally, this model recovers
many of the plasticity patterns documented for different T CD4+ cell types, as summarized in a

cell-fate map.

We tested the effects of various micro-environments and transient perturbations on such transitions
among CD4+ T cell types. We propose a novel methodology to determine key nodes, showing that
the nodes T-bet, TGF fand suppressors of cytokine signaling proteins (SOCS) are key to recovering
observed CD4+ T cell plastic responses.

We also study how the hyperinsulinemic environment present in obesity associated chronic
inflamation affects CD4+ T cell attainment. In the presence of high levels of insulin Th1 and Th17
become more stable to transient perturbations and their basin sizes are augmented, Tr1 cells become
less stable or disappear, while TGFfSproducing cells remain unaltered. Our simulations show that
in pro-Thl, pro-Th2 and pro-Thl7 environments effector and regulatory cells can coexist, but
that high levels of insulin severely affect regulatory cells, specially in a pro-Thl7 environment.
Hence, the model provides a dynamic system-level explanation for the bivalent role of TGFfin
both inflammation and regulation of immune responses and the emergence of the adipose Treg

phenotype.

The multiple feedback loops between transcription factors, signaling pathways and the envi-

ronment has an important role in CD4+ T cell attainment. This pattern of highly interconected

12
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pathways can be observed in other biological models. To determine the relationship between topo-
logy, functions and attractors, we systematically study the role of the combinations of functionalites
in small Boolean networks. We show that the combinations of functionalities regulate both the num-
ber and size of the attractors. This analysis lets us characterize the regulatory structures and their
role in the dynamics of the system.

The observed CD4+ T cell-types and transition patterns emerge from the feedback between
the intrinsic or intracellular regulatory core and the micro-environment. CD4+ T cell stability and
plasticity can be studied using the methodological framework proposed here. This approach can be
used for other plastic systems, an the tools developed here are available to the public. This work
provides a system-level formal and dynamic framework to integrate further experimental data in

the study of complex inflammatory diseases.



Introduccion

Los organismos viven en un entorno cambiante. En algunos casos, los organismos deben ignorar
estos cambios y mantener un fenotipo estable, mientras que en otros deben reaccionar cambiando
su fenotipo. Distinguir entre estas dos situaciones no es trivial, ya que los seres vivos requieren
considerar su estado interno y las senales ambientales que los rodean. Esto significa que para
sobrevivir los organismos requieren fenotipos que sean a la vez estables y plasticos. Como los
mecanismos de regulaciéon molecular les permiten a los seres vivos tener fenotipos robustos es una

pregunta abierta.

El sistema inmune ejemplifica cémo los organismos requieren al mismo tiempo estabilidad y
plasticidad. El sistema inmunitario defiende al organismo contra una amplia gama de patogenos y
desafios inmunes. Para controlar completamente un patégeno, el sistema inmunolégico debe man-
tener una respuesta hasta que el patégeno ha sido eliminado, si esto falla se pueden desarrollar
infecciones crénicas. Sin embargo, conforme la infeccién y la respuesta inmune progresan las cir-
cunstancias cambian, de tal forma que el sistema inmune debe adecuarse a ellas. Una vez superado
el desafio inmune, el sistema inmune se autoregula para evitar enfermedades autoinmunes. De esta
manera, para mantener la homeostasis es necesaria una respuesta estable que elimine a los patégenos

y suficiente plasticidad para adaptarse a los cambiantes desafios inmunolégicos [1].

Las células T CD4+ son parte de la respuesta inmune de adaptaciéon y ayudan a coordinar
las diferentes partes de la respuesta inmune. Cada tipo de célula activa o inhibe diferentes ramas
de la respuesta inmune [2]. Las células T CD4+ se diferencian en respuesta a las citocinas en su
microambiente, las cuales pueden ser producidas por la misma célula (intrinseca) o por otras células
del organismo (extrinsecas). Las citocinas se unen a receptores de membrana y activan cascadas
de senalizacién que terminan con la translocacién de factores de transcripcién al niicleo [3]. Hay
regulacién entre las vias a través de proteinas SOCS, que compiten con factores de transcripcién
como STAT para el sitio de fosforilacién en el receptor [4, Bl 6l [7]. Una vez que la senal ha llegado al
nucleo, los factores de transcripcion pueden activar o inhibir otros factores de transcripcion y cito-
cinas, configurando la diferenciacién en los diferentes subconjuntos [8] [9] [10]. Este control genético
también estd influenciado por otros factores como las marcas epigenéticas y el metabolismo [8] [T1].

Las citocinas producidas por la célula son secretadas en el entorno, donde se unen a las citocinas

14



Introduccion 15

producidas por otras células del sistema inmune y del organismo. Las senales en el microambiente
son fundamentales para la determinacién y mantenimiento del destino celular [12] 13| 14 [I5].

Las células T CD4+ tienen un perfil transcripcional heterogéneo y pueden trans-diferenciarse
en respuesta a los cambios en el microambiente [I6] 17, [I8, 19]. También hay una considerable
superposicién entre los perfiles de expresién de diferentes células T CD4+4. Existen informes de
células hibridas Treg/Th17, Treg/Thl e incluso Th1/Th2 [20] 21| 22]. La citocina reguladora IL-10
puede ser secretada por células Thl, Th2, Th17, iTreg y una variedad de otras células inmunitarias
[23, 24].

Una vez diferenciadas, las células T CD4+ pueden cambiar dindmicamente su patrén de expre-
sién conforme los retos inmunolégicos y las senales del entorno cambian. Estas transiciones plasticas
entre tipos celulares se han asociado con el mantenimiento de la homeostasis y con algunas enfer-
medades. Por ejemplo, la transicién de Treg a Th17 se ha asociado con respuesta antitumoral, pero
también con esclerosis miltiple y psoriasis [25]. Al mismo tiempo, existen restricciones a esta plas-
ticidad, algunas transiciones son més comunes como la transicién Treg/Th17, mientras que otras
parecen ser poco comunes como la transiciéon Thl/Th2 [25] [I8] [19].

Las células T CD4+ tienen patrones de expresion altamente heterogéneos ademads de plastici-
dad fenotipica [16, 17, I8 19]. Es por esto que una pregunta importante es si los tipos celulares
observados experimentalmente -y sus transiciones asociadas- son linajes o subtipos [19]. El término
linaje implica compromiso con un patrén de expresion y estabilidad fenotipica ante alteraciones
ambientales. Por otro lado, el término subconjunto implica que, aunque la célula tiene un patrén
de expresion especificado, depende de sefiales extrinsecas para mantenerlo [19]. Determinar si los
tipos de células CD4+ son subtipos, linajes o algo intermedio requiere un enfoque sistémico que
estudie el comportamiento dindmico de cada tipo celular en relacién con otros tipos celulares y el
microambiente.

Las células T CD4+ también interactuan con el resto del organismo, en particular, el metabo-
lismo regula fuertemente a las células T CD4+ [I1]. La inflamacién crénica asociada a la obesidad
(ICAO) se caracteriza por la retroalimentacién entre la respuesta inflamatoria del sistema inmune
y el metabolismo que se ve alterado en la obesidad. En la ICAO hay un aumento en las células
Thl y Thl7 inflamatorias, y una disminucién en la produccién de Tregs e IL10 [26], 27, 28]. La
hiperinsulinemia, que estd asociada con la obesidad y el sindrome metabdlico, inhibe la IL-10 y
disminuye el numero y la estabilidad de las células Treg[29]. Comprender cémo la insulina afecta
la regulacion de las células T CD4+ nos ayuda a entender la relacién entre la respuesta inmune y
el metabolismo.

Definir el fenotipo de las células T CD4+ no es trivial, ya que hay que tener en cuenta los
perfiles transcripcionales heterogéneos, la respuesta dindmica al medio ambiente, las transiciones
plasticas entre los tipos celulares y su relacién con el resto del organismo. Este comportamiento
celular dindmico de las células T CD4+ es el resultado de una compleja red reguladora de factores
de transcripcién, vias de senalizacion, citocinas extracelulares. Entender como esta red reguladora

subyace en el logro del destino de las células y permite que las células T CD4+ mantengan su
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funcién frente a un entorno cambiante puede ayudarnos a entender no sélo la respuesta inmune,
sino como los seres vivos logran robustez.

Entender el comportamiento de las células CD4+ requiere una estrategia de modelado que inte-
gre la informacién de la regulacién del sistema para dar una explicacién mecanica de los comporta-
mientos celulares observados. Para ello, es necesario un modelo que sea capaz de incluir multiples
tipos de moléculas y captar las interacciones clave, tomando en cuenta que la respuesta inmune
es dindmica y fuertemente influenciada por el entorno. El modelo resultante debe ser capaz de
recuperar los patrones de diferenciacion observados, la plasticidad y la robustez del sistema, ser

comprensible y hacer predicciones que pueden ser validadas experimentalmente.

La herramienta de modelacién maés sencilla que satisface estos requisitos son las redes booleanas
[30]. Las redes booleanas integran la informacién disponible de la regulacién molecular para predecir
fenémenos de nivel celular utilizando un formalismo matematico de funciones booleanas. Estas redes
consisten en nodos -que representan genes, proteinas y otros procesos bioldgicos- e interacciones -que
representan las interacciones reguladoras entre los nodos-. Como las redes booleanas son dindmicas,
es posible construir funciones que describan el estado de los nodos dependiendo del estado de sus
reguladores a través del tiempo. El valor del nodo representa si el gen o proteina esta activo o
inactivo funcionalmente en el sistema bioldgico. El efecto del entorno se puede incluir en estos
modelos como nodos de entrada. Las funciones boolenas se evalian para obtener los atractores
de la red, que representan tipos celulares o procesos biolégicos como el ciclo celular [3T], [32], 33].
Ademas, las redes booleanas nos permiten simular multiples tipos de perturbaciones, lo que las hace
ideales para estudiar el destino celular [34] [35]. Las redes booleanas se han utilizado ampliamente

para estudiar cémo los fenotipos celulares emergen a partir de la regulacién molecular[30)].

La complejidad del sistema y el nimero de moléculas implicadas en la respuesta inmune es
suficientemente grande para que el andlisis de todas las moléculas implicadas no sea trivial. Una
pregunta que surge de este problema es determinar cuéles de estos niveles regulatorios y moléculas
son necesarios y suficientes para modelar el fenotipo. Un nodo es necesario si es imposible explicar el
fenotipo sin él. Al mismo tiempo, que una molécula sea necesaria no significa que sea suficiente, ya
que puede requerir la colaboracién de otras moléculas [311 32]. Determinar el conjunto de moléculas
que son necesarias y suficientes para recuperar los fenotipos esperados nos ayuda a determinar si
nuestro conocimiento es suficiente para entender el sistema y ademds de que nos permite obtener

un modelo capaz de hacer predicciones globales del comportamiento del sistema.

La determinacién del destino celular de los linfocitos T CD4+ requiere multiples niveles de
regulacién y las interacciones entre ellos. Las asas de retroalimentacién y los circuitos funcionales
son fundamentales en la conformacién del comportamiento dindmico del sistema [36, B7]. Un asa
de retroalimentacién es un conjunto de interacciones dirigidas que forman una trayectoria cerrada,
y pueden ser positivas o negativas, dependiendo de los signos de sus interacciones [38| [39]. Estas
asas de retroalimentacién se encuentran en la auto-induccién de los factores de transcripcién, la
inhibicién mutua entre los factores de transcripcion, los circuitos de retroalimentacion positiva entre

los factores de transcripcién y citocinas o en la inhibicién entre las vias de senializacién [36} [37) [30].
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Comprender la estructura de estas estructuras y su funcién en la dindmica del sistema es importante
para entender como las redes reguladoras biolégicas mantienen la estabilidad -y la plasticidad- de
las células T CD4+.

Para entender la robustez del sistema inmunoldgico es necesario estudiar tanto la estabilidad
como la plasticidad de las células T CD4+ en un contexto global. La robustez es la capacidad de
un organismo de mantener su funcién bioldgica en respuesta a las perturbaciones. Un sistema es
estable si regresa a un estado dado después de una perturbacién, y plastico si transita a uno nuevo.
Tanto la estabilidad como la plasticidad son necesarias para mantener la homeostasis. Sin embargo,
para estudiar la robustez es necesario determinar qué funcién del sistema es robusta a qué tipo de
perturbaciones [40]. Ademds, es importante desarrollar métodos para cuantificar esta robustez y
determinar los componentes clave del sistema.

Las células T CD4+ estén sujetas a un entorno cambiante, y su regulacion interna puede verse
afectada por el ruido durante el desarrollo, las mutaciones y otras perturbaciones que alteran
la regulacién molecular [4I]. Los modelos booleanos nos permiten estudiar la robustez, estudiar el
efecto de pérdida y ganancia de funcién, los cambios en el microambiente y verificar nuestro modelo
usando los diversos tipos de informacion biolégica disponible. Estos modelos también pueden usarse
para estudiar el efecto de las perturbaciones transitorias en los componentes intrinsecos de la red
y las entradas del sistema. Los modelos booleanos nos permiten comprobar si hay sobreajuste, el
posible efecto de errores en la construcciéon de las funciones, y predecir las interacciones faltantes
[42].
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Hipétesis

La diferenciacién y la plasticidad de las células T CD4+ cooperadoras emerge de una red de

regulacién molecular que incluye factores transcripcionales, vias de senalizacion y citocinas.

Objetivo general

Generar un modelo de redes Booleanas que sea capaz de recuperar tanto los tipos celulares como

el comportamiento dindmico de las células T CD4+ cooperadoras.

Objetivos particulares

Las células T CD4 + tienen un papel critico en el organismo, integrando las senales del en-
torno para coordinar la respuesta inmune. Estas células han sido ampliamente estudiadas por los
inmundlogos, tanto a nivel molecular como celular, sin embargo, ain no entendemos como los com-
portamientos a nivel célular emergen de la regulacién molecular. Hoy en dia es posible utilizar las
herramientas de modelado desarrolladas por matemaéticos e informdticos para integrar la informa-
cién disponible. Utilizando un enfoque sistémico dindmico podemos comenzar a resolver algunas de
las preguntas abiertas que rodean el logro de destino de células T CD4 +.

Primero, el articulo . Minimal Regulatory Network of Extrinsic and Intrinsic Factors Recovers
Observed Patterns of CD4+ T Cell Differentiation and Plasticityiitilizamos un enfoque interdisci-
plinario para estudiar la diferenciacion y la plasticidad de las células T CD4 +. En primer ligar
determinamos los elementos que debe contener la red de reglacién minima. Utilizando esta red
determinamos que tipos célulares se pueden recuperar y su robustez ante cambios en el entorno y

perturbaciones transitorias. En este primer articulo abordamos las siguientes preguntas:
= ;Coémo surge la plasticidad y la estabilidad a partir de la red de regulacion?

= ; Qué niveles reguladores -factores transcripcionales, vias de senalizacién, citocinas- son nece-

sarios y suficientes para recuperar el comportamiento de las células T CD4 +7

18
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= ;Cual es el papel del ambiente en el comportamiento de las células T CD4 +7?

= ;Los tipos de células T CD4 + reportados son subtipos o linajes?

Segundo, el articulo "The CD44 T cell regulatory network mediates inflammatory responses
during acute hyperinsulinemia: a simulation study.®studiamos la relacién entre las células T CD4
+ y el metabolismo, centrandonos en el papel de la hiperinsulinemia y sus implicaciones para la
ICAO. Este articulo presenta una primer intento de una aproximacion para integrar diferentes
sistemas bioldgicos para estudiar las enfermedades complejas. En este segundo articulo abordamos

las siguientes preguntas:
= ;Cémo podemos modelar la relacién de las células T CD4 + con el resto del metabolismo?

= ;Coémo altera la hiperinsulinemia la red reguladora de células T CD4 + para generar los tipos

celulares observados en ICAO?

Los enfoques interdisciplinarios no sélo enriquecen la biologia, sino que también mejoran las
herramientass de modelacién y nos dan una idea de las propiedades de los sistemas dindamicos.
Comprender las propiedades de las herramientas de modelacién nos ayuda a entender las ventajas y
limitaciones de los modelos, motivando el desarrollo de nuevas herramientas e ideas tanto biolégicas
como matematicas.

Tercero, el articulo " The combination of the functionalities of feedback circuits is determinant
for the number and size of attractors of molecular networks.®tudia la relacién entre la topologia y las
funciones de las redes booleanas. Este articulo utiliza la comprobacién de modelos para determinar
cuales son los factores que determinan la dindmica de una red. En este tercer articulo abordamos

la pregunta:
= ;Cudl es la relacién entre la topologia, las funciones y los atractores de una red Booleana?
» ;Cudl es el papel de las asas de retroalimentacion y los circuitos funcionales en el sistema?

Cuarto, el tutorial para el paquete R ”BoolNetPerturb: Robustness and Plasticity in Regula-
tory Networks”. BoolNetPerturb extiende el paquete de R BoolNet para permitir la simulacién
sistematica de las perturbaciones en las redes booleanas. Esta herramienta estd disponible publi-
camente en github bajo una licencia Creative Commons. En esta cuarta seccién abordamos las

siguientes preguntas:

= ; Qué perturbaciones pueden ser modelar utilizando redes booleanas?
= ;A que procesos bioldgicos corresponden estas perturbaciones?

= ;Cémo medir la robustez y determinar los nodos clave de un sistema?

Esperamos que un enfoque a nivel de sistema que integre los diferentes niveles de regulacion
y tenga en cuenta la heterogeneidad de los tipos celulares y su comportamiento dindmico puede
ayudar a entender el rico comportamiento de las células T CD4 + y la robustez de la respuesta

inmune.
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Marco teorico

1.1. El sistema inmune

El sistema inmune es el encargado de proteger al organismo de infecciones y mantener la homeos-
tasis del cuerpo. Existe una gran variedad de patdgenos que pueden afectarnos: virus, bacterias,
hongos, helmintos; ademas existen retos generados por el mismo organismo, como las células can-
cerosas o las enfermedades autoinmunes causadas por la desregulacién del mismo sistema inmune
[43].

En primer lugar, el sistema inmune reconoce al patégeno y es necesario detectar con absoluta
especificidad a los patGgenos y distinguirlos de las células normales del organismo [43]. Una vez que
el patégeno ha sido reconocido, el sistema inmune monta una respuesta que permita eliminarlo o
neutralizarlo, si el sistema inmune fracasa en montar la respuesta necesaria por el tiempo adecuado
es incapaz de controlar al patégeno, llevando a infecciones crénicas [43]. Una vez que el sistema
inmune ha controlado al patégeno la respuesta inmune debe de ser controlada para evitar que
dane al mismo organismo, por lo que existen mecanismos de regulacién de la respuesta inmune que
ayudan a recuperar la homeostasis del organismo [43].

A lo largo del tiempo han evolucionado miltiples mecanismos celulares y moleculares para llevar
a cabo estas funciones. Estos mecanismos se dividen en dos tipos principales: innatos y adaptativos
[Fig: , cuya diferencia principal reside en las estructuras de reconocimiento de los patégenos y
su tiempo de accién [43]. Ademds, en afios recientes se ha encontrado una gran riqueza de células

reguladoras que controlan a la misma respuesta inmune [43] [44], [45].

1.1.1. Inmunidad innata

El sistema inmune innato o no especifico se refiere a los mecanismos béasicos de resistencia de un
organismo. En lugar de reconocer especificamente al patégeno, la respuesta inmune innata reconoce

patrones moleculares altamente conservados comunes a un grupo o familia entera de patdgenos.

20



Capitulo 1. Marco tedrico 21

Mecanismos de defensa contra infecciones
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Figura 1.1: El sistema inmune consta de la inmunidad innata y la adaptativa. La inmunidad innata
reconoce patrones conservados y actia rapidamente. Mientras tanto, la inmunidad adaptativa es
especifica y puede tardar dias en montar una respuesta. (tomada de [46])
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Estos mecanismos conforman la respuesta inmediata a los patégenos y se mantienen a lo largo de
toda la reaccién inmunitaria [43].

Existen cuatro tipos de barreras: anatémicas, fisiologicas, endociticas y fagociticas e inflamato-
rias [43].

= Las barreras anatémicas impiden fisicamente la entrada de patégenos al organismo. Estas

incluyen la piel y las membranas mucosas.

= Las barreras fisiologicas incluyen temperatura, pH, oxigeno y otros factores solubles. Estas

actian generando ambientes poco favorables para el patégeno.

= Las barreras endociticas y fagociticas internalizan y degradan macromoléculas extracelulares
dentro de compartimientos especificos de la célula. La mayoria de las células son capaces de

endocitosis; los monocitos, neutréfilos y macréfagos se especializan en la fagocitosis.

= Las respuestas inflamatorias incrementan el flujo sanguineo, la permeabilidad capilar y la

cantidad de células fagociticas y proteinas de fase aguda.

1.1.2. Inmunidad adaptativa

La inmunidad adaptativa o especifica se caracteriza por tener especificidad, diversidad, memoria
y reconocimiento de lo propio y ajeno. La especificidad puede reconocer y responder a una amplia
gama de moléculas blanco de manera individual. Su diversidad le permite reaccionar a distintos

antigenos. La memoria puede alterar las respuestas a partir de experiencias previas, montando una
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respuesta mas rapidamente. Finalmente el reconocimiento de lo propio y ajeno le permite diferenciar
lo propio de lo ajeno[43].

La respuesta inmune adaptativa no es inmediata, ya que requiere tiempo para reconocer los
retos inmunoldgicos y montar una respuesta. La respuesta innata desencadena las primeras senales
que activan a la inmunidad adaptativa, la cual regula y dirige factores especificos de la inmunidad
innata aumentado su eficiencia. La activacién de la respuesta inmune adaptativa depende de la

interaccién entre las células presentadoras de antigeno (APC) y los linfocitos[43].

1.1.3. Hematopoyesis

La hematopoyesis es el proceso de produccion de células como eritrocitos, neutroéfilos, monocitos,
linfocitos, entre otras, las cuales se encuentran presentes en la sangre y otros tejidos del organismo.
La diferenciacién de las células hematopoyéticas empieza por la célula madre hematopoyética mul-
tipotente, la cual puede dar origen a dos linajes, el mieloide y el linfoide. El linaje mieloide incluye
a los megacariocitos, eritrocitos neutréfilos, monocitos, macréfagos, células dendriticas entre otras.
El linaje linfoide incluye a células NK, B y T entre otras[47, 48], [49].

Las primeras células linfoides de un embrién humano aparecen en el tejido hematopoyético,
aproximadamente a los dos meses de vida intrauterina. Las células B y T se generan a partir de
un subgrupo de células totipotenciales de la médula ésea que expresan Notch. Notch-1 induce al
progenitor timico temprano (ETP), a partir del cual derivardn los linfocitos T. En ausencia de
Notchl se induce al progenitor linfoide temprano (ELP), derivdndose los linfocitos B [50].

Una vez en el timo, ETP inicia el rearreglo y la expresion de los genes 3, v y d del receptor de
células T (TCR). En este momento los linfocitos inmaduros no expresan a CD4 ni a CD8, por lo
que se les llama linfocitos pro-T o T CD4-CD8-. Una minoria de estas células expresa los receptores
9 y se diferencia en linfocitos T +4d. El resto de los linfocitos expresan las cadenas o5 del TCR y
se diferencian en linfocitos pre-T o en células doblemente positivas CD4+CD8+[43].

A continuacion los linfocitos CD44-CD8+ pasan por la seleccion positiva, que consiste en unirse
con baja afinidad a los péptidos presentados por el MHC. Los linfocitos con afinidad al MHC T se
diferenciaran en células T citotoxicas o CD4-CD8+. Los linfocitos con afinidad por el MHC II se
diferenciaran en células T cooperadoras o CD4+CDS8-. Posteriormente los linfocitos pasan por la
seleccidn negativa, donde las células que reconocen con alta avidez o afinidad los péptidos propios
son eliminadas, asegurdndose asi la destruccién de células potencialmente reactivas[43]. Algunas
de las células que reconocen antigenos propios se diferencian en nTreg. Las células nTreg expresan
tanto CD4 como Foxp3, son células reguladoras que inhiben la respuesta inmune favoreciendo la
tolerancia a antigenos propio[5l], [52].

Las células Taf con un solo marcador CD4+4 o CD8+ salen a los tejidos linfoides periféricos
donde podrén ser activadas, proliferar y diferenciarse[43] [Fig: [L.2].

Una vez que las células T CD4+ han madurado, migran al sistema linfatico y circulatorio
como células virgenes ThO, donde son expuestas a diversos antigenos[Fig: . La mayoria de los

antigenos son transportados al sistema linfatico donde son procesados por las APCs, que expresan
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Figura 1.2: Maduracién y seleccion de los linfocitos T. Los linfocitos T maduran en el timo, donde
pasan por la seleccién negativa y positiva. (tomada de [53])

los antigenos junto con el MHC IT en membrana. La alta variabilidad sus receptores hace que pocos
sean especificos para cada patégeno. Una vez activados, los linfocitos proliferan para incrementar su
poblacion. Este periodo de proliferaciéon requiere al menos una semana para desarrollarse, durante
la cual el control de la infeccién por los mecanismos innatos es esencial para la supervivencia del
individuo. El reconocimiento del MHC por el TCR activa la expresiéon de factores transcripcionales
como NFAT y NF-xB, que son vitales en la activacién y proliferaciéon de las células T CD4+[43]. Una
vez activados los linfocitos se multiplican clonalmente, diferenciandose en distintos tipos celulares
dependiendo de la senalizacién del TCR y las citocinas presentes en el ambiente determinan la
diferenciacion de la célula T CD4+. Las células efectoras llevan a cabo la respuesta inmune contra
el patogeno y regulan a otras células del sistema inmune. Estas células tienen una vida corta, ya que
una respuesta inmune excesiva puede danar al organismo. Las células de memoria se replican menos,
viven largo tiempo y sirven para incrementar la velocidad e intensidad de la respuesta inmune si se

vuelve a encontrar al mismo patégeno[43].

1.2. Células T CD4-+

Las células T CD4+ tienen un papel fundamental en el sistema inmune. Estas células censan la

informacién en su micro-entorno, se diferencian en distintos tipos celulares y regulan a las distintas
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Figura 1.3: Activacién de los linfocitos T. Los linfocitos T CD44 maduros son activados al reconocer
el antigeno presentado por CPA. Una vez activados se expanden clonalmente y diferencian en
distintos tipos celulares, cada uno asociado con diferentes funciones. (tomada de [54])

ramas del sistema inmune. Las células T CD4+ que salen del timo al resto del organismo se conocen
como células virgenes o Th0, ya que atin no han conocido antigeno. Una vez activadas, empieza
una cadena de senales moleculares y cambios en la expresion de factores de transcripcién que lleva
a la diferenciacién en distintos tipos celulares[43] [Fig: .

Originalmente, estas células se clasificaron en dos grandes grupos a partir de su patrén particular
de produccién de citocinas y de funciones: los linfocitos Thl encargados de la respuesta celular y los
linfocitos Th2, encargados de la respuesta humoral[55]. En 2006 se definieron los linfocitos Th17,
asociadas con respuestas inflamatorias y anti-tumoral[56]. Pronto, se empezaron a describir mas
y mas tipos celulares como Th9 asociadas con respuesta a gusanos parasiticos[57, B8] [59] 60], los
linfocitos Th22 asociadas con la respuesta inmune en la piel[61}, 62}, [63], y los linfocitos Tth asociadas

con la formacién de centros germinales y maduracién de linfocitos B[64, [65], 66, [67, [68].

Las células T CD4+ no solo estan implicadas en la defensa contra patégenos, también se han
asociado con la regulacion de la respuesta inmune, siendo fundamentales para mantener la tolerancia
y la homeostasis del organismo. Originalmente, células con esta funcién se reportaron en los 70’s,
pero dificultades experimentales hicieron que se creyera que eran un error[45] [69]. Sin embargo,
en 1995 se definieron a las células reguladoras Treg como encargadas de controlar las respuestas
autoinmunes[70]. Actualmente se han reportado células Trl Foxp3-IL10+ asociadas con y células
Th3 Fox3-TGF S+ asociadas con a la regulacién de la inflamacién y la tolerancia oral [71] [72), 22] [73].
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Figura 1.4: Las células ThO pueden diferenciarse en distintos tipos celulares como: Thl, Th2, Th17,
Th9, Th22, Tth, Treg, Th3, Trl. Cada linaje es inducido por citocinas especificas en el entorno y
expresa un patrén de factores transcripcionales y citocinas particular.

1.2.1. Tipos de células
Tho

Las células ThO o virgenes son células Th CD4+ a las que aiin no se les ha presentado un péptido
y por lo tanto no han sido activadas ni se han diferenciado. La cantidad y calidad de células ThO

se ven alteradas en sindromes como el VIH y CVID (Common Variable Immunodeficiency) [74].

Las células ThO expresan una amplia gama de citocinas. Para la mayoria de los ensayos in vitro
se supone que las células ThO no producen citocinas caracteristicas como IL-4, IFN~, 1L-17, IL-10
y TGFf. Sin embargo, se han reportado células ThO que expresan combinaciones de IFN~, IL-4,
IL-5, IL-6, 1L-10, IL-17 y GM-CSF [75] las cuales se relacionan generalmente con células Thl, Th2,
Th17 y Treg.

Este patron de expresion de citocinas podria deberse a la regulacion de las proteinas SOCS. En
linfocitos ThO la expresiéon de SOCS3 disminuye, mientras que la expresién de SOCS1 y SOCS2
aumenta. Esto sugiere que la regulacion de las proteinas SOCS es diferente entre los linfocitos ThO

y los linfocitos activos, llevando a diferentes patrones de represién de citocinas [76].
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Las células ThO expresan una serie de moléculas de membrana como CD45RA y CD62L. Tam-
bién carecen de marcadores de activacion como CD25, CD44, CD62L y CD69. IL-7 y su transductor
STATS5 es necesario para la supervivencia de las células ThO, IL-2 favorece la diferenciacién hacia

células efectoras e IL-15 hacia células de memoria [77].

Thl

Las células Thl median las respuestas contra patégenos intracelulares como Mycobacteria, favo-
recen la proliferacién de células Tc, el reclutamiento de macréfagos y el incremento en su actividad
microbicida. Ademas, estd asociado con una serie de enfermedades autoinmunes como la hipersen-
sibilidad tipo 4, esclerosis multiple y artritis reumatoide.

Los principales productos de las células Thl son IFN~, linfotoxina a (LT«) e IL-2. IFN~y fo-
menta la activacion de macréfagos. LT« esta relacionada con respuestas inflamatorias, antivirales
y autoinmunes como la progresion de la esclerosis miultiple. IL-2 es importante en la maduracién
de células de memoria CD4 y CDS8, ademds de la diferenciacion de las células Th2.

T-bet es el regulador maestro de las células Thl, fomentando la expresién de IFN~ y LTa. T-bet
puede ser activado por NFAT y NF-xB junto con STAT1, transductor de IFN+ o por si mismo [78],
formando un ciclo de autoinduccién. IFN~ es fomentado por T-bet y en menor medida por Eomes.
STAT4, el transductor de IL-12 sinergiza con la senal de IL-18 para producir IFN+v. T-bet es un
remodelador de la cromatina de IFN+ y se necesita de la senalizacién del TCR para que IFN~
sea expresado [78]. Las células Thl sobreregulan IL-12R/32 en respuesta a la activacién del TCR
y de IFN~. (La cadena IL-12RS1 es expresada constitutivamente por las células Th). IL-18Ra es
también sobreexpresada en la diferenciacién de células Thl. I1-18 e I1.-12 sinergizan para expresar

IFN~, lo cual podria explicar la sobreregulaciéon de sus receptores.

Th2

Las células Th2 median las respuestas contra patdgenos extracelulares como helmintos. Favore-
cen la proliferacion de células B y el cambio de isotipo a IgE. El tipo estd asociado con una serie
de enfermedades autoinmunes como la hipersensibilidad tipo 1 o alergia mediada por anticuerpos
y el asma.

El principal producto de las células Th2 es IL-4, aunque también producen IL-5, IL-9, IL-13,
IL-25 y anfiregulina. I1.-4 favorece el cambio de isotipo a IgE y la diferenciaciéon en Th2. IgE se une
a basoéfilos y mastocitos a través de FceRI, provocando que secreten histaminas, serotonina, 11.-4,
IL-12 y TNF-a. IL-5 recluta eosindfilos. IL-9 induce la produccién de mucinas durante las reacciones
alérgicas. I1-13 fomenta la expulsién de helmintos y la hipersensibilidad de vias respiratorias. 11-25
pertenece a la familia de IL-17 y participa en la amplificacién de la respuesta Th2.

GATA-3 es el regulador maestro de las células Th2 y es inducido por STAT6, el transductor de
IL-4. También IL-4 incrementa la expresion de GATA-3. A su vez, GATA-3 es capaz de fomentar

su propia expresion, ademés de estar asociado con la eleccién de linaje a nivel del timo, que esta
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especialmente expresado en la poblacién transitiva CD4+4-CD8bajo. La sobreexpresién de esta pro-
teina en el timo fetal favorece la polarizacién hacia CD4, mientras que su eliminacién favorece la
diferenciacién a CD8. IL-4 puede activarse a si mismo a través de su transductor STAT6. GATA-3
es necesario pero no suficiente para fomentar la induccién de IL-4, ya que s6lo modifica la cromati-
na del locus de IL-4 [78]. Es necesaria la ayuda de NFAT, NF-xB, c-Maf o el transductor de IL-2,
STAT5[79, 80] para lograr la expresién de IL-4. Por otro lado GATA-3 es necesario y suficiente para
lograr la expresion de IL-5 e IL-13. IL-4 induce a Gfi-1. IL-4R« es sobreregulado por IL-4. CD25
o IL-2Ra es también sobreregulado en las células Th2, posiblemente por la accién de c-Maf. Esto
puede incrementar la sensibilidad de las células Th2 a IL-2. IL-33Ra es el principal marcador de

superficie de las células Th, su funciéon podria ser analoga a la de IL-18Ra en las células Thl.

Th17

Las células Th17 median las respuestas contra bacterias extracelulares y hongos. Favorecen la
respuesta inflamatoria, el reclutamiento de neutréfilos y la respuesta antitumoral. Estan asociadas
con una serie de enfermedades autoinmunes como la encefalomielitis, psoriasis, artritis reumatoide

e inflamaciones géstricas|[81].

Los principales productos de las células Th17 son IL-17a, IL-17f, IL-6, IL-21 e IL-22. IL-17a y
IL-17f se encuentran en el mismo locus y generalmente son coexpresados y se unen al mismo receptor
IL-17RA, aunque IL-17a tiene una mayor afinidad, en general se refiere a ambos como IL-17. Ambos
inducen diversas citocinas inflamatorias como IL-6 ademads de reclutar y activar neutréfilos. 11.-21
activa células Tth, Tc, B, NK, dendriticas y fomenta la diferenciacion de Th17. IL-22 fomenta la
inflamacién dérmica, y la defensa contra bacterias como K. pneumoinae, aunque esta ultima podria

ser inducida por IL-23.

RORAt es el regulador maestro de las células Th17 e induce IL-17 y a IL-21. ROR~t es inducido
por STAT3 y por el transductor de IL-1. Sin embargo, existen reportes que indican que ROR~tno
es necesario para la diferenciacién de Th17[82]. También es inducido por bajas concentraciones
de TGFf, pero concentraciones altas de este lo inhiben, aunque no es claro si es directamente
o indirectamente a través de Foxp3. RORa también es capaz de inducir IL-17 aunque en menor
medida que ROR~t. IL-6, IL-21, e IL-23 son todas citocinas pro-inflamatorias que senalizan por
medio de STAT3. Ademas, STAT3 es indispensable para la induccién de IL-17 e IL-23R. Otro
factor que interviene en la diferenciacién de las células Thl7 es el receptor de hidrocarburos de
arilo (AHR), el cual parece participar en la regulacién de IL-22. Las células Th17 expresan altos
niveles de IL-23R, e IL-1R. En humanos IL-1 es necesario para la diferenciacion de las células Th17,
aunque en modelos murinos e in vitro esto no es tan claro. IL-17A activa quinasas reguladas por
sefiales extracelulares (ERK1 y ERK2), Jun y p38 en diversos tipos celulares [83]. IL-1 activa una
gran variedad de vias proteicas como Myd88, IRAKs, TRAF6, NFxB y MAPK[&4].
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Th9

Las células Th9 estan asociadas en la respuesta a gusanos parasiticos. Las células Th9 son
necesarias para la respuesta contra parasitos como Trichuris muris y N. brasiliensis. Estan asociadas
con una serie de enfermedades autoinmunes como inflamacién de las vias aeras y EAE[59, 60].

El principal producto de las células Th9 es IL-9, la cdal fue originalmente descrita como una
citocina tipo Th2. IL-9 participa en la expulsién de pardsitos intestinales, asma y leucemial57].
PU.1 es el regulador maestro propuesto para las célula Th9. PU.1 esta asociado con el desarrollo
de mieloide y de los linfocitos B, sin embargo atin hay muchas interrogantes sobre su regulacién
el los linfocitos T CD4+. La diferenciacién de las células Th9 es altamente inestable y depende
fuertemente del micro-entorno. IL-9 es inducido por PU.1, IRF4, y el TCR por medio de BATF y
NFAT. TGFfinduce a IL-9 por medio de SMAD-3, TGFBesta involucrada en la diferenciacién de
Th17 y Treg. IL-2 induce a IL-9 por medio de STATS5, IL-2 esta involucrada con la activacién de
los linfocitos T CD4+ y la diferenciacién de Th2[58], 59} [60].

Th22

Las células Th22 estan asociadas a la respuesta inmune en la piel. Estan asociadas con una serie
de enfermedades autoinmunes como psoriasis, [61], 62].

El principales producto de estas células es IL-22, miembro de la familia de IL-10. La produccién
de IL-22 fue atribuido a Th17, aunque esta citocina también puede ser producida por células Thl y
Th2[61]. IL-22 esta asociada conde fase aguda y la respuesta inmune innata y enfermedades auto-
inmunes como enfermedad de Crohn, enfermedad intersticial del pulmon y artritis reumatoide[63].
No se conoce el regulador maestro de las célula Th22, aunque AHR esta fuertemente asociado con
ellas. IL-22 puede ser activado en las células ThO por TNF-« e IL-6. Las células Th22 expresan
altos niveles de CCR4, CCR6, CCR10 y PDGFR.

Tth

Las células Tth estan asociadas con la formacién de centros germinales y maduracion de afinidad
de linfocitos B[64] [65]. Las células Tth son necesarias para la respuesta mediada por linfocitos B y
la formacién de centros germinales[66]. Estas células también han sido asociadas con el control de
la microbiota intestinal[85] y el éxito de las vacunas[67].

Los principales productos de las células Tth son IL.21. IL-21 participa en la respuesta Thl17.
En los linfocitos Tth la produccién de I1-21 esta mediada por IRF4 y STAT3. 1L-4 participa en la
respuesta Th2 y en la maduracion de los linfocitos B. En los linfocitos Tth la produccién de 11.-4
esta mediada por NFAT y JunB. Cabe destacar que gran parte de la funcién de los linfocitos Tth
es mediada por receptores de membrana como CD40L, SAP, la familia SLAM, ICOS, PD-1,+ y
BTLA, los cuales median su interaccién con los linfocitos B. Las células Tfh expresan altos niveles

del receptor CXCRS5, e el cual esta asociado con la migracién a foliculos.
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Bcl6 es el regulador maestro de las célula Treg. IL-21 induce la expresién de Bcl6 por medio
de STAT3 y viceversa|86]. IL-21 también esta relacionada con las células Th17. Bcl6 es un repre-
sor transcripcional y es antagonista de Blimpl. Existen reportes contradictorios sobre si Bcl6 se
autoinduce o se autoinhibe[60] [68]. IL-21 es capaz de autoinducirse por medio de STAT3. Sin em-
bargo,cabe destacar que la diferenciacion de las células Tth depende fuertemente de su nicho y de

sus interacciones con linfocitos B y APCs por medio de receptores de membrana.

Treg

Las células Treg median la auto-tolerancia. Estas células incluyen a las nTregs generadas en el
timo y las iTreg inducidas en la periferia. Se puede distinguir a las iTreg por el marcaje epigenético
en el locus de Foxp3 y los marcadores Dapll e Igfbp4[87, [88]. El incremento de células Treg en
raton previene el rechazo de implantes y combate enfermedades autoinmunes. La falta de células
Treg esta fuertemente relacionada con enfermedades autoinmunes, aunque también incrementa la
inmunidad contra tumores e infecciones crénicas[89] 45].

Los principales productos de las células Treg son TGF-3, IL-10 e IL-35. TGF-$ participa en
la anergia, la tolerancia oral, la diferenciacién de las células Treg y Th17. TGF-f regula multiples
procesos, las proteinas SMAD constituyen los componentes bésicos de la cascada de senalizacion
intracelular. Estudios recientes revelan que las proteinas SMAD y los receptores transmembranales
de TGFpS estdn regulados [90]. IL-10 tiene funciones antiinflamatorias y anérgicas. Sin embargo
no todas las células Treg producen IL-10 necesariamente. De la misma manera, IL-10 puede ser
producido por células Thl, Th2 y Th17. Esto hace que sea posible que IL-10 sea una citocina de
autoregulacién propia de las Th. IL-35 comparte la subunidad ED13 con IL-12 e IL-27 y participa
en la actividad supresora. Las Treg pueden ademdas promover la anergia de las células Th a través
del contacto célula-célula. Cabe destacar que una parte importante de las funciones de las Tregs
son mediadas por receptores de membrana como LAP, que tiene funcién tolerigénica, y CD25, que
media es secuestro de IL-2[89] [45].

Foxp3 es el regulador maestro de las célula Treg. TGF-£ induce la expresion de Foxp3 y viceversa.
El nivel de TGF-£ necesario para inducir Foxp3 es mayor al necesario para inducir ROR~t. STAT5
participa en la inducciéon de Foxp3 uniéndose a su promotor. TGF-8 y Foxp3 no son necesarios ni
suficientes para expresar 1L-10. La mayoria de las Tregs expresan IL-2Ra (CD25) lo cual apunta a
la importancia de IL-2. También expresan CTLA-4, GITR y Folr4 aunque no se conoce su funcién

o relevancia[89) [45].

Trl

Las células Trl estdn asociadas a la regulacion de la inflamacion y la tolerancia oral. Las células
Trl son necesarias para prevenir respuestas inflamatorias excesivas y mantener la tolerancia inmune.

Estdn asociadas con la supresién de enfermedades autoinmunes|71] [72].
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Los principales productos de las células Trl son IL-10 y TGFfS. IL-10 es una citocina anti-
inflamatoria que se produce en miltiples células del sistema inmune incluyendo otras células T
CD4+. TGFfes una citocina que ha sido asociada tanto con la regulacién al inducir a las células
Treg, como la inflamacién al ser necesaria por Th17[22]. No se conoce el regulador maestro de las
célula Trl, aunque se sabe que c-maf esta asociado con ellas. El estudio de las células Trl se ha
visto complicado por la falta de marcadores claros. Las células Trl son Foxp3- y secretan bajos
niveles de IL-2 y, algunas veces, IFN~. La produccién de IL-10 en células Trl puede ser inducida
por IL-27, IL-15, IL-2 entre otras citocinas. IL-27 es una citocina de la familia de IL-27[71] [72], 22].

Th3

Las células Th3 estdn asociadas con la actividad anti-inflamatoria, y la tolerancia oral. Las
células Th3 son necesarias para mantener la homeostasis en el intestino. Estas células son capaces
de suprimir autoinmunidad e inflamacién sistémical73, [71].

Los principales productos de las células Th3 son TGFSy LAP. LAP es la forma latente de
TGFg, sin embargo, la presencia de una no garantiza la presencia de la otra. No se conoce el
regulador maestro de las célula Th3, y su estudio de las células Trl se ha visto complicado por la
falta de marcadores claros. Las células Th3 son Foxp3- y pueden expresar LAP y GARP. Estas
células se generan en el intestino en respuesta a la presentacion de antigenos orales en un entorno

tolerigénico[73, [71].

1.2.2. Regulaciéon cruzada

La diferenciacién de células Th no solo estd regulada por ciclos de autoinduccién como los
generados por IFN~, IL-4, IL-21 o TGFf. Los diferentes linajes también se inhiben entre ellos. Esto
se logra a través de la represion por factores transcripcionales, por competencia sitio-especifica en
los receptores de citocinas por las proteinas SOCS y por factores epigenéticos.

Existen varias vias de inhibicién dentro de las células Th [Fig: . La regulacién entre Thl y Th2
es mediada por la competencia entre sus citocinas IFN~ e IL-4 y entre sus factores transcripcionales
T-bet y GATA-3. T-bet inhibe la diferenciacién en Th2 mediante la fosforilacién de tirosinas de
GATA3, impidiendo que éste se una al ADN[9I]. T-bet y GATA3 también son inhibidos por Foxp3
y TGFpB. IFN~y e IL-4 se inhiben indirectamente a través de sus factores transcripcionales y de su
activacion de T-bet y GATA3. Curiosamente la competencia entre estas dos citocinas podria ser
también directa, ya que se han reportado interacciones intercromosomales entre los genes de ambas
citocinas[92].

La diferenciacion de Treg y Th17 estan también reguladas. La adiciéon de IFN~ o IL-4 inhibe
la expresion de ROR~yt, probablemente a través de T-bet y GATA3. TGFg favorece la expresion
de ROR~t (Thl7) y de Foxp3 (Treg) esto ha generado un interesante mecanismo de regulacién.
Foxp3 se une a RORa y RORAt e inhibe su activaciéon en una manera dosis-dependiente. TGFj3
lleva a la rdpida induccién de ROR~t, pero la union de ROR~t al promotor de IL-17 es suprimida
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por su interaccién con Foxp3. Al anadir IL-6 o IL-21 los niveles de Foxp3 disminuyen, impidiendo
su accion inhibitoria. IL-6 no altera la expresién de ROR~t, pero reprime a Foxp3 permitiendo la
expresién de IL-17 [93]. TGFS sdlo en concentraciones de 1 ng/ml no induce a IL-17. Sin embargo,
TGFp a 10 ng/ml en combinacién con IL-1, IL-21 o IL-23 promueve ROR~t e IL-17. Mientras tanto
50 ng/ml suprimen a IL-17, probablemente a través de la activacién de Foxp3[94].

La regulacién de Th9, Th22 y Tfh esta menos estudiada. IL-9 es inhibido por IFN~ e IL-23.
PU.1 inhibe la diferenciacién hacia Th2, favoreciendo a Th9. IL-22 parece ser inhibido por c-maf e
IL-10[63]. La diferenciacién de Tth esta regulada principalmente por su nicho. Sin embargo, se sabe
que Bcl6 es inhibido por Blimp, el cual se encuentra sobre expresado en otras células T CD4+(31,
33). Foxp3 también inhibe a Bcl6[67]. Al mismo tiempo, Bcl6 es un inhibidor transcripcional, es
cudl es capaz de inhibir a Tbet, GATA3 y ROR~t[6S].

IL-10 es una citocina anti-inflamatoria, estd principalmente relacionada con las células Treg y
Tr1, sin embargo puede ser producida por Thl, Th2 y Th17. IL-10 senaliza a través de STAT-3, al
igual que IL-6, IL-21 e IL-23, lo cual es paradéjico, dado que estas son citocinas pro-inflamatorias.
Sin embargo, existen datos que senalan que la activacién de STAT3 por IL-10 e IL-21 es diferente,
ya que activan distintos programas transcripcionales. En las células Treg la expresion de Foxp3 y
TGF P no es necesaria ni suficiente para la expresién de IL-10. También es la citocina caracteristica
de las células Th3, sin embargo no se sabe si este es un verdadero linaje o es el producto de la
expresién de IL-10 por Thl, Th2 o Th17[23]. Esto lleva a suponer que IL-10 es una citocina propia

de todas las células Th que sirve como mecanismo de autoregulacion.

Proteinas SOCS

Las proteinas supresoras de sefializacién de citocinas (SOCS) inhiben las vias de senalizacién de
citocinas. Las citocinas activan las vias de senalizacion JAK-STAT de fosforilacion al unirse a los
receptores transmembranales. Las proteinas SOCS se unen al dominio de fosforilacién impidiendo
la activacién de la via JAK-STAT. La mayoria de estas proteinas SOCS son inducidas por citocinas
y sirven como ciclos de autoinhibiciéon y mecanismos de diferenciacién celular. SOCS1 es inducida
por STATG6 (IL-4) y por STAT1 (IFN«), esta proteina se une a IL-4R, IFNaR, IFN4R y MyD88.
SOCS1 también se une a IL-2 sobretodo en el timo durante la maduraciéon de las células Th. SOCS3
es inducida por STAT6 (IL-4) y por IL-10, se une a IL-6R e IL-12R. SOCS5 es inducida por IL-12
y se une a IL-4R [5} 95| 4 6] [Fig: [L5].

1.2.3. Heterogeneidad

Las células T CD4+ pueden clasificarse en varios tipos celulares dependiendo del patrén de ex-
presién de citocinas y factores transcripcionales maestros[43]. Sin embargo, también se han descrito
células que expresan citocinas y factores transcripcionales asociados con otros tipos celulares|16]
25, [18], 96]. Al mismo tiempo, en un organismo pueden coexistir células T CD4+ con diferentes

patrones de expresién[43]. De esta forma, las células T CD44 son heterogéneas tanto en sus pa-
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Figura 1.5: Regulacién entre tipos celulares. La diferenciacion de los linfocitos T CD4+ esta regulada
a multiples niveles, incluyendo inhibiciones entre factores transcripcionales, y inhibicién de las vias
de senalizacién por proteinas SOCS.

trones de expresién como en su comportamiento poblacional. En este trabajo nos centraremos en
la heterogeneidad de los patrones de expresion. Cabe destacar que la mayoria de los estudios de
diferenciacién de células Th son realizados in vitro y las células son estimuladas durante un largo
tiempo. Es cuestionable si los mismos patrones de diferenciacion que vemos in vitro son reprodu-
cibles in vivo, dado que las muestras in vivo muestran gran heterogeneidad y es dificil separar las
células para determinar sus patrones de expresién de citocinas y factores transcripcionales.

Existen multiples casos donde las células T CD4+ expresan factores transcripcionales o citocinas
asociadas con otros subtipos. Incluso los tipos celulares que se consideran mutuamente excluyentes
como Thl y Th2 pueden presentar estados hibridos T-bet+GATA-3+ y producen tanto IFN-~ycomo
IL-4][97]. Se han reportado células Th17 que producen tanto IL-17 como IFN~, sobretodo in vivo[22]
08]. Las células Th17 también pueden producir IL-22 junto con IL-17, aunque las células IL22+1117-
han sido caracterizadas como Th22[99] [T00, 10T]. Originalmente, IL-9 fue descrita como una citocina
asociada con Th2 y el factor transcripcional PU.1 como parte de la hematopoiesis, aunque después
ambos fueron asociados con Th9[102]. Las células Th9 también pueden producir IL-10 e IL- 21,
aunque estas citocinas son reguladas independientemente de IL-9[T03] [60]. Las células Tth pueden
expresar Bcl6 y CXCR5 junto con citocinas como IFN-v, I1-4 o IL-17 en respuesta a entornos
polarizantes hacia Thl, Th2 y Th17 respectivamente, mas atin estos patrones de expresion pueden
ser también encontrados independientemente de estas vias de diferenciacién[66] [104].

En las células reguladoras esta heterogeneidad de patrones e expresion esta asociada tanto con

el control de la respuesta inmune como con la inflamacion créonica. En las células Treg Foxp3+,
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se han reportado células hibridas que colocalizan con las células efectoras. Estas células expresan
Foxp3+ y sus marcadores como CD25+ junto con receptores, y factores transcripcionales asociados
con Thl, Th2, y Tfh, por ejemplo, existen reportes de células Foxp3+Tbet+, Foxp3+GATA3+ y
Foxp3+CXCR5[105, [18]. Estas poblaciones son fundamentales para suprimir la respuesta inmune de
las células efectoras, ademas de que son capaces de expresar IL-10[106, 107, [105]. Existen ademds
reportes de células que expresan tanto Foxp3 como citocinas proinflamatorias como IFN~o IL-
17, las cuales se encuentran asociadas a inflamacién crénica como la que se observa en pacientes
obesos[108], [26] [109], [110]. También se han detectado células que expresan Foxp3+ROR~t+, aunque
esto tltimo podria deberse a la accién competitiva entre estos dos factores [03]. Ademas, la expresién
de los factores transcripcionales en las células Th no es fija, lo cual afecta su diferenciacion, la
expresién transitiva de Foxp3 se ha reportado[I11l [112], 113]. La citocina IL-10 no solo esta asociada
con Trl, sino también es producida por células Thl, Th2, Th9, Th17 y Tth[114, 115} 23] 116, 117,
24) [118] [T19]. Esto hace sospechar que el programa de regulacién de IL-10 es independiente de los

factores transcripcionales maestros, resaltando el rol tolerigénico de esta citocina.

1.2.4. Plasticidad

Una vez diferenciadas las células T CD4+ pueden cambiar su patrén de expresiéon, mostrando
plasticidad fenotipica. Se ha reportado que es posible transitar entre Thl y Th2, sin embargo
estas transiciones requieren entornos de citocinas particulares[120], 121 17, [122]. Las células Th17
pueden expresar IFN-ve incluso expresan Thet en respuesta a cambios en su entorno [123| [124]
125]. Ademds, las células Th17 pueden transitar hacia Treg y expresar Foxp3 e IL-10[126] 127,
128]. Las células Th9 surgen de células Th2 en presencia de TGFS[102]. Las células IL-22 pueden
diferenciarse a través de células Th17[129]. Las células Tth pueden ser inducidas o transformarse
en Thl, Th2, Th17 o Treg[130, 18, 66, 131]. Esta plasticidad es fundamental para la formacién de
centros germinales en el intestino[132] 133] [134].

Las células Treg pueden volverse Th17 en presencia de sefiales proinflamatirias como IL-15, 1L-6,
IL-23[135]. Ademas, las células Treg pueden expresar un patrén de expresién similar a Th1, el cual ha
sido asociado tanto con el control de la respuesta Thl como con inflamacién crénicalI05, 18], 108 [26]
109L [110]. Varias setiales entre las que destaca la citocina IL-27 pueden llevar a la produccién de IL-
10 por los distintos tipos celulares[1306, 137, [138]. Esta transicién plastica esta asociada con el control
de la inflamacién para evitar que esta dafie al organismo[I39] 122, [136] 140l 128, 138 14T, 142].
Estas son solo algunas de las transiciones reportadas. La senalizacién por el TCR y cofactores, las
proteinas SOCS, la via PIBK-AKT-mTOR y el metabolismo también pueden afectar la plasticidad
de las células T CD4+]I]].

Recientemente, se han descrito diferentes formas de plasticidad entre los linajes de células Th
[Fig: 1.6]. La transicién entre células Treg y Th17 depende del entorno inflamatorio, dado que Foxp3
es inhibido por las citocinas inflamatorias. Es posible polarizar las células Th17 en células Thl en
presencia de IFN~v e IL-12. Se puede promover un estado hibrido Th1l-2 al exponer a células Th2

a IFN~v e IL-12. Sin embargo, no se han observado algunas transiciones, como de Th2 a Thl7 o
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Figura 1.6: Plasticidad en células T CD4+. Una vez diferenciadas, las células TCD4+ pueden
cambiar su patron de expresion en respuesta a senales del entorno y otras perturbaciones.

Treg [I7]. La estabilidad de las células es mantenida gracias a modificaciones epigenéticas y ciclos

de autoinduccion.

1.2.5. Procesos inflamatorios e hiperinsulinemia

Se ha visto que hay una correlacién entre la obesidad y la inflamacién crénica[Fig: 1.7]. El tejido
visceral adiposo obeso tiene un contexto inflamatorio y tiene altas cantidades de citocinas como
IL-6, IL-1 y TGFSB, macréfagos, células T citotéxicas, Thl y Thl7, mientras que los niveles de
Treg e IL-10 se ven disminuidos [143], 27, [144]. La inflamacién inicial podria ser causada por los
mastocitos, ya que inhibir la activacién de estos redujo el incremento de peso y la resistencia a la
insulina en ratones [145].

Existe una retroalimentacién entre la obesidad y la inflamacién crénica. El exceso de ingesta de
nutrientes, en particular azucares, incrementa la absorcion de glucosa por los adipocitos y hepato-
citos. Este proceso los somete a un estrés oxidativo, ademas de que estas células producen citocinas
que favorecen el reclutamiento de macréfagos activados, células T citotoxicas, Thl y Thl7. Estéas
células producen citocinas proinflamatorias, las cuales favorecen la resistencia a la insulina de los

adipocitos y hepatocitos[]. Esto afecta el metabolismo de la glucosa, favoreciendo indirectamente el
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incremento de los niveles de insulina. Altos niveles de insulina inhiben la produccién de la citocina
IL-10 por las células T CD4+, afectando el balance entre células regulatorias e inflamatorias[29].
Ademas, los altos niveles de insulina favorecen la absorcién de glucosa por los adipocitos y hepato-

citos. De esta manera, la inflamacién y la obesidad se retroalimentan mutuamente.

A glucose uptake | A activated macrophages

E i in adipocytes & A Effector T cells
X?gszlve - hepatocytes VTregs
Obesity & ,
pro-inflammatory
- Inflammation cytokines

Ainsulin o . ) (TNFa, IL-1, IL-6)

pancreatic in Visceral Adipose Tissue
beta cells

Vinsulin signaling]
in adipocytes &
hepatocytes

affects
glucose
intake

Figura 1.7: Inflamacién crénica asociada a obesidad. Existe una retroalimentacion entre la obesidad
y la inflamacién crénica.

1.3. Redes Booleanas

La mayoria de los sistemas complejos de la biologia, como la regulacién genética, el sistema
nervioso, el sistema inmune o los ecosistemas, estan compuestos de multiples elementos que in-
teractuan entre si. Estos sistemas pueden ser modelados con redes. Una red es una colecciéon de
elementos conectados. Puede ser visualizada como un conjunto de nodos que corresponden a los
elementos de la red y un conjunto de aristas que representan las interacciones entre los elementos.
Cada nodo tiene un valor de salida y varios valores de entrada, ademdas de una regla que define
el valor de la salida en funcién de las entradas. Las salidas y las entradas estdn definidas por las

interacciones con otros elementos de la red.

Los sistemas bioldgicos pueden ser modelados como redes. Los nodos representan elementos como
genes, proteinas, células u organismos. Mientras tanto las interacciones entre ellos corresponden a
las aristas. Sin embargo, dada la cantidad de elementos y la complejidad de las interacciones en los
sistemas bioldgicos es dificil generar una descripcion exacta del sistema. Es por esto que se recurre
a simplificaciones como suponer tiempos discretos o que los elementos sélo pueden tener un niimero

limitado de valores. Una de estas simplificaciones son las redes Booleanas.
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En una red de regulacién Booleana cada nodo representa un gen o proteina. El nivel de activa-
cién del nodo es la cantidad de proteina correspondiente al gen que ha sido sintetizada. En muchos
sistemas bioldgicos el nivel de expresién de un gen se mantiene en un nivel basal constitutivamente.
Cuando los factores activadores sobrepasan un umbral, entonces la cantidad de la proteina co-
rrespondiente se incrementa rapidamente hasta alcanzar un maximo. Esto permite suponer que la
expresion del gen puede ser expresada en base a funciones Booleanas, con el gen inactivo (expresién
basal) o activo (incremento de la funcién).

Las aristas de una red de regulacién Booleana representan la forma en que otros genes ayudan
a la activacién o represion de la transcripcion del gen. Una arista de activacion que une a dos nodos
implica que uno de los nodos es un factor transcripcional del otro, fomentando la sintesis de la
proteina correspondiente. Por otro lado, si la arista representa una inhibicién entonces uno de los
genes es un inhibidor de otro, evitando que el gen blanco sea sintetizado.

En 1969 Kauffman propuso a las redes booleanas como modelos de regulacién genética [31].
Partié de la idea de que un gen puede ser expresado (1) o no expresado (0). Dado que la expresién
de cada gen es controlada por la expresion de otros genes Kauffman supuso que el genoma es
una red donde una arista del gen A al gen B representa que A regula la expresién de B ya sea
activandolo o inhibiéndolo. Dado que no existian suficientes datos experimentales Kauffman generé
redes aleatorias. Sin embargo, su generalidad ha motivado interés mas alld de su propésito original
[146l, [147].

Las redes booleanas son un tipo de red dinamica discreta, finita y determinista. Una red booleana
consiste de N nodos unidos por K conexiones cada uno. Cada nodo tiene k aristas de entrada y [
aristas de salida. Los nodos son booleanos, es decir su estado es "prendido” (1) o ”apagado” (0).
El estado de cada nodo se actualiza en un tiempo discreto, el estado en el tiempo t + 1 depende de
los estados de sus K entradas en el tiempo ¢ a través de una funcién booleana [Fig: [1.8].

Segin Kauffman, los estados estacionarios de las redes de regulacién pueden representar dife-
rentes tipos celulares dependiendo del estado de los nodos o genes. Dada una configuracién inicial y
las relaciones entre los genes, se puede dejar evolucionar el sistema y encontrar que los elementos de
la red tienen estados de activacion ciclicos o de punto fijo, que corresponden a los atractores. Estos
estados estacionarios o atractores, no son estados intrinsecos de cada elemento, sino un fenémeno
emergente de la complejidad del sistema. En base a los datos experimentales disponibles se han
podido inferir redes de regulacién de varios organismo como E. coli, S. cerevisae, B. subtilis [148],
la morfogénesis de las flores de A. thaliana[I49], los genes de polaridad de segmentacién de D.

meganogaster [I50] y la diferenciacién de células Th [I51] [152] [153].

1.3.1. Funciones booleanas

La salida de un nodo estd dada por una funcién booleana que toma como argumentos sus
entradas. Si un nodo tiene N entradas estas pueden estar en 2V estados diferentes. Cada regla le
asigna una sola salida a cada posible estado de las entradas. Sin embargo, todas estas funciones se
pueden expresar en base a tres funciones booleanas: and, or y not [Cuadro: y .
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Figura 1.8: Redes Booleanas. Las redes Booleanas se obtienen a partir de los datos reportados, y
constan de nodos, las interacciones entre ellos, y las funciones que recapitulan la regulacién de los
nodos. El valor de los nodos es actualizado hasta que se llega a un estado estable o a un ciclo. Las
soluciones de la red corresponden a los tipos celulares.

No siempre se conocen las funciones booleanas de una red. Cuando es asi se pueden inferir las
funciones identificando los elementos del sistema, sus relaciones y tipo de interacciones. La formula-
cién y andlisis de redes permite encontrar nuevo conocimiento y la posibilidad de hacer predicciones.
Un grafo puede tener varias funciones booleanas diferentes; al inferir sus reglas es necesario buscar

aquellas que resultan més parsimoniosas y consistentes con las observaciones experimentales.
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t t+1
A B|AandB AorB t ] t+1
0 0 0 0 A | not A
0 1 0 1 0 1
1 0 0 1 1 0
1 1 1 1
Cuadro 1.1: Funciones and y or Cuadro 1.2: Funcién not

En el caso de los sistemas bioldgicos existen varias formas de inferir las funciones de una red
de regulacién. Se puede utilizar la informacién ya conocida de la expresién de genes y proteinas,
incluyendo la regulaciéon transcripcional, postranscripcional, traduccional y postraduccional. Tam-
bién se pueden realizar inferencias de la funcién de una proteina analizando las diferencias en las
respuestas a diversos estimulos en organismos silvestres y mutantes. Una vez propuesta la relacién

de regulacion entre dos genes, ésta puede ser confirmada experimentalmente.

1.3.2. Espacio de transiciones

Las redes booleanas son deterministas y finitas. Una red de N nodos tiene 2%V estados posibles.
Cada estado corresponde a un nodo de la red de estados de la red original. Las aristas de esta red se
construyen tomando uno de los estados, evaludndolo de acuerdo a las funciones de la red y viendo
cual es el nuevo estado obtenido. De esta forma, en una red booleana determinista, cada estado
tiene una arista de salida que lleva a su sucesor.

El estado de un nodo X en el tiempo ¢ es una funcién Booleana de sus N reguladores en el
tiempo anterior tal que: X; 1 = f(As, Ct, ..., Nt)

A partir del estado inicial X en el tiempo ¢t = 0 se pueden aplicar las funciones Booleanas para
determinar la trayectoria que seguird el sistema. Las funciones pueden ser evaluadas sicronamente
evaluando todos los nodos al mismo tiempo, o asincronamente evaluando los nodos uno por uno.
En el caso de la actualizacion sincrona cada estado tiene un solo sucesor determinista, en el caso de
la actualizacién asincrona un estado puede tener varios estados sucesores, y cual se elija dependera
del orden en que los nodos sean evaluados[I54]. Eventualmente, al ser los estados posibles finitos,

el sistema regresara a un estado ya visitado.

1.3.3. Atractores

Cuando un estado es revisitado la red ha alcanzado una solucién o atractor. El nimero de estados
que tarda en reencontrarse un estado especifico determina el periodo de la solucién. Las soluciones
puntuales tienen un periodo de uno (un solo estado), mientras que los ciclicos tienen periodos més
grandes que uno (estados multiples). Una red booleana puede tener uno o mds atractores.

El conjunto de estados visitados hasta que un atractor es alcanzado se llama transitorio. El

conjunto de estados llevando hacia un atractor forma su cuenca de atracciéon. La cuenca de los
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diferentes atractores divide el espacio de estados [Fig: . Los estados sin un predecesor se llaman
cuspides, dado que sélo pueden ser alcanzados si son la condicién inicial y en la siguiente iteraccién
se pierden.

Es importante notar la diferencia entre la topologia de una red booleana y su red de estados.
En los sistemas bioldgicos, la red booleana representa las interacciones entre los genes y proteinas
del sistema, es decir como los IV nodos de la red se afectan unos a los otros. En contraste, la red
de estados representa las posibles combinaciones de activacién de genes y proteinas, donde cada
estado estacionario corresponde a un estado de diferenciacién de la célula. En la red de estados
cada nodo representa un estado de la red booleana, donde hay 2V estados, y la red representa las
transiciones de todo el espacio de estados. Las soluciones a las cuales converge el sistema representan
los tipos celulares. Uno de los principales temas en el estudio de las redes booleanas es entender
como cambios en la topologia de la red (escala baja) afectan la red de estados (escala alta), lo cual

no es trivial.

1.3.4. Modelos previos

Estudios anteriores han utilizado redes de regulacién Booleanas para estudiar la diferenciacién y
la plasticidad de los linfocitos T CD4-+[152] 153 [155], 156 157 [35] [158]. Estos modelos han logrado
capturar la regulacion dindmica y no lineal de las células T CD4 + y recuperaron los atractores
correspondientes a los tipos de células ThO, Thl, Th2, iTreg y Th17[152] y su comportamiento
poblacional[I55]. Estos modelos también han sido usados para estudiar la linfopoyesis de las células
T CD4+, T CD8+ y B[I57, [158]. Usando estos modelos se han realizado estudios preliminares de
la plasticidad de las células T CD4+ en presencia de diferentes citocinas en el microambiente[T53]
y el efecto de una molécula especifica (PPAR~) en la transicién Th17 / iTreg[I56]. Ademas, estos
modelos han sido capaces de recuperar la diferenciaciéon de células Th9 y Th22 y predecir que
transiciones entre tipos celulares son posibles[35]. Sin embargo, estos modelos no explican la dife-
renciacién de tipos celulares como Trl o Th3. Ademads, ain hace falta un estudio sistemético de
los efectos de los diferentes entornos biolégicos y determinar que nodos son fundamentales para la

plasticidad entre tipos celulares.
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Abstract

CD4+ T cells orchestrate the adaptive immune response in vertebrates. While both experi-
mental and modeling work has been conducted to understand the molecular genetic mech-
anisms involved in CD4+ T cell responses and fate attainment, the dynamic role of intrinsic
(produced by CD4+ T lymphocytes) versus extrinsic (produced by other cells) components
remains unclear, and the mechanistic and dynamic understanding of the plastic responses
of these cells remains incomplete. In this work, we studied a regulatory network for the core
transcription factors involved in CD4+ T cell-fate attainment. We first show that this core is
not sufficient to recover common CD4+ T phenotypes. We thus postulate a minimal Boolean
regulatory network model derived from a larger and more comprehensive network that is
based on experimental data. The minimal network integrates transcriptional regulation, sig-
naling pathways and the micro-environment. This network model recovers reported configu-
rations of most of the characterized cell types (Th0, Th1, Th2, Th17, Tth, Th9, iTreg, and
Foxp3-independent T regulatory cells). This transcriptional-signaling regulatory network is
robust and recovers mutant configurations that have been reported experimentally. Addi-
tionally, this model recovers many of the plasticity patterns documented for different T CD4
+ cell types, as summarized in a cell-fate map. We tested the effects of various micro-envi-
ronments and transient perturbations on such transitions among CD4+ T cell types. Inter-
estingly, most cell-fate transitions were induced by transient activations, with the opposite
behavior associated with transient inhibitions. Finally, we used a novel methodology was
used to establish that T-bet, TGF- and suppressors of cytokine signaling proteins are
keys to recovering observed CD4+ T cell plastic responses. In conclusion, the observed
CD4+ T cell-types and transition patterns emerge from the feedback between the intrinsic

PLOS Computational Biology | DOI:10.1371/journal.pcbi.1004324 June 19, 2015
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or intracellular regulatory core and the micro-environment. We discuss the broader use of
this approach for other plastic systems and possible therapeutic interventions.

Author Summary

CD4+ T cells orchestrate adaptive immune responses in vertebrates. These cells differenti-
ate into several types depending on environmental signals and immunological challenges.
Once these cells are committed to a particular fate, they can switch to different cell types,
thus exhibiting plasticity that enables the immune system to dynamically adapt to novel
challenges. We integrated available experimental data into a large network that was for-
mally reduced to a minimal regulatory module with a sufficient set of components and in-
teractions to recover most CD4+ T cell types and reported plasticity patterns in response
to various micro-environments and transient perturbations. We formally demonstrate
that transcriptional regulatory interactions are not sufficient to recover CD4+ T cell types
and thus propose a minimal network that induces most observed phenotypes. This model
is robust and was validated with mutant CD4+ T phenotypes. The model was also used to
identify key components for cell differentiation and plasticity under varying immunogenic
conditions. The model presented here may be a useful framework to study other plastic
systems and guide therapeutic approaches to immune system modulation.

Introduction

The immune system protects organisms against external agents that may cause various types of
diseases. As the immune system mounts specialized responses to diverse pathogens, it relies on
plastic responses to changing immunological challenges. At the same time, the immune system
must maintain homeostasis and avoid auto-immune responses. Therefore, the immune system
relies on resilience mechanisms that enable it to return to basal conditions once pathogens or
immunogenic factors are no longer present [1-3].

CD4+ T cells, also known as T helper (Th) cells, are key in the response to infectious agents
and in the plasticity of the immune system. Naive CD4+ T cells (ThO) are activated when they
recognize an antigen in a secondary lymphoid organ. Depending on the cytokine milieu and
other signals in their micro-environment, CD4+ T cells attain different cell fates [2,4-7]. None-
theless, we still do not have a complete understanding of the dynamic mechanisms underlying
CD4+ T cell differentiation and plasticity [5].

Each CD4+ T cell type is associated with specific cytokines, receptors, transcription factors
and functions (Fig 1). Thl cells express T-bet, secrete interferon-y (IFN-y) and are associated
with cellular immunity [8]. Th2 cells express GATA3, secrete interleukin (IL)-4 and are associ-
ated with immunity to parasites [8]. Th17 cells express RORa and RORyt, secrete IL-17 and
IL-21, and are associated with neutrophil activation [9-10]. Follicular helper CD4+ T cells
(Tfh) express Bcl6 and CXCRS5, secrete IL-21 and are associated with B cell maturation in ger-
minal centers [11,12]. Th9 cells secrete IL-9 and exert anticancer activity [13,14]. Induced regu-
latory T cells express Foxp3, secrete TGF- and/or IL-10, and are associated with immune
tolerance [15,16]. There is also considerable overlap among the expression profiles of different
CD4+ T cells. For example, IL-9 and IL-10 can be secreted by Th1, Th2, Th17, iTreg cells and a
variety of other immune cells [17-19]. T regulatory cells can also express IL-17 [20].

PLOS Computational Biology | DOI:10.1371/journal.pcbi.1004324 June 19, 2015
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Fig 1. Differentiation and plasticity of CD4+ T cell types. CD4+ T cell types are characterized by their unique cytokine production profiles, transcription
factors and biological functions. The main cell types are ThO, Th1, Th2, Th17, iTreg and Tfh. Other possible cell types have been described such as IL-9
(Th9), IL-10+Foxp3-(Tr1) and TGF-B+Foxp3-(Th3) producing cells.

doi:10.1371/journal.pcbi.1004324.g001

CD4+ T cells are highly plastic, switching from one type to another in response to environ-
mental challenges (Fig 1) [1,21-23]. Th17 cells can transform into Th1 cells [24-25], and
iTregs differentiate into Th17 in the presence of IL-6 [26]. Th2 cells can become IL-9 produc-
ing cells but may not easily become Th1 cells [27]. iTreg and Tth cells can independently devel-
op into other CD4+ T cell types, and they can be derived from Th1, Th2 or Th17 cells [28-30].
The differentiation and plasticity of CD4+ T cells depends on the interactions among the cyto-
kines produced by other immune cells, epithelial cells, adipocytes, or by the CD4+ T cells
themselves; the transduction of those signals and the regulation of this signaling by suppressors
of cytokine signalling (SOCS) proteins; the set of transcription factors expressed inside the
cells; epigenetic regulation; certain metabolites; and also microRNAs [4,6,31-33]. Given the
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complexity of CD4+ T cell transitions and the difficulty of classifying a particular expression
pattern as a subset or a lineage, we will refer to the different stable expression patterns of CD4
+ T cells as “cell-types”.

A mechanistic, integrative and system-level understanding of CD4+ T cell differentiation
and plasticity requires dynamic regulatory network models that consider the concerted action
of many components. These models can be used to prove whether the known biological inter-
actions are necessary and sufficient to recover attractors that correspond to experimentally ob-
served configurations in different CD4+ T cell types. Additionally, such models may be used to
address whether the considered components and interactions also restrict and explain the ob-
served patterns of transition among cell types. Finally, this type of model can be used to test the
role of different network components in cell differentiation and plasticity.

In such regulatory network models, the nodes correspond to the regulatory components of
the network such as genes, proteins or signals, while the links correspond to the interactions
among components. The state of each node is determined by the expression level of its regula-
tors, and the logical functions describe the dynamic evolution of the node states. The attractors,
the states to which such regulatory networks converge, can be interpreted as the profiles char-
acterizing different cell types (see reviews in: [34-36]).

Previous studies have used regulatory network models to study CD4+ T cell differentiation
and plasticity [37-40]. These models captured the dynamic and non-linear regulation of CD4
+ T cells and recovered the attractors corresponding to the Th0, Th1, Th2, iTreg and Th17 cell
types. They have also been useful for preliminary studies of CD4+ T cell plasticity in the pres-
ence of different cytokines in the micro-environment [38] and fir studies of the effect of a spe-
cific molecule (PPARY) in the Th17/iTreg switch [40]. However, as new T CD4+ cell types
such as Tth, regulatory Foxp3-independent, Th9, and Th22 cells are described, it is necessary
to develop an updated regulatory network that is able to recover the configurations that charac-
terize such novel cell subsets. Additionally, to date no minimal model that incorporates the
necessary and sufficient set of interactions to also recover the reported patterns of transitions
among Th cells has been reported.

Here, we specifically address whether CD4+ cell types and their transition patterns emerge
as a result of the feedback between a minimal regulatory core of intra-cellular transcription fac-
tors and cytokines produced by the CD4+ T cell together with cytokines produced by other
cells present in the micro-environment. Our results confirm that a regulatory network model
that only considers the interactions among the master transcription factors is not sufficient to
recover configurations that characterize the different CD4+ T cell types. Therefore, we then in-
tegrated a minimal network of master transcriptional factors with cytokine signaling pathway,
including the cytokines produced by the cell and those present in the micro-environment, to
integrate a network with the necessary and sufficient set of components to recover documented
CD4+ T cell differentiation and plasticity patterns. The observed configurations of CD4+ T
cells (ThO, Th1, Th2, Th17, iTreg, Tth, Th9 and Foxp3-independent T regulatory cells) emerge
from the feedback and cooperative dynamics among the multiple levels of regulation consid-
ered in the minimal model. In addition, this system is able to recover the plastic transition pat-
terns and stability behavior that have been described for the different cell types in response to
transitory perturbations and different micro-environments. Interestingly, our model predicts
that transitions from particular cell types to others are caused by transient activations, while
transient inhibitions usually cause cells to remain in their original cell types. Additionally, we
show that T-bet, TGF-B and SOCS proteins are keys to recovering observed CD4+ T cell plastic
responses. Finally, we discuss the relevance of our models for a system-level understanding of
mammalian immunological responses and eventual biomedical interventions.
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Fig 2. Minimal network of master transcriptional regulators CD4+ T (CD4+ T TRN). Based on published
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colors correspond to cell types: Th1 (yellow), Th2 (green), Th17 (red), iTreg (blue) and Tth (purple).
Activations among elements are represented with black arrows and inhibitions with red dotted arrows. (B)
Attractors of the CD4+ T TRN: Each column corresponds to an attractor. Each node can be active (green) or
inactive (red). The attractors correspond to configurations that characterize the ThO, Th1, Th2, iTreg, T-bet
+Foxp3+ and GATA3+Foxp3+ types. The attractors corresponding to the Th17 and Tth types could not

be recovered.

doi:10.1371/journal.pcbi.1004324.9002

Results
CD4+ T cell regulatory network

Boolean networks are capable of integrating qualitative interactions (molecular, physical,
chemical, etc.) into a coherent picture and are useful ways to explore the minimal set of restric-
tions that are necessary and sufficient to produce emergent biological patterns and behaviors
[41-43]. The regulatory interactions considered in the present model are grounded on experi-
mental data. In the proposed regulatory network, the nodes represent the regulatory compo-
nents of the network and the links the interactions among them (S1 Table and S1 Fig). Given
the complexity of the network, we simplified the model by removing intermediate components
along a network path (S1 File) following a method proposed in [44] and checked the consisten-
cy of the reduced network using GINsim [45].

The predicted cell phenotypes arising from the steady states of the network are consistent
with the available experimental data [2,4-7]. The model assumes that all interactions are syn-
chronous, that all cytokine receptors are present, and that the TCR and its cofactors are activat-
ed (being unable to model unactivated and anergic CD4+ T cells). The model ignores weak
interactions, low levels of expression, and epigenetic regulation (S1 File).

A core of master transcriptional regulators is not sufficient to explain
CD4+ T cell differentiation

To address whether a minimal transcriptional regulatory core could recover the observed con-
figurations that characterize the main CD4+ T cell types that have been described up to now,
we extracted from the general network under study a minimal regulatory module consisting
only of transcriptional regulators (Fig 2A, S2 Table, BioModels Database:
MODEL1411170000). Our aim was to test whether this minimal module contained a sufficient
set of interactions to predict the observed configurations for the transcription factors included
in the model that characterize different CD4+ T cell types. The nodes of the transcriptional
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regulatory network (TRN) correspond to the five “master” transcription factors associated with
CD4+ T cell types: T-bet for Thl, GATA3 for Th2, RORyt for Th17, Foxp3 for iTreg, and Bcl6
for Tth.

The dynamic analysis of this TRN recovered attractors corresponding to different CD4+ T
cell types (Fig 2B): ThO, Th1, Th2, iTreg and the hybrid states T-bet+Foxp3+ [46] and GATA3
+Foxp3+ [47]. However, this TRN did not converge to configurations that characterize the
Th17 and Tth cell types, implying that the expression of RORyt and Bcl6 is not sufficient to
maintain such cell types. This result may be caused by the lack of feed-forward loops in the
TRN. RORyt has no positive interactions with any of the transcription factors considered in
the TRN and lacks a feedback loop mediated by transcription factors [48]. The mode of self-
regulation of Bcl6 remains unclear, as it has been reported to either activate or inhibit its own
expression in B cells [49-50].

CD4+ T cell differentiation patterns emerge from feedback between the
transcriptional regulatory network, cytokines and signaling pathways

The above result reveals which T CD4+ cell types rely only on the postulated TRN and which
require extrinsic signals. To formally test this hypothesis, we extended the TRN network by in-
troducing key components of signaling pathways and their regulators, as well as cytokines that
have been shown to be fundamental in CD4+ T cell type attainment. This T CD4+ cell tran-
scriptional-signaling regulatory network (TSRN) was then simplified (S1 File, S1 Fig) to obtain
a minimal network. To reduce the number of nodes in the network, we assumed that the TCR
signal was present and that the cytokine receptors were present in sufficient amounts to trans-
duce a signal. This network lacks many important inflammatory cytokines (such as IL-1,
TNFa), because while these cytokines are crucial for the immune response, they are dispens-
able for CD4+ T cell differentiation. The model analyzed in this paper also lacks extrinsic cyto-
kines produced by other immune system cells and other cell types such as IL-12 and IL-18. The
network also lacks some transcription factors and cytokines associated with newly reported Th
types such as IL-22, as detailed experimental information linking them to the network model
under analysis is not yet available.

The nodes of the simplified TSRN represent (Fig 3A, S3 Table, BioModels Database:
MODEL1411170001) transcription factors, signaling pathways and extrinsic cytokines. The
nodes corresponding to cytokine pathways are active if the signal is transduced; this means
that if the cytokine is present, it forms a complex with the receptor that can activate a messen-
ger molecule (for example a STAT protein), which is then translocated to the nucleus. Cyto-
kines can be produced by both CD4+ T cells (intrinsic) and by other cells of the immune
system and the organism (extrinsic). To resolve this ambiguity we added nodes representing
the extrinsic cytokines produced by other cells and tissues of the immune system (IL_e). This
extended TSRN includes 18 nodes: the transcription factors (Tbet, GATA3, RORyt, Foxp3,
Bcl6), the effector cytokines and their signaling pathways (IFN-y, IL-2, IL-4, IL-21, IL-9), the
regulatory cytokines (TGF- and IL-10) and the extrinsic cytokines (IFN-ye, IL-2e, IL-4e, IL-
21e, TGF-Be and IL-10e). While IL-10, IL-6 and IL-21 all signal using STAT3, IL-6 and IL-21
cause inflammation, while IL-10 suppresses inflammation. To analyze this network, we assume
that IL-10 signaling was mediated by a different pathway than IL-6/IL-21, even though they
share STAT3 as a messenger molecule. The production of these external cytokines is indepen-
dent of regulation inside the CD4+ T cell, but their signaling can be blocked (for example by
SOCS proteins [51]). The resulting network includes two levels of regulation, the regulation in
the nucleus by mutually inhibiting transcription factors and the regulation among the receptors
and their signal transduction pathways mediated by SOCS proteins.
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A) CD4+ T lymphocyte transcriptional-signaling
regulatory network

B) CD4+ T lymphocyte transcriptional-signaling

regulatory network attractors
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Fig 3. CD4+ T cell transcriptional-signaling regulatory network (TSRN). We constructed a regulatory
network using available experimental data. The network includes transcription factors, signaling pathways,
and intrinsic and extrinsic cytokines. (A) Graph of the TSRN. The nodes include transcription factors
(rectangles), intrinsic cytokines and their signaling pathways (ellipses) and extrinsic cytokines (ellipses).
Node colors correspond to cell type: Th1 (yellow), Th2 (green), Th17 (red), iTreg (blue), Tth (purple), and Th9
(brown). Activations between elements are represented with black arrows, and inhibitions with red dotted
arrows. The dotted lines represent inhibition mediated by SOCS proteins. (B) Attractors of the TSRN. Each
column corresponds to an attractor. Each node can be active (green) or inactive (red), extrinsic cytokines
may be active or inactive (yellow). The following attractors were found in the network: ThO, Th1, Th2, Th17,
iTreg, Tfth, Th9 producing T cells, Foxp3-independent T regulatory cells (TrFoxp3-), T-bet+ T regulatory cells
(Th1R), GATA3+ T regulatory cells (Th2R) and GATA3+IL-4- cells. Attractors where labeled according to the
active transcription factors and intrinsic cytokines.

doi:10.1371/journal.pcbi.1004324.9003
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The dynamic analysis of the TSRN yields stable configurations that correspond to: Tho,
Th1, Th2, Th17, iTreg, Tth, T regulatory Foxp3-independent cells, Th1R, Th2R and GATA3
+IL4- cells (Fig 3B). As this biological patterns can be obtained in the presence of various ex-
trinsic cytokines, we labeled each attractor according to the active transcription factors and
intrinsic cytokines. Resting CD4+ T cells (labeled Th0) were defined as expressing no tran-
scription factors or regulatory cytokines. Th1 was defined as Tbet and IFN-y active [8], Th2 as
GATA3 and IL-4 active [8] and GATA3+ (a Th2-like cell type) as GATA3+IL4-[38]. Th17 was
defined based on RORyt and STATS3 signaling mediated by IL-6 or IL-21, all of which require
the presence of TGF-Be [9-10]. iTreg expressed Foxp3 and TGF-f, IL-10 or both, all of which
require the presence of IL-2e [16]. Interestingly, the TSRN model also predicts a novel set of
steady states that had not been predicted by previous models but that correspond to reported
biological cell types (Fig 3B); for example, Tth cells with Bcl6 and STAT3 signaling mediated
by IL-21 [12]; Th9 cells with IL-9, requiring the presence of TGF-f and extrinsic IL-4 [27]; T
regulatory cells, as Foxp3-independent CD4+ T cells (TrFoxp3-) with TGF-B, IL-10 or both,
but not Foxp3 [52]; Th1 regulatory cells (Th1R) expressing a regulatory cytokine and T-bet
[46]; and Th2 regulatory cells (Th2rR) expressing a regulatory cytokine and GATA3 [47]. The
model does not consider the Th22 cell type [53] because IL-22 was not included in the network
due to the lack of experimental data on this molecule.

To validate the model with experimental data, we simulated loss and gain of function alter-
ations for some nodes. In general, the results agree with the available experimental data, except
in the case of the IL-2 knock-out. IL-2- causes the loss of iTreg cells as these cells require con-
tinuous IL-2 signaling [54,55], but this differs from the actual IL-2 KO mutants, which lose
most CD4+ T cell types because IL-2 is also critical for the activation and survival of CD4+ T
cells. This model also allows us to predict the behavior of the Tr Foxp3-, Th1R and Th2R cell
types in response to various knock-out and over-expression simulations for several transcrip-
tion factors or signaling pathways where no experimental data are available.

We performed a functional robustness analysis in which the logical functions of the network
were altered (S2 Fig) to verify the construction of the functions and the structural properties of
the model and to avoid over-fitting. Altering one of the functions of the network resulted in
1.389% of the initial states attaining a different final attractor than the original final state, and
only 0.219% of the initial states arrived at an attractor that was not in the original set of attrac-
tors of the non-altered network.

To further verify that the results of the Boolean network are not an artifact due to the dis-
crete nature of the model and to further assess the robustness of the attractors to variations in
the node values, we approximated the discrete step-like functions of the Boolean model with
continuous interaction functions [44] (S2 File). The continuous model recovers the same at-
tractors as the Boolean regulatory network. Furthermore, these attractors are stable in response
to small perturbations in the value of the nodes as predicted by the robustness analyses of the
Boolean version of the model.

CD4+ T cell differentiation in response to the micro-environment

Cytokines can be produced by the cell (intrinsic) or by other cells of the immune system (ex-
trinsic). These extrinsic cytokines constitute the micro-environment for CD4+ T cell differenti-
ation. The role of polarizing micro-environments in CD4+ T cell differentiation was assessed
using the TSRN model. In this network, the values of the extrinsic cytokines were fixed at a
given expression level and the network response was analyzed again (Fig 4). ThO, Th1, Th2 and
Tth can be maintained in the absence of extrinsic cytokines or in the presence of effector cyto-
kines such as IFN-y, IL-2, IL-4 or IL-21. Th17, iTreg and Th9 cells require extrinsic TGF-p, IL-
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Fig 4. Effect of the micro-environment on CD4+ T cell differentiation as determined using the TSRN
model. The values of the extrinsic signals of the TSRN were fixed according to different polarizing micro-
environments. The basins of attraction of the resulting attractors were plotted on a logarithmic scale. The
following micro-environments were studied: combinations of all extrinsic cytokines, no extrinsic cytokines
(ThQ), IFN-ye (Th1), IL-4e and IL-2e (Th2), IL-21e and TGF-Be (Th17), TGF-Be and IL-2e (iTreg), IL-10e
(IL10), IL-21e (Tfh), and IL-4e and TGF-Be (Th9).

doi:10.1371/journal.pcbi.1004324.9004

2 and IL-4, respectively, to maintain their homeostatic states [13,56]. TrFoxp3- states can be
maintained in most polarizing micro-environments [57,58]. The recovered behaviors agree
with the experimental data and also with previous models [38].

The importance of the extrinsic cytokines present in the micro-environment can be further
analyzed when the system is studied under polarizing conditions. The presence of extrinsic sig-
nals for a given cell type increases the number of initial states that differentiate into that cell
type, while the absence of extrinsic signals may lead to the loss of a cell type, as is the case with
Th17, iTreg and Th9 cells (Fig 4). The presence of the regulatory cytokines IL-10 and TGF-f
inhibits most effector CD4+ T cells, except for Th17. This finding may explain the presence of
Th17 cells in regulatory micro-environments [59] and provides important insight concerning
the relationship between Th17 and iTreg. Thus, this type of modeling framework and analysis
may prove useful for finding therapeutic approaches to chronic inflammation.

The polarization of the micro-environment towards a particular cell type increases the size of
the basin of attraction and its resistance to transient perturbations. Basin size and attractor stabil-
ity are not identical (S3 Fig). In this way, the environmental signals promote specific cell types
and increase their stability, which likely affects the population dynamics of CD4+ T cells. None-
theless, different CD4+ T cell types coexist during immune responses. Even if the signals in the
micro-environment promote a specific cell type, attractors corresponding to other cell types can
still appear in this micro-environment, but their basin sizes and stability tend to be smaller.

CD4+ T cell plasticity in response to the micro-environment

The ability of the immune system to dynamically respond to environmental challenges de-
pends on its plastic responses. CD4+ T cells are phenotypically plastic, and once differentiated,
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their expression patterns can be altered depending on internal and external cues. This cell plas-
ticity seems to be important for the overall plasticity of immune system responses [1].

To analyze CD4+ T cell plasticity, we transiently perturbed the attractors of the system. For
each attractor we altered the value of one of its nodes and then evaluated the system until an at-
tractor was reached. If the original attractor was reached, we considered the corresponding cell
type as stable towards that perturbation. If a new cell-type was reached, we considered that the
transition from one cell type to another corresponded to phenotypic plasticity. This analysis
was repeated for every node and every attractor. This methodology allowed us determine all
the transitions between cell types, the specific perturbation that caused the transition, and the
path from one cell-type to another. These transient perturbations in the values of the nodes are
equivalent to developmental noise or temporal changes in the micro-environment of the cell.
The result is a cell-fate map where the nodes represent CD4+ T cell types recovered by the
TSRNand the connections represent the possible transitions between pairs of differentiated cell
types (Fig 5, S3 File).

The model recovers the reported transitions corresponding to the polarization of naive CD4
+ T cells into canonical CD4+ T cell types, as well as various events of trans-differentiation be-
tween canonical CD4+ T cell types. Most of the predicted transitions are to or from ThO or to-
wards TrFoxp3-. It is important to clarify that the TCR complex was not included in the
minimal model. Thus, in our model, the ThO attractor represents resting CD4+ T cells. There
are few direct transitions among the Th1, Th2, and Th17 cell types. The few direct transitions
found towards iTreg and Tth can only be achieved in polarizing micro-environments. It is also
possible to transition from one of the main cell types to another one through the Tho,
TrFoxp3-, Th1R, Th2R or GATA3+IL4- attractors. This ability raises multiple questions about
the signals necessary for plasticity in vivo. It is possible that in order to transition from one cell
type to another, some signals have to be maintained for a certain period of time, or that more
than one perturbation is necessary. Further studies are required to determine which conditions
are necessary and sufficient for CD4+ T cell type transitions to further understand CD4+ T
cell plasticity.

Therefore, in the context of this study, we define plasticity as the potential of a given differ-
entiated cell to attain other fates in response to alterations in the expression patterns of their in-
trinsic components and/or of the extrinsic micro-environment. Of the total of 121 possible
transitions between cell types arising from those alterations, the TSRN network yielded 66 cell-
type transitions. Thus, the topology or set of regulatory interactions proposed in this network
generates restrictions in terms of cell types but also in terms of the patterns of cell-fate
transitions.

CD4+ T cells are typically under the influence of particular micro-environments, with spe-
cific cytokines affecting the dynamics of these cells. Depending on the combination of cyto-
kines, some cell types are lost, and transitions among the remaining cell types are also
restricted. To simulate polarizing micro-environments, we fixed the value of the cytokines as-
sociated with pro-Th1 (IFGye), pro-Th2 pro-(IL-4e, IL-2e), pro-Th17 (IL-21e, TGEF-Be), pro-
iTreg (TGF-Be, IL-2e), pro-Tr (IL-10,) pro-Tth (IL-21e) and pro-Th9 (IL-4 and TGF-Be). In
general, the polarizing micro-environment increases the size of the attraction basin, the stabili-
ty and the transition into the attractor. The biological nature of the polarizing signal affects the
nature of the resulting transition. In response to regulatory signals (IL-10e, TGF-e), the ma-
jority of the transitions are towards TrFoxp3-, while inflammatory signals lead to more transi-
tion signals towards Th1 and Th2. All of these results represent interesting predictions that
could be tested experimentally.

Activation of specific CD4+ T transcriptional-signaling regulatory network nodes in-
duces cell type plasticity while inhibitions induce stability. The nature of the perturbation
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A) All extrinsic signal B) IFN-ye (Th1) C) IL-4e and IL-2e (Th2)

D) IL-21e and TGF-Be (Th17) E) TGF-Be and IL-2e (iTreg) F) IL-10e (Tr)

G) IL-21e (Tfh) H) IL-4e and TGF-Be (Th9) I) No extrinsic cytokines (Th0)

Fig 5. Cell fate map in response to the micro-environment and perturbations of the TSRN model. The values of the extrinsic signals of the TSRN were
fixed according to different polarizing micro-environments, and the resulting attractors were transiently perturbed. The nodes represent CD4+ T cell types,
and the node sizes correspond to the size of the basin of attraction. The edges represent transitions between cell types, the width of the edges corresponds
to the number of times the transition occurred in logarithmic scale, and self-loops correspond to perturbations where the network returned to the original cell
type. The following micro-environments were studied: combinations of: (A) all extrinsic cytokines, (B) IFN-ye (Th1), (C)IL-4e and IL-2e (Th2), (D) IL-21e and
TGF-Be (Th17), (E) TGF-Be and IL-2e (iTreg), (F) IL-10e (IL10), (G) IL-21e (Tth), (H) IL-4e and TGF-Be (Th9), (I) no extrinsic cytokines (ThO0).

doi:10.1371/journal.pcbi.1004324.9005
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Fig 6. Cell fate map in response to activating or inhibitory signals of the TSRN model. The attractors of
the network were transiently perturbed in all possible micro-environments. Perturbations were considered
activations (0 — 1) when a previously inactive element was turned on, and inhibitions (1 — 0) when a
previously active element was turned off. The nodes represent CD4+ T cell types, and the node sizes
correspond to the size of the basin of attraction. The edges represent transitions between cell types, the width
of the edges correspond to the number of times the transition occurred on the logarithmic scale. The number
of transitions towards a different or the original cell type were counted for both activations and inactivations.

doi:10.1371/journal.pcbi.1004324.9006

is also important for CD4+ T cell plastic responses or stability (Fig 6). If an inactive node is ac-
tivated (0—1), there is a high probability that a transition from one cell type to another is in-
duced. In contrast, if an active node is inactivated (1—0), there is a high probability that the
system remains in the original cell-type. This pattern may be caused by the topology of the net-
work and, in particular, may depend on the functional feedback loops of the system that are al-
tered. The positive feedback loops of a cell type may increase the stability of an attractor and
help to recover a transiently inactive node, thus stabilizing a given differentiated state. We hy-
pothesize that the activation of a previously inactive node may induce more transitions, as this
alteration likely affects the positive and negative functional circuits of the system [60], thus in-
creasing the chances that the system leads to a new attractor. Further simulations should be
used to exhaustively test how specific regulatory circuits react to transient activations and inhi-
bitions. In any case, the analysis presented in this study enables us to postulate that CD4+ T
cells are expected to be able to react to activation signals and environmental alterations but are
stabilized in response to the transient loss of signals. Thus, the proposed model for CD4+ T cell
dynamics implies that these cells are under an unstable equilibrium between cell-fate stability
and plasticity.

Key nodes for CD4+ T transcriptional-signaling regulatory network
plasticity

While all the elements of the TSRN have previously been shown to be necessary for the differ-
entiation of CD4+ T cells, we wished to address their relative importance in cell plasticity re-
sponses. To evaluate this question, we perturbed each node of all the attractors and measured
how many times the perturbed state changed to a new attractor (Fig 7) and to which new cell
type the system converged (S4 Fig). This process is equivalent to the temporal activation or in-
activation of a transcription factor or an element of the signaling pathway in response to noise.
Alterations of T-bet and TGF-p usually caused the perturbed state to change from one attractor
to another, while RORyt and IL-9 had the least effect on cell-fate transitions. In general, the
system is more sensitive to perturbations in the master transcriptional regulators than to alter-
ations of the cytokines.
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In contrast to previously published T CD4+ network models that only included SOCS1
[37-40], several SOCS-type proteins were considered in the TSRN presented and analyzed
here. SOCS proteins are important for the differentiation and plasticity of CD4+ T cells.
SOCSI is commonly silenced in inflammatory diseases, and over-expression of SOCS3 corre-
lates with allergies [31,51]. To explore the role of SOCS proteins and the impact of alterations
in these proteins on CD4+ T type transitions, we generated a network lacking the inhibitions
mediated by these proteins (Fig 8). This altered system recovers the original attractors includ-
ing ThO, Thl, Th2, Th17, iTreg, Tth, TrFoxp3-, and Th9, but it also predicts novel attractors
expressing RORyt+IL-10+ (Th17R) and GATA3+IL-10+IL-9+ (Th2RIL9+), thus confirming
the importance of SOCS proteins for attaining the Th17 and Th9 cell types. The importance of
IL-10 for CD4+ T cell plasticity dramatically increased in the altered network, while the impor-
tance of the rest of the molecular elements decreased. This result suggests that SOCS proteins
play an important role in stabilizing effector cell types and regulating the Th0 and TrFoxp3-
cell types. SOCS proteins inhibit signal transduction; IL-10 in particular acts through these pro-
teins to regulate CD4+ T cells. This regulation is important to buffer the effect of extrinsic cyto-
kines in the TSRN network model. When SOCS proteins are absent, the network is more
sensitive to changes in extrinsic cytokines and IL-10. Further analyses of the effects of SOCS
proteins on CD4+ T cells and the possibility of updates to the model based on experimental

work should enable the evaluation of more subtle alterations in and combinations of SOCS
proteins.
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Fig 7. Role of different network nodes in the plasticity of the TSRN model. The proportion of transitions
between attractors in response to transient perturbations in the value of each node. On average, 37.76% of
the perturbations result in transitions to another cell type, with 47.12% of perturbations of intrinsic
components resulting in transitions, compared with 24.43% of perturbations of extrinsic cytokines.

doi:10.1371/journal.pcbi.1004324.g007
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Fig 8. Role of SOCS proteins in the differentiation and plasticity of the TSRN model. The interactions mediated by SOCS proteins were removed to
study their role. (A) Cell fate map of CD4+ T cell types when the SOCS protein interactions are removed from the TSRN model. The nodes represent CD4+ T
cell types and the node sizes correspond to the size of the basin of attraction. New attractors corresponding to GATA3+IL9+IL10+ (Th2RTh9) and RORyt+IL-
10+ (Th17R) appeared. The edges represent transitions between cell types, the width of the edges corresponds to the number of times the transition
occurred on logarithmic scale, and self-loops correspond to perturbations where the network returned to the original cell type. (B) Proportion of transitions
between cell types in response to transient perturbations in the value of each node. On average, 21.65% of the perturbations result in transitions to another
cell type, with 17.55% of perturbations of the intrinsic components of the network resulting in transitions, compared with 27.51% of perturbations of

extrinsic cytokines.

doi:10.1371/journal.pcbi.1004324.9008

Discussion

This model provides a mechanistic description of the way in which CD4+ T cell types and plas-
ticity emerge from the interactions among the intrinsic and extrinsic components of the im-
mune response. The study formally shows that, as expected, the interactions among master
transcription factors considered in the TSRN are not sufficient to recover the configurations
characteristic of CD4+ T cell types, nor the reported transition patterns. Furthermore, these re-
sults clearly demonstrate the necessity to include the feedback from signaling pathways in re-
sponse to cytokines to recover most of the range of CD4+ T cell types (ThO, Th1, Th2, Th17,
Tth, Th9, iTreg and T regulatory Foxp3 independent cells) and their transition pathways.

As noted above, CD4+ T cell differentiation does not arise solely from the regulatory action
of the core of the reported "master” transcription factors (TF): T-bet, GATA3, Foxp3, RORyt
and Bcl6. This may be due to the lack of feedforward loops mediated by the transcription fac-
tors RORyt [48] and Bcl6 [49,50]. These results show that the transcriptional regulatory core of
CD4+ T cell differentiation is necessary, but not sufficient for CD4+ T cell differentiation. The
emergence of the different CD4+ T cell types and their transition patterns, requires the feed-
back from cytokine signaling pathways and external cues.

This model provides a formal test for the emergence of different CD4+ T cell types from
feedback or cooperative dynamics among master transcriptional factors, signaling pathway, cy-
tokines produced by the cell and those present in the micro-environment. The proposed model
recovers the observed configurations for the following CD4+ T cell types: ThO, Th1, Th2,
Th17, Tth, Th9, iTreg and T regulatory Foxp3 independent cells [2,4-7]. The model also yields
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the cell types Tth, Th9 and T regulatory Foxp3 independent cells that had not been previously
incorporated into such models [37-40].

CD4+ T cell types depend on signals from other cells for their differentiation and mainte-
nance. The cytokines in the micro-environment restrict which cell types and transitions can be
attained. A cytokine micro-environment that promotes a particular cell type increases its at-
traction basin size, stability and increases the number of transitions towards the promoted cell
type. Nonetheless, different CD4+ T cell types can coexist in micro-environments that do not
promote all the present cell types. For example, the presence of pro-regulatory cytokines IL-10
and TGF-B inhibits most effector cells, except for Th17. This finding may explain the presence
of Th17 cells in regulatory micro-environments [59] and provides important insights concern-
ing the relationship between Th17 and iTreg cells and the paradoxical role of TGF- in inflam-
mation [61]. Thus, the type of modeling framework and analyses presented here may prove to
be useful for efforts to find therapeutic approaches to address chronic inflammation.

The model was also used to analyze the plasticity of CD4+ T cells by systematically testing
how transient perturbations affect the transition patterns among cell types under various
micro-environments. Previous studies focused on cell plasticity in response to different micro-
environments [38] or on the role of specific molecules [40], rather than studying these phe-
nomena as consequences of the global properties of the system. For example, the TSRN faith-
fully captures the polarization of resting CD4+ T cells into Th1, Th2, Th17, iTreg and
Foxp3-independent T cells, but the predicted cell-fate maps lack direct transitions from iTreg
to Th17 and Th17 to Th1 [23-25]. The TSRN model may lack components, interactions or epi-
genetic mechanisms of regulation that are important to enabling such direct transitions [33].
An additional possibility is that signals must be combined during particular lengths of time to
enable some transitions. Further theoretical and experimental research is required to under-
stand the mechanisms underlying CD4+ T cell plasticity. However, the qualitative model pro-
posed here can serve as a framework to incorporate additional details involved in CD4+ T
plasticity.

Our model shows that the activation of specific CD4+ T cell transcriptional-signaling regu-
latory network nodes generally induce cell type plasticity while inhibitions induce stability. The
observed response patterns may be caused by the feedback loops and mutual inhibitions molec-
ular network. These findings are coherent with the fact that the immune system generates a
specific immunological response to particular challenges, maintains this response while the
challenge remains present, and finally downregulates the immune response once the challenge
has passed, thus maintaining homeostasis [3,61].

Our model suggests that T-bet, TGF-B and SOCS proteins are key network components to
recover the observed CD4+ T cell plasticity. Although T-bet is a key transcription factor for
Thl, it also inhibits other transcription factors regulating the differentiation into different cell
types [4]. TGF-B is a critical regulator of the immune response but also plays a key role during
chronic inflammatory responses [61]. SOCS proteins regulate the phosphorylation of STAT
proteins, playing a key role in modulating the signal transduction among different cell types
[31,51]. Determining the key elements enabling cell-type plasticity has possible therapeutic im-
plications, as these findings can help to identify therapeutic targets for modulating the immune
response while predicting and avoiding secondary effects[3,62].

Given the complexity of CD4+ T cell expression patterns and transitions, it remains unclear
whether cytokine expression profiles correspond to lineages or subsets [1-3,22]. The term line-
age implies the stability of the cellular phenotype and that the cell has committed to an expres-
sion pattern and will maintain it in a fairly robust manner, regardless of environmental
alterations. On the other hand, the term subset implies that the cell has a specified expression
pattern but that extrinsic signals are required to maintain that pattern [1,22]. Cell types Thl,
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Th2, Tth and TrFoxp3- can be considered lineages, as they exhibit commitment under different
cytokine milieus, even if the extrinsic signals change, although environmental alterations can
still affect their stability. However, Th17, iTreg and Th9 cells, which require TGF-Be, IL-2e or
IL-4e respectively, are potentially subsets. Th17 and iTreg cells also have small basins of attrac-
tion, low stability, and require extrinsic signals, exhibiting a lack of commitment. Th9 has a
larger basin of attraction than Th17 or iTreg, but is less stable and susceptible to environmental
alterations. Based on our analyses, we propose that the degree of dependence on extrinsic sig-
nals and the stability in response to changes in the micro-environment can provide clearer and
more objective criteria to distinguish between CD4+ T cell subsets and lineages.

CD4+ T cell differentiation and plasticity arises from the feedback among multiple levels of
regulation: transcriptional regulation, signaling pathways and the micro-environment. Study-
ing the molecular network as a dynamic system allows us to understand how the interactions
among the components, the topology of the network, and the dynamic functions of the nodes
give rise to the biological behavior. However, further theoretical and experimental research is
required to understand CD4+ T cells. As our understanding of these cells improves, it will be
possible to incorporate more detailed molecular information, such as the effect of relative ex-
pression levels and the characteristic time courses of expression in the system. This will, in
turn, allow us to recover novel cell types and their relationship with other CD4+ T cell types
and other cells of the immune system. The present model can now be extended to incorporate
multiple cells and their population dynamics [39], relationships with other cells of the immune
system, and the formation of specialized niches that result from the dynamic interaction with
the micro-environment. This approach will allow us to differentiate between CD4+ T cell sub-
sets and lineages, to understand the developmental dynamics between the different cell types,
and to propose approaches to immune system reprogramming that can be used in the clinic.

Methods
Logical modeling formalism: Boolean networks

CD4+ T cell differentiation results from interactions among cytokines, signaling pathways and
transcription factors. These interactions were modeled using Boolean networks that enabled us
to integrate the qualitative nature of complex regulatory systems. A Boolean network is com-
posed of nodes that represent the system s molecular components (i.e., cytokines, signaling
pathways or transcription factors). In a Boolean network, each node represents a component
(gene, protein, phenomenological signal) that can be associated with a discrete variable denot-
ing its current functional level of activity. If the node is functional its value is 1, and if it is not
functional, then its value is 0 (see S1 File). Some nodes required special considerations concern-
ing their activation states in the Boolean model. For example, in the case of GATA3, which is
continuously expressed during T-cell-lineage development and is necessary for lineage com-
mitment and maintenance, GATA3'" is set to 0. As GATA3 is upregulated in Th2 differentia-
tion [63], we set GATA3M8" to 1. Another example concerns STAT proteins, which are
activated when the protein is phosphorylated, forming a dimer that translocates to the nucleus,
where it activates its target genes. In this case, the value for STAT protein activation was only
set to 1 when all the required conditions were met.

The value of a node xi at a time t depends on the value of the input nodes (including itself),
referred to as its regulators. This value can be expressed with a logical function that describes
the behavior of the node through time:

x(1) = ¢(1, 8,8, 8, .. &, &)

PLOS Computational Biology | DOI:10.1371/journal.pcbi.1004324 June 19, 2015 16/23



©PLOS

COMPUTATIONAL

BIOLOGY

CD4+ T Lymphocyte Minimal Regulatory Network

Weak interactions that are not necessary or sufficient, but only modulate a target factor,
were not included in the input regulators of the truth tables (S1 File). Such is the case for
Foxp3, which positively modulates the expression of IL-2Ra, which can be activated and func-
tional in the absence of Foxp3 [64].

An input is a node that affects the values of the network but is independent of the network.
The state of the network S can be represented by a vector that specifies the value of each node.
The state of the network can be represented by a vector S composed of the values of all the
nodes of the system. The state of the network corresponds to the expression patterns of a cell.

Inference of the regulatory functions. Boolean functions were defined based on the avail-
able experimental data for the reported interactions among a network of 85 components (S1
Table). A transcription factor regulates another factor if it binds to the regulatory region of the
latter factor and inhibits or activates is transcription. A cytokine is present if it is either secreted
by the cell (intrinsic) or produced by other cells of the immune system (extrinsic). To separate
the effects of the cytokines produced by the immune system from those of the cytokines pro-
duced by the CD4+ T cell, we label extrinsic cytokines as ILe. Receptors are considered to be ac-
tive when the cytokine is stably bound to a receptor, enabling it to transduce a signal. STAT
proteins are considered active when they are phosphorylated and capable of translocating to
the nucleus. The activation of a STAT protein depends on the presence of interleukin, its cor-
rect binding to the receptor, and subsequent phosphorylation. SOCS proteins inhibit the phos-
phorylation of STAT by competing for the phosphorylation site.

Model reduction

To facilitate the analysis of the network and determine which components were necessary and
sufficient to recover observed profiles and their patterns of transition, we reduced the extended
regulatory network consisting of 85 nodes to one with 18 nodes, including 5 transcription fac-
tors, 7 signaling pathways and 6 extrinsic cytokines. To simplify the network, we assumed that
the signal produced by the TCR and its co-factors was constitutive and ignored weak interac-
tions as well as input and output nodes. Considering that the expression level of node x; at time
t is represented by x;(t), the attractors (steady states) that represent different phenotypes are de-
termined by: x;(t+1) = x;(t).

In that case, the mapping becomes a set of coupled Boolean algebraic equations. The explicit
expressions of the attractors are then obtained by performing the algebraic operations accord-
ing to the axioms of Boolean algebra [44]. Self-regulated nodes were not removed. If a node
was removed, then the logical rules of its targets were modified, maintaining the regulatory
logic and indirect regulation. To verify that we did not remove a necessary node, we recovered
the attractors of the network and ensured that the configurations corresponding to the Tho,
Th1, Th2, Th17 and iTreg states could still be attained (see the details of the reduction methods
used in S1 File).

The reduction was verified using the GINsim[45] software. GINsim uses decision diagrams
to iteratively remove regulatory components and updates the components to maintain the indi-
rect effects. This method preserves the dynamic properties of the original model. The simplifi-
cation with GINsim returned a similar network to the one that we obtained with the Boolean
logic reduction method proposed by Villareal et al. ([44];S1 File).

Dynamic analysis

After inferring and simplifying the network, we studied its dynamic behavior. A regulatory net-
work is a dynamic system. The state of a network will change over time depending on the
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logical functions associated with each node. When the values of a state vector S at t+1 are the
same as those at time t, the system has attained an attractor: S*(t) = S(t + n), n > 1.

An attractor is interpreted as a stable expression phenotype of a cell, representing a cell
type. All the states that lead to a solution S* constitute the basin of attraction of such an at-
tractor. We determined the attractors and basins of attraction of the network using the R li-
brary BoolNet. Attractors were classified depending on the expression of both the master
transcription factors and the main cytokine. ThO was defined as expressing no transcription
factors or regulatory cytokines. Th1 was defined as Tbet and IFN-y active [8], Th2 as GATA3
and IL-4 active [8] and GATA3+ (a Th2-like cell type) as GATA3+IL4-[38]. Th17 was identi-
fied by RORyt and STAT3 signaling mediated by IL-6 or IL-21, all of which require the pres-
ence of TGF-fe [9-10]. The iTreg type was defined by Foxp3 and TGEF-p, IL-10 or both, all of
which require the presence of IL-2e [16]. Tth cells were defined by Bcl6 and STAT3 signaling
mediated by IL-21 [12]. Th9 cells express IL-9, requiring the presence of TGF- and extrinsic
IL-4 [27]. T regulatory Foxp3-independent CD4+ T cells (TrFoxp3-) featured TGF-f, IL-10 or
both, without expressing Foxp3 [52]. Thl regulatory cells (Th1R) express a regulatory cytokine
and T-bet [46]. Th2 regulatory cells (Th2rR) express a regulatory cytokine and GATA3 [47].

Network validation. The network was validated by comparing it with reported knock-out
and over-expression profiles. To simulate loss of function mutations (knock-out) and inhibi-
tions of the signaling pathway, we set the value of the corresponding node to 0 throughout the
complete simulation. To simulate over-expression, the value of the node was set to 1.

The functional robustness of the network was characterized by altering the logical functions
of the network. Functional robustness refers to the invariance of the attractors in response to
noise or perturbations [44]. In this case, to verify that the results of the model did not depend
on over-fitting the logical functions, we perturbed the latter and verified the stability of the re-
sulting attractors and their basins. To achieve this, we randomly selected a large number of en-
tries and flipped their values from 0 to 1 or vice versa, one by one (bit flip). The basins and
attractors were obtained for the altered networks and compared the original basins
and attractors.

To further evaluate the robustness of the network to small changes in the values of the
nodes and interaction functions, we approximated the Boolean step functions as continuous
functions [44]. We replaced the logical functions f(x;) with a set of continuous functions that
satisfy Zadeh's rules of fuzzy propositional calculus. Using this approach for each state variable,
we derived a continuous function, w;(q). The latter functions correspond to step-like (differen-
tiable) activation functions. The continuous system can then be described by:

dq, 1

=——18
dt 2@l

where w; is the input function for node i, w;™" is a threshold level, b is the input saturation rate,

and oy is its relaxation rate. In particular, for b >>1, the activation function becomes a Heavi-
side step function.

Plasticity

The attractors of the network correspond to cell types. A multi-stable system can have multiple
attractors and switch between them in response to alterations in the state of the system [65].
To study the plasticity and robustness of the system we transiently perturbed the attractors of
the network and then evaluated the functions until we arrived at an attractor. This methodolo-
gy enabled us to obtain all the transitions between cell types, the specific perturbations that
caused those transitions, and the path from one cell-type to another. We define an attractor as
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stable when the system remains in the same attractor in the presence of perturbations. The sta-
bility of each attractor in response to changes in the micro-environment and signaling path-
ways was analyzed by characterizing the evolution of the network in response to pulses of
activation or inhibition of specific nodes. To quantify the stability of the attractors of the net-
work, we perturbed the state vector of the solutions for one time step. Then, we counted how
many of the perturbed state vectors stayed in the same attractor to quantify its stability. A sys-
tem is plastic when it can transition from one state to another in response to alterations of the
system. More specifically, the network was said to be plastic when a transition occurred from a
given attractor to another in response to a transient perturbation in the value of one of

its nodes.

Supporting Information

S1 Table. T CD4+ lymphocyte extended regulatory network references.
(XLS)

§2 Table. T CD4+ lymphocyte transcriptional regulatory network model.
(XLS)

§3 Table. T CD4+ lymphocyte transcriptional-signaling regulatory network model.
(XLS)

S1 File. T CD4+ lymphocyte extended regulatory network simplification.
(PDF)

S2 File. T CD4+ lymphocyte transcriptional-signaling continuous regulatory network
model.
(PDF)

S$3 File. Transitions in response to transient perturbations in the nodes of the T CD4+ lym-
phocyte transcriptional-signaling regulatory network.
(PDF)

S1 Fig. T CD4+ lymphocyte extended regulatory network.
(EPS)

S$2 Fig. Validation of the T CD4+ lymphocyte transcriptional-signaling regulatory network.
(A) To validate the TSRN model, we simulated loss of function or null mutations (KO) and
over-expression experiments and compared the results with the available experimental data.
The values of the nodes were set to “0” for simulations of loss-of-function or knock-out experi-
ments and to “1” for over-expression. The color corresponds to the basin size of each attractor
on the logarithmic scale. '—-' represents attractors that were not attained in the original wild
type (WT) network. The attractors marked with (red) "X" correspond to incorrect predictions.
(B) To verify the construction of the functions and the structural properties of the model, we
performed a robustness analysis altering the update rules. Networks with perturbed functions
of the TSRN were generated to test the robustness of the structural properties of the networks
to noise, mis-measurements and incorrect interpretations of the data. After altering one of the
functions of the network, 1.389% of the possible initial states changed their final attractor (yel-
low), and only 0.219% of the possible initial states arrived at an attractor not present in the
original network (red).

(EPS)

S3 Fig. Effect of the environment on the stability of the T CD4+ lymphocyte transcription-
al-signaling regulatory network. The values of the extrinsic signals of the TSRN were fixed
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according to different polarizing micro-environments. Each attractor was transiently per-
turbed, and the proportion of transitions that stayed in the same cell type was plotted on a loga-
rithmic scale. The following micro-environments were studied here: combinations of all
extrinsic cytokines, no extrinsic cytokines (Th0), IFN-ye (Th1), IL-4e and IL-2e (Th2), IL-21e
and TGF-Be (Th17), TGF-Be and IL-2e (iTreg), IL-10e (IL10), IL-21e (Tth), and IL-4e and
TGF-Be (Th9).

(EPS)

S4 Fig. Effect of transient perturbations on the state of the nodes of the T CD4+ lymphocyte
transcriptional-signaling regulatory network. Number of transitions to an attractor in re-
sponse to transient perturbations in the value of each node. The states of the node were per-
turbed during one time step from 1 to 0 (-) or 0 to 1 (+), depending on its state in the

original attractor.

(EPS)

Acknowledgments

This work is presented in partial fulfillment towards Mariana Martinez-Sanchez’ doctoral de-
gree in the program “Doctorado en Ciencias Biomédicas, de la Universidad Nacional Autén-
oma de México”. We acknowledge Diana Romo for her help with many logistical tasks.

Author Contributions

Conceived and designed the experiments: ERAB MEMS. Performed the experiments: MEMS
CV. Analyzed the data: ERAB MEMS LM CV. Contributed reagents/materials/analysis tools:
MEMS. Wrote the paper: MEMS ERAB.

References

1. Bluestone JA, Mackay CR, O’Shea JJ, Stockinger B. The functional plasticity of T cell subsets. Nature
Reviews. 2009; 9(11):811-816. doi: 10.1038/nri2654 PMID: 19809471

2. Sallusto F, Monticelli S. The many faces of CD4 T cells: roles in immunity and disease. Seminars in im-
munology. 2013 Nov; 25(4):249-51. doi: 10.1016/j.smim.2013.11.001 PMID: 24262948

3. Zak DE, Tam VC, Aderem A. Systems-level analysis of innate immunity. Annual review of immunology.
2014 Jan; 32:547-77. doi: 10.1146/annurev-immunol-032713-120254 PMID: 24655298

4. ZhuJ, Yamane H, Paul WEW, WE ZJYHP. Differentiation of effector CD4 T cell populations. Annual re-
view of immunology. 2010 Jan; 28(1):445-89.

5. Jiang S, Dong C. A complex issue on CD4(+) T-cell subsets. Immunological reviews. 2013 Mar; 252
(1):5-11.doi: 10.1111/imr.12041 PMID: 23405891

6. VahediG, KannoY, Sartorelli V, O’Shea JJ. Transcription factors and CD4 T cells seeking identity:
masters, minions, setters and spikers. Immunology. 2013 Jul; 139(3):294-8. doi: 10.1111/imm.12113
PMID: 23586907

7. Yamane H, Paul WE. Early signaling events that underlie fate decisions of naive CD4(+) T cells toward
distinct T-helper cell subsets. Immunological reviews. 2013 Mar; 252(1):12-283. doi: 10.1111/imr.12032
PMID: 23405892

8. Mosmann TR Cherwinski H. Two types of murine helper T cell clone. | Definition according to profiles of
lymphokine activities and secreted proteins J Immunol. 1986; 136:2348-2357. PMID: 2419430

9. Onishi RM, Gaffen SL. Mechanisms of Interleukin-17 and its target interleukin-17 function in disease.
Immunology. 2010 Mar; 129(3):311-321. doi: 10.1111/j.1365-2567.2009.03240.x PMID: 20409152

10. Kolls JK, Khader SA. The role of Th17 cytokines in primary mucosal immunity. Cytokine & growth factor
reviews. 2010 Dec; 21(6):443—448.

11. Breitfeld D, Ohl L, Kremmer E, Ellwart J, et al. Follicular B helper T cells express CXC chemokine re-
ceptor 5, localize to B cell follicles, and support immunoglobulin production. The Journal of experimen-
tal medicine. 2000 Dec; 192(11):1545-52. PMID: 11104797

PLOS Computational Biology | DOI:10.1371/journal.pcbi.1004324 June 19, 2015 20/23



O PLOS | saiogsmona:

CD4+ T Lymphocyte Minimal Regulatory Network

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22,

23.

24,

25.

26.

27.

28.

29.

30.

31.

32.

33.

Choi YS, Yang Ja, Crotty S. Dynamic regulation of Bcl6 in follicular helper CD4 T (Ttfh) cells. Current
opinion in immunology. 2013 Jun; 25(3):366—72. doi: 10.1016/j.coi.2013.04.003 PMID: 23688737

Putheti P, Awasthi A, Popoola J, Gao W, Strom TB. Human CD4 memory T cells can become CD4+IL-
9+ T cells. PloS one. 2010 Jan; 5(1):e8706. doi: 10.1371/journal.pone.0008706 PMID: 20090929

LuY,Hong S, LiH, Park J, Hong B, Wang L, et al. Th9 cells promote antitumor immune responses in
vivo. The Journal of clinical investigation. 2012 Nov; 122(11):4160-71. doi: 10.1172/JC165459 PMID:
23064366

Sakaguchi S, Sakaguchi N, Asano M, Iltoh M, Toda M. Immunologic Self-Tolerance Maintained by Acti-
vated T cells Expressing IL-2 Receptor alpha-Chains (CD25). The Journal of Immunology. 1995 Aug;
155(3):1151. PMID: 7636184

Rudensky AY. Regulatory T cells and Foxp3. Immunological reviews. 2011 May; 241(1):260-268. doi:
10.1111/j.1600-065X.2011.01018.x PMID: 21488902

Rutz S, Ouyang W. Regulation of interleukin-10 and interleukin-22 expression in T helper cells. Current
opinion in immunology. 2011 Oct; 23(5):605—12. doi: 10.1016/j.c0i.2011.07.018 PMID: 21862302

Goswami R, Kaplan MH. A brief history of IL-9. Journal of immunology (Baltimore, Md: 1950). 2011
Mar; 186(6):3283-8. doi: 10.4049/jimmunol.1003049 PMID: 21368237

Li H, Rostami A. IL-9: basic biology, signaling pathways in CD4+ T cells and implications for autoimmu-
nity. Journal of neuroimmune pharmacology: the official journal of the Society on Neurolmmune Phar-
macology. 2010 Jun; 5(2):198-209. doi: 10.1007/s11481-009-9186-y PMID: 20020328

Shin K, Wang YH, Santori FR, Boggiano C, Arima K, Bover L, et al. Identification of IL-17-producing
FOXP3+ regulatory T cells in humans. Proceedings of the National Academy of Sciences of the United
States of America. 2009 Mar; 106(12):4793-8. doi: 10.1073/pnas.0900408106 PMID: 19273860

Murphy KM, Stockinger B, Manuscript A. Effector T cell plasticity: flexibility in the face of changing cir-
cumstances. Nature immunology. 2010 Aug; 11(8):674—680. doi: 10.1038/ni.1899 PMID: 20644573

O’Shea J, Paul WE. Mechanisms underlying lineage commitment and plasticity of helper CD4+ T cells.
Science (New York, NY). 2010 Feb; 327(5969):1098—102. doi: 10.1126/science.1178334 PMID:
20185720

Nakayamada S, Takahashi H, Kanno Y, O’Shea JJ. Helper T cell diversity and plasticity. Current Opin-
ion in Immunology. 2012 Jun; 24(3):297-302. doi: 10.1016/j.coi.2012.01.014 PMID: 22341735

Muranski P, Restifo NP. Essentials of Th17 cell commitment and plasticity. Blood. 2013 Mar; 121
(13):2402—14. doi: 10.1182/blood-2012-09-378653 PMID: 23325835

Hirota K, Duarte JaH, Veldhoen M, Hornsby E, Li Y, Cua DJ, et al. Fate mapping of IL-17-producing T
cells in inflammatory responses. Nature immunology. 2011 Mar; 12(3):255-63. doi: 10.1038/ni.1993
PMID: 21278737

Kleinewietfeld M, Hafler DA. The plasticity of human Treg and Th17 cells and its role in autoimmunity.
Seminars in immunology. 2013 Nov; 25(4):305—-12. doi: 10.1016/j.smim.2013.10.009 PMID: 24211039

Kaplan MH. Th9 cells: differentiation and disease. Immunological reviews. 2013 Mar; 252(1):104—15.
doi: 10.1111/imr.12028 PMID: 23405898

Nurieva RI, Chung Y, Hwang D, Yang XO, Kang HS, Ma L, et al. Generation of T follicular helper cells
is mediated by interleukin-21 but independent of T helper 1, 2, or 17 cell lineages. Immunity. 2008 Jul;
29(1):138-149. doi: 10.1016/j.immuni.2008.05.009 PMID: 18599325

Yang XO, Nurieva R, Martinez GJ, Kang HS, Chung Y, Pappu BP, et al. Molecular antagonism and
plasticity of regulatory and inflammatory T cell programs. Immunity. 2008 Jul; 29(1):44—56. doi: 10.
1016/j.immuni.2008.05.007 PMID: 18585065

Zaretsky AG, Taylor JJ, King IL, Marshall FA, Mohrs M, Pearce EJ, et al. T follicular helper cells differ-
entiate from Th2 cells in response to helminth antigens. The Journal of experimental medicine. 2009
May; 206(5):991-999. doi: 10.1084/jem.20090303 PMID: 19380637

Yoshimura A, Suzuki M, Sakaguchi R, Hanada T, Yasukawa H. SOCS, Inflammation, and Autoimmuni-
ty. Frontiers in Immunology. 2012; 3(March):1-9. doi: 10.3389/fimmu.2012.00001 PMID: 22679445

Cobbold SP, Adams E, Nolan KF, Regateiro FS, Waldmann H. Connecting the mechanisms of T-cell
regulation: dendritic cells as the missing link. Immunological reviews. 2010 Jul; 236:203—18. doi: 10.
1111/j.1600-065X.2010.00913.x PMID: 20636819

Kanno Y, Vahedi G, Hirahara K, Singleton K, O’'Shea JJ, Shea JJO. Transcriptional and epigenetic con-
trol of T helper cell specification: molecular mechanisms underlying commitment and plasticity. Annual
review of immunology. 2012 Jan; 30:707—-731. doi: 10.1146/annurev-immunol-020711-075058 PMID:
22224760

PLOS Computational Biology | DOI:10.1371/journal.pcbi.1004324 June 19, 2015 21/23



O PLOS | saiogsmona:

CD4+ T Lymphocyte Minimal Regulatory Network

34.

35.

36.

37.

38.

39.
40.

41.

42,

43.

44.

45.

46.

47.

48.

49.

50.

51.

52.

53.

54.

55.

Albert R, Thakar J. Boolean modeling: a logic-based dynamic approach for understanding signaling
and regulatory networks and for making useful predictions. Wiley Interdisciplinary Reviews: Systems
Biology and Medicine. 2014 Sep; 6(5):353-369. PMID: 25269159

Wang RS, Saadatpour A, Albert R. Boolean modeling in systems biology: an overview of methodology
and applications. Physical biology. 2012 Oct; 9(5):055001. doi: 10.1088/1478-3975/9/5/055001 PMID:
23011283

Azpeitia E, Benitez M, Padilla-Longoria P, Espinosa-Soto C, AlvarezBuylla ER. Dynamic network-
based epistasis analysis: boolean examples. Frontiers in plant science. 2011 Jan; 2:92. doi: 10.3389/
fpls.2011.00092 PMID: 22645556

Mendoza L, Pardo F. A robust model to describe the differentiation of T-helper cells. Theory in biosci-
ences Theorie in den Biowissenschaften. 2010 Oct;p. 283—293.

Naldi A, Carneiro J, Chaouiya C, Thieffry D. Diversity and Plasticity of Th Cell Types Predicted from
Regulatory Network Modelling. PLoS Computational Biology. 2010 Sep; 6(9):e1000912. doi: 10.1371/
journal.pcbi.1000912 PMID: 20824124

Mendoza L. A Virtual Culture of CD4+ T Lymphocytes. Bulletin of mathematical biology. 2013 Jan

Carbo A, Hontecillas R, Kronsteiner B, Viladomiu M, Pedragosa M, Lu P, et al. Systems modeling of
molecular mechanisms controlling cytokine-driven CD4+ T cell differentiation and phenotype plasticity.
PLoS computational biology. 2013 Apr; 9(4):e1003027. doi: 10.1371/journal.pcbi.1003027 PMID:
23592971

Chaves M, Albert R. Studying the effect of cell division on expression patterns of the segment polarity
genes. Journal of the Royal Society, Interface / the Royal Society. 2008 Aug; 5 Suppl 1:571-84. doi:
10.1098/rsif.2007.1345.focus PMID: 18434279

Mendoza L, Sa Ye, Sanchez-Corrales YE, Alvarez-Buylla ER. The Arabidopsis thaliana flower organ
specification gene regulatory network determines a robust differentiation process. Journal of theoretical
biology. 2010 Jun; 264(3):971-83. doi: 10.1016/}.jtbi.2010.03.006 PMID: 20303988

Felix MA. Caenorhabditis elegans vulval cell fate patterning. Physical biology. 2012 Aug; 9(4):045001.
doi: 10.1088/1478-3975/9/4/045001 PMID: 22871570

Villarreal C, Padilla-Longoria P, Alvarez-Buylla ER. General Theory of Genotype to Phenotype Map-
ping: Derivation of Epigenetic Landscapes from N-Node Complex Gene Regulatory Networks. Physical
Review Letters. 2012 Sep; 118102(September):1-5.

Naldi A, Berenguier D, Fauré A, Lopez F, Thieffry D, Chaouiya C. Logical modelling of regulatory net-
works with GINsim 2.3. Bio Systems. 2009 Aug; 97(2):134-9. doi: 10.1016/j.biosystems.2009.04.008
PMID: 19426782

Koch Ma, Tucker-Heard G, Perdue NR, Killebrew JR, Urdahl KB, Campbell DJ, et al. The transcription
factor T-bet controls regulatory T cell homeostasis and function during type 1 inflammation. Nature im-
munology. 2009 Jun; 10(6):595-602. doi: 10.1038/ni.1731 PMID: 19412181

Wohlfert EA, Grainger JR, Bouladoux N, Konkel JE, Oldenhove G, Ribeiro CH, et al. GATAS controls
Foxp3+ regulatory T cell fate during inflammation in mice. The Journal of clinical investigation. 2011
Nov; 121(11):4503-4515. doi: 10.1172/JCI57456 PMID: 21965331

Ciofani M, Madar A, Galan C, Sellars M, Mace K, Pauli F, et al. A Validated Regulatory Network for
Th17 Cell Specification. Cell. 2012 Sep; 151(2):1-15.

Zhang N, Bevan MJ. Transforming Growth Factor-8 Signaling Controls the Formation and Maintenance
of Gut-Resident Memory T Cells by Regulating Migration and Retention. Immunity. 2013 Oct; 39
(4):687—696. doi: 10.1016/j.immuni.2013.08.019 PMID: 24076049

Pasqualucci L, Migliazza A, Basso K, Houldsworth J, Chaganti RSK, Dalla-Favera R. Mutations of the
BCLS6 protooncogene disrupt its negative autoregulation in diffuse large Bcell lymphoma. Blood. 2003
Apr; 101(8):2914-23. PMID: 12515714

Ca Knosp, Ja Johnston. Regulation of CD4+ T-cell polarization by suppressor of cytokine signalling
proteins. Immunology. 2012 Feb; 135(2):101-11. doi: 10.1111/j.1365-2567.2011.03520.x PMID:
22044277

Weiner HL. The mucosal milieu creates tolerogenic dendritic cells and T(R)1 and T(H)3 regulatory
cells. Nature immunology. 2001 Aug; 2(8):671-2. PMID: 11477400

Duhen T, Geiger R, Jarrossay D, Lanzavecchia A, Sallusto F. Production of interleukin 22 but not inter-
leukin 17 by a subset of human skin-homing memory T cells. Nature immunology. 2009 Aug; 10
(8):857—-863. doi: 10.1038/ni.1767 PMID: 19578369

Zhu J Cote-Sierra J GLPWE, Zhu J, Cote-Sierra J, Guo L, Paul WE, WE ZJCSJGLP. Stat5 activation
plays a critical role in Th2 8differentiation. Immunity. 2003 Nov; 19(5):739-748. PMID: 14614860

et al Kagami S Nakajima H SAHKSK, et al Kagami S Nakajima H SAHKSK. Stat5a regulates T helper
cell differentiation by several distinct mechanisms. Blood. 2001; 97:2358-2365. PMID: 11290598

PLOS Computational Biology | DOI:10.1371/journal.pcbi.1004324 June 19, 2015 22/23



O PLOS | saiogsmona:

CD4+ T Lymphocyte Minimal Regulatory Network

56.

57.

58.

59.

60.

61.

62.

63.

64.

65.

Manel N, Unutmaz D, Littman DR. The differentiation of human T(H)-17 cells requires transforming
growth factor-beta and induction of the nuclear receptor RORgammat. Nature immunology. 2008 Jun;
9(6):641-649. doi: 10.1038/ni.1610 PMID: 18454151

Carrier Y, Yuan J, Kuchroo VKVKK, Weiner HLHLHL. Th3 Cells in Peripheral Tolerance. I. Induction of
Foxp3-Positive Regulatory T Cells by Th3 Cells Derived from TGF-B T Cell-Transgenic Mice. The Jour-
nal of Immunology. 2011; 178(1):179.

Barnes MJ, Powrie F. Regulatory T cells reinforce intestinal homeostasis. Immunity. 2009 Sep; 31
(3):401-11. doi: 10.1016/j.immuni.2009.08.011 PMID: 19766083

Littman DR, Rudensky AY. Th17 and regulatory T cells in mediating and restraining inflammation. Cell.
2010 Mar; 140(6):845-858. doi: 10.1016/j.cell.2010.02.021 PMID: 20303875

Mendoza L, Thieffry D, Alvarez-Buylla ER. Genetic control of flower morphogenesis in Arabidopsis
thaliana: a logical analysis. Bioinformatics. 1999 Jul; 15(7):593-606. PMID: 10341422

McGeachy MJ, Bak-Jensen KS, Chen Y, Tato CM, Blumenschein W, McClanahan T, et al. TGF-beta
and IL-6 drive the production of IL-17 and IL-10 by T cells and restrain T(H)-17 cell-mediated pathology.
Nature immunology. 2007 Dec; 8(12):1390—7. PMID: 17994024

Germain RN, Meier-Schellersheim M, Nita-Lazar A, Fraser IDC. Systems biology in immunology: a
computational modeling perspective. Annual review of immunology. 2011 Apr; 29:527-85. doi: 10.
1146/annurev-immunol-030409-101317 PMID: 21219182

Ho IC, Tai TS, Pai SY. GATA3 and the T cell lineage: essential functions before and after T-helper-2-
cell differentiation. Nat Rev Immunol. 2009 Feb; 9(2):125-135. doi: 10.1038/nri2476 PMID: 19151747

Liao W, Lin JX, Wang L, Li P, Leonard WJ. Modulation of cytokine receptors by IL-2 broadly regulates
differentiation into helper T cell lineages. Nature immunology. 2011 Jun; 12(6):551-559. doi: 10.1038/
ni.2030 PMID: 21516110

van den Ham HJ, de Boer RJ. Cell division curtails helper phenotype plasticity and expedites helper T-
cell differentiation. Immunology and cell biology. 2012 Oct; 90(9):860-8. doi: 10.1038/icb.2012.23
PMID: 22565392

PLOS Computational Biology | DOI:10.1371/journal.pcbi.1004324 June 19, 2015 23/23



Capitulo 3

The CD4+4 T cell regulatory
network mediates inflammatory
responses during acute
hyperinsulinemia: a simulation

study

64



bioRxiv preprint first posted online Jun. 13, 2016; doi: http://dx.doi.org/10.1101/058743. The copyright holder for this preprint (which was not
peer-reviewed) is the author/funder. All rights reserved. No reuse allowed without permission.

The CD4+ T cell regulatory network mediates inflammatory responses
during acute hyperinsulinemia: a simulation study

M.E. Martinez-Sanchez'?, M. Hiriart?®, E. R. Alvarez-Buylla***

! Departamento de Ecologia Funcional, Instituto de Ecologia, Universidad Nacional Auténoma de México.

2 Centro de Ciencias de la Complejidad, Universidad Nacional Auténoma de México.

® Departamento de Neurodesarrollo y Fisiologia, Instituto de Fisiologia Celular, Universidad Nacional Auténoma de
Meéxico.

* To whom correspondence should be addressed: eabuylla@gmail.com

Abstract

Obesity is linked to insulin resistance, high insulin levels, chronic inflammation, and alterations in the
behavior of CD4+ T cells. Despite the biomedical importance of this condition, the system-level
mechanisms that alter CD4+ T cell differentiation and plasticity are not well understood. We model
how hyperinsulinemia alters the dynamics of the CD4+ T regulatory network, and this, in turn,
modulates cell differentiation and plasticity. Different polarizing micro-environments are simulated
under basal and high levels of insulin to assess impacts on cell-fate attainment and robustness in
response to transient perturbations. In the presence of high levels of insulin Thl and Th1l7 become
more stable to transient perturbations and their basin sizes are augmented, 1L10 producing regulatory T
cells become less stable or disappear, while TGFB producing cells remain unaltered. Hence, the model
provides a dynamic system-level explanation for the documented apparently paradoxical role of TGFB
in both inflammation and regulation of immune responses and the emergence of the adipose Treg
phenotype. Furthermore, our simulations provide novel predictions on the impact of the micro-
environment in the coexistence of the different cell types, proposing that in pro-Th1l, pro-Th2 and pro-
Th17 environments effector and regulatory cells can coexist, but that high levels of insulin severely
affect regulatory cells, specially in a pro-Th17 environment. This work provides a system-level formal
and dynamic framework to integrate further experimental data in the study of complex inflammatory
diseases.

Introduction

Obesity-associated chronic inflammation is a complex phenomenon that results from the interaction
between adipose tissue, hyperinsulinemia, and chronic inflammation (1-4). Together, these linked
conditions increase the risk to develop metabolic syndrome and type 2 diabetes mellitus. To understand
how such complex syndrome emerges, it is necessary to use an integrative, system-level and dynamic
approach that takes into consideration: the non-linearity of the interactions, the strong effect of the
environment, the constant crosstalk and feed forward interactions among the genetic and non-genetic
components involved, and the synchronic or concerted nature of various regulatory events and
conditions involved occur (5-8). Most studies have focused on the direct relationship between
macrophages and obesity (9), meanwhile, important questions concerning the relationship between
obesity, insulin, and CD4+ T cell types populations and plastic changes among them remain
unaddressed. These probably play important roles in the onset of inflammatory responses, and their
systemic impact remains unresolved. A starting point, involves understanding: (i) the complex
regulatory network involved in the cell fate attainment of CD4+ T cell types (10-12), (ii) how such
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network responds to extracellular metabolic and environmental conditions (13-14) (iii) how the
resulting system modulates the inflammatory and immune responses (1-4).

Obesity-associated chronic inflammation result from prolonged excessive nutrient intake (15,
16). Under such condition, adipocytes in the visceral adipose tissue (VAT) stimulate the inflammatory
response by producing pro-inflammatory cytokines, increasing activated macrophages, but also altering
the CD4+ T cell population which likely feedbacks to inflammation (15, 17). This inflammatory
response causes a decrease in glucose intake, which affects glucose metabolism and may indirectly
promote an increase in insulin production by beta cells (1-4, 15, 16, 18). Hyperinsulinemia is strongly
associated with metabolic syndrome that is typified by obesity, hypertension, dyslipidemia, renal
failure, fatty liver disease, certain cancers and cardiovascular diseases, among others. Despite the fact
that such syndrome is clearly characterized, we still do not understand the system-level underlying
mechanisms, as well as the global health consequences associated to hyperinsulinemia (18).

CD4+ T cells are fundamental modulators of immune challenges and the homeostasis of the
immune system. Naive CD4+ T cells (ThO) are activated when they recognize an antigen in a
secondary lymphoid organ. CD4+ T cells may attain different cell fates depending on the cytokine
milieu and other signals in their micro-environment. The cytokines can be produced by the lymphocyte
(intrinsic) or by other immune cells (extrinsic). The different cell types express characteristic
transcription factors and cytokines and have been associated with specific roles in the immune system
(19). The classification of CD4+ T cells in subsets has been complicated, as they are highly
heterogeneous and plastic. There are reports of hybrid cells that express transcription factors and
cytokines from more than one cell type (20, 21), for example. Furthermore, CD4+ T cells can
plastically alter their expression patterns in response to environmental conditions (22-24). Such
complex and dynamic plastic behavior has started to be explained at the system level using multistable
network models (10-12).

Regulatory T cells maintain immune tolerance; regulate lymphocyte homeostasis, activation,
and function. Regulatory T cells can be classified into various types. Treg cells are characterized by the
transcriptional factor Foxp3, high expression of CD25+, and they produce TGFp and IL10. But, these
two cytokines can also be expressed independently of Foxp3. TGFp is necessary for the differentiation
of regulatory Tregs and effector Th17 cells. TGFp has a context-specific role in the immune response;
it can suppress or enhance the immune reaction, depending on its cofactors (25-27). IL-10 is an
immunosuppressive cytokine produced by many cells of the immune response. It acts as a feedback
regulator of the immune response by inhibiting the production of inflammatory cytokines (28).
Moreover, T cells that express Tbet or GATA-3, in addition to certain regulatory factors, are important
in regulating the Th1 and Th2 response (29-31).

CD4+ T cells are involved in the inflammatory feedback loop in obesity-associated tissue
inflammation. In the obese VAT murine models and humans, an enrichment of the Thl and Th17
populations and a decrease in regulatory T cells has been described (3, 32-34). Thl and Th17 cells
produce proinflammatory cytokines that inhibit insulin signaling. The transcriptional profiles and
functions of Tregs are also altered, they express proinflammatory cytokines like IFNy, and I1L-10. This
change in expression patterns causes Tregs to cluster with inflammatory T cells (3, 32-34). While TGFp
is detectable in adipose tissue, its role in regulating Treg cells is unclear (34). Paradoxically, it has been
reported that adipose tissue Treg cells decrease seems to both, improve and worsen insulin resistance
(33, 35, 36). Such behavior could be linked to a multistable dynamic underlying system such as that
recently proposed to study CD4+ T cell differentiation and plasticity (10-12). On the other hand, the
general metabolic state of an individual also affects CD4+ T cells. Obesity is associated with increased
insulin levels, which affects CD4+ T cells. Insulin is necessary for the survival and proliferation of
activated CD4+ T cells. Effector T cells, such as Thl, Th2 and Th1l7, depend on glycolysis, while
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resting (not activated) regulatory and memory T cells depend mainly on lipid oxidation. But in obese
VAT, the high levels of insulin over-activate the AKT pathway, inhibiting IL-10 production and its
regulatory functions in CD4+ T cells (14). Hence, the relationship between insulin resistance and CD4+
T cells is still unclear.

We propose here a theoretical simulation study, to explore the molecular interactions between
the previously published CD4+ T cell regulatory network (12) and insulinemia (14). Such a system-
level mechanistic approach is fundamental for understanding CD4+ T cell differentiation and plasticity
dynamics at the cellular level in response to the metabolic state of hyperinsulinemia. We also analyze
such altered dynamics of CD4+ T cell dynamics under different IL10 environments. We used the
Boolean regulatory network for studying CD4+ T cell differentiation and plasticity dynamics in
response to insulin. The system includes transcription factors, signaling pathways, intrinsic and
extrinsic cytokines (12), as well as the impact of basal and high levels of insulin (14). The model
recovers the differentiation of T CD4+ cells, including effector (Th1, Th2, Th17) and regulatory (iTreg,
ThlR, Th2R, Foxp3-1L10+ and Foxp3-TGFp+ cells) cell types (12,19). Here, we show how
hyperinsulinemia shapes CD4+ T cell attainment by reducing the production of IL-10 and causing a
shift towards pro-inflammatory, resting, or TGFp+ producing cell types. Constant pro-regulatory
signals can counteract this change. We also explore how the presence of high levels of insulin in the
environment alters the plasticity of CD4+ T cell in response to transient fluctuations in the elements of
the network. High insulin also favors transitions towards inflammatory, resting or TGFB+ producing
cell types and reduces the stability of regulatory cell types. In this way, we show how the CD4+ T cell
molecular network model proposed before (12) seems to mediate the observed cellular behavior in
obesity-associated chronic inflammation. This network model constitutes a useful framework to further
explore the system-level mechanisms involved in inflammatory conditions including obesity.

Results
CD4+ T cell regulatory network

We expanded the previously published T CD4+ cell transcriptional-signaling regulatory network (12) to
include the effect of insulin in the differentiation of CD4+ T cells, according to experimental data (14).
The CD4+ T cell differentiation/plasticity network focuses in activated CD4+ T cells in VAT, and was
grounded on experimental data [File S1]. Using this model we studied the role of the different network
components in the cellular dynamics and the impact of the environment in cell fate attainment and
plasticity patterns [Figure 1]. The model focuses on inactivated CD4+ T cells; it assumes that the T cell
receptor (TCR) and its cofactors are active, and ignores the differences in glycolysis and lipid oxidation
metabolism between effector and regulatory T cells. Furthermore, as the model is a minimal network,
various components of the system were simplified, but previous simulations guarantee that the main
dynamic regulatory motifs and feedback are considered (12). Given the available data, the model
focuses on the observed behaviors in the VAT ignoring the contributions of other tissues. It also focuses
on the first stage of hyperinsulinemia, ignoring long term effects, such as those presented under insulin
resistance (9, 34, 36). The model does not include the dynamic interaction with adipocytes or
macrophages, nor the effect of sexual hormones (15-17).
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Fig 1. Experimental design of simulations. (A) The network and regulatory functions were grounded
on published experimental results. (B) The different inflammatory conditions were simulated by fixing
the values of the input nodes of the network, that represent the extrinsic cytokines present in the micro-
environment. For each simulated condition, the attractors and basins of attraction of the network were
obtained. (C) The attractors of the network were perturbed by fixing the value of the target node for one
time step and then returning the node to its original function or value; the system attractor was
determined.

The nodes of the network correspond to transcription factors, signaling pathways and cytokines,
while the edges correspond to the regulatory interactions between the nodes and are modeled as
Boolean functions [Figure 1A; [Table S1]]. The resulting network contains 19 nodes and 54
interactions [Figure 2, BioModelsDatabase: MODEL1606020000]. The nodes include: transcription
factors (Tbet, GATA3, RORyt, Foxp3), the effector and regulatory cytokines produced by the cell and
their signaling pathways (intrinsic) (IFNy, IL-2, IL-4, IL-21, TGFB and IL-10), and the cytokines
produced by the rest of the immune system (extrinsic) (IFNye, IL-2e, IL-4e, IL-10e, IL-12e, IL-21e,
IL-27e, and TGFf3e). To simulate the effect of hyperinsulinemia we extended the previous network to
add the regulation of IL-10 by insulin via the AKT pathway (14); and the STAT3-signaling cytokines:
IL-10, IL-6, and IL-21 all use STAT3. We assumed that a different pathway mediates IL-10 signaling
than IL-6/IL-21. As the model focuses on activated CD4+ T cells, we assume that the TCR signaling
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pathway is constitutively active and did not include explicitly this component in the network. The state
of a node represents whether the biological component is active (1) or inactive (0). A node is active
when it is capable of altering the regulation of other components of the immune system. For example,
as CD4+ T cells require a basal level of insulin to survive, we considered this basal level to have a
value of 0, while a higher insulin concentration, that is capable of affecting IL-10, is fixed to 1(14, 37).
In other words, hyperinsulinemia is simulated by setting the “insulin” node to 1.
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Fig 2. CD4+ T cell regulatory network. The network includes transcription factors (rectangles),

intrinsic cytokines and their signaling pathways (ellipses), and extrinsic cytokines and insulin (ellipses).

Node colors correspond to cell types in which each molecule is generally expressed (state = 1): Th1
(yellow), Th2 (green), Th17 (red), iTreg (blue), and insulin (orange). Activations between elements are
represented with black arrows, and inhibitions with red dotted arrows. An * is used to indicate the new

nodes considered in this network model with respect to that in (12).

»

Cytokines can be produced by the cell (intrinsic) or by other cells of the immune system (extrinsic).
Such extrinsic cytokines constitute the micro-environment and have an important role in CD4+ T cell
differentiation and plasticity. Extrinsic cytokines were considered as inputs of the system [Figure 1B].
To study the effect of the micro-environment we focused on six biologically relevant environments:
pro-ThoO or resting, pro-Th1, pro-Th2, pro-Th17, pro-iTreg, and pro-IL10 [Table 1].

Environment Cytokines Active nodes
pro-ThO no cytokines None

pro-Thl IFNy, IL-12 IFNGe, IL12e
pro-Th2 IL-2, IL-4 IL.2e, IL4e
pro-Th17 IL-21 (or IL-6), TGF IL.21e, TGFBe
pro-iTreg IL-2, TGFf3 IL.2e, TGFBe
pro-IL10 IL-10, 1L-27 IL10e, IL27e

Table 1: Environments of the CD4+ T cell regulatory network.
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The stable states to which a regulatory network converge are called attractors, and can be
interpreted as the expression profiles of the biological cell types (37, 38) [Figure 1B]. We labeled each
attractor according to the active transcription factors and intrinsic cytokines [Table S2]. ThO, resting T
cells, were defined as expressing no transcription factors or regulatory cytokines. Th1 was defined as
having Tbet and IFNy active, Th2 as GATA3 and IL-4 active and GATA3+ (a Th2-like cell type) as
GATA3+IL4-. Th17 cells are characterized by the expression of RORyt and STAT3 signaling mediated
by IL-6 or IL-21, all of which require the presence of TGF-fe. The iTreg type has Foxp3 and TGFf,
IL-10 or both, all of which require the presence of IL-2e. T regulatory Foxp3-independent cells feature
IL-10 (IL10+), TGF-B (TGFp+) or both (IL10+TGFf+), without expressing Foxp3. Thl regulatory
cells (Th1R) express a regulatory cytokine and T-bet [46]. Th2 regulatory cells (Th2rR) express a
regulatory cytokine and GATA3. The attractors obtained by the CD4 + T cell network correspond to
configurations that are characteristic of: ThO, Thl, ThiR, Th2, GATA3+, Th2R, Th17, iTreg,
TGFB+IL10+, TGFB+ and IL10+ CD4+ T cells [Figure S1] {Zhu2010, MartinezSanchez2015}.

Effect of insulin on CD4+ T cell differentiation
To simulate the effects of insulin, we obtained the attractors in the different micro-environments in the
presence of basal levels (state of the “insulin” node to 0) or high levels (state of the “insulin” node to 1)
of insulin [Figure 3]. To simulate the different environments we fixed the values of the input nodes
according to each environment as listed in Table 1. Then, we determined and labeled the resulting
attractors to obtain the predicted cell types under each environment and insulin condition [Figure 1B].
Our model shows that in effector polarizing environments with basal levels of insulin, like pro-
Th1, pro-Th2 and pro-Th17, effector and regulatory cells coexist. In a pro-iTreg environment there is a
coexistence of iTreg and Th17 cells. But in a pro-IL10 we see a strong polarization towards regulatory
T cells and no effector CD4+ T cells. We observed that in the presence of high levels of insulin there is
a marked decrease of the attractors that express IL-10 (Th1R, Th2R, and IL10+TGFf+), and the
remaining attractors tend to express TGF[3. There is an increase in the size of the basins of attraction of
the Th17 and Th1 attractors. This is particularly notable in the pro-Th17 insulin environment, where the
Th1R and IL10+TGFp+ disappear, and the network converges to Th17. In the case of the Th1 attractor
the increase in its basin size is smaller. Interestingly, this behavior corresponds to the observed increase
in Th1l and Th17 and the decrease in Treg cells and IL-10 in obesity-associated chronic inflammation.
The only exception to this pattern was observed under the pro-IL10 environment that remains
unchanged by the level of insulin.
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Fig 3. Effect of the micro-environment on CD4+ T cell differentiation. The values of the extrinsic
signals of the TSRN were fixed according to different polarizing microenvironments. The color
corresponds to the size of the basins of attraction on a logarithmic scale.

Effect of insulin on CD4+ T cell plasticity

CD4+ T cells are plastic and dynamically change from one type to others, depending on the
microenvironment and transient perturbations or initial conditions. This implies that these cells
configurations and behavior can be altered dynamically. The multistable Boolean network model used
here is a useful tool to study CD4+ T cell plasticity (12) as well. To explore this, we transiently
perturbed the attractors for each microenvironment (Table 1) under the constitutive presence of basal
(0) and high levels of insulin (1). For each attractor, we transiently perturbed each node for one time
step. Then, we returned the node to its original value and used the original logical rules, to recover the
resulting attractor [Figure 1C]. We established that a labeled attractor was robust to a perturbation if it
returned to the same configuration after such transient perturbation, or to one that corresponds to the
same cell type, after a perturbation. When the system transitioned to an attractor that corresponds to a
different cell type, we considered the original attractor to be plastic under transient perturbations.

Our results suggest that the effect of insulin on the differentiation and plasticity of CD4+ T cells
depends on the cytokines that are present in the microenvironment [Figure 4, File S2]. In each
microenvironment, without insulin, most of the transitions lead the system to the favored cell type,
which tends to be the most stable one, as expected. But in these cases, other cell types also coexist in
the environment, especially regulatory cell types, even though the attractors that characterize them are
less stable. Under high levels of insulin, that simulates an acute hyperinsulinemia condition, the CD 4+
T plasticity patterns are altered. In general, the activation of insulin: (1) causes the loss of the
regulatory attractors, particularly those that express IL-10-, reduces cell stability, and the number of
transitions towards the original cell type. This is particularly notable in the pro-Th17 environment,
where Th17 is the only possible attractor. In the case of the pro-iTreg environment, there is a
coexistence of iTreg with Th17. This is caused by the extrinsic TGFf. The role of TGFJ is bivalent, as
it can induce both regulation and inflammation through iTreg and Th17 cells. In the case of TGFf,
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insulin shifts the equilibrium towards inflammatory cell types. The addition of insulin caused the loss
of the IL10+TGFf+ attractor, stabilized Th17, and reduced the stability of iTreg and Th1R. In the only
case that this did not occur, was under the pro-IL10 environment, where a regulatory phenotype is
attained independently of the insulin level, avoiding a pro-inflammatory condition even under the
presence of hyperinsulinemia.
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Fig 4. Cell fate map under different microenvironments. The values of the extrinsic signals of the
CD4+ T regulatory network were fixed according to different polarizing microenvironments as listed in
Table 1, and the resulting attractors were transiently perturbed for one time step. Nodes correspond to
cell types, node size is proportional to the number of configurations in a basin of attraction. Edges
represent transitions from one cell type to another, their width represents the number of times the
transition occurred, self-loops correspond to perturbations in which the network returned to the original
cell type. The following micro-environments were studied:: (A) pro-Th1, (B) pro-Th1+ Insulin, (C)
pro-Th17, (D) pro-Th17 + Insulin, (E) pro-iTreg, (F) pro-iTreg + Insulin, (G) pro-IL10 (H) pro-IL10.

The role of IL10 on CD4+ T cell plasticity alterations under normal and hyperinsulinemic
conditions

We assessed how many transitions among attractors were caused by transient perturbations of insulin
and IL.10 under normal and hyperinsulinemic conditions. On average perturbations of any node caused
transitions to new cell types in 38% of the cases. But the number of transitions between cell types
varied according to the node and the microenvironment. The transient increase of insulin caused
transitions towards inflammatory or TGFB producing cell types under basal insulin level, while, as
expected, under hyperinsulinemia the transient activation of insulin did not cause any further
transitions. The attractors of the pro-Th17 environment with basal levels of insulin were very sensitive
to perturbations in the insulin node, while the attractors found in the pro-iTreg and the pro-IL10
environment were robust to this perturbations. The transient activation of IL-10 caused transitions
towards regulatory cell types. The attractors of the pro-Th1, pro-Th17 with basal levels of insulin and
the pro-iTreg with high level of insulin environments were, on the other hand, very sensitive to
transient perturbations of IL10. In environments with basal levels of insulin, the transient activation of
IL-10 caused some transitions towards Th1 and Th2 cell types in pro-Thl and pro-Th2 environments,
respectively. In these cases, the transient activation of IL-10 was sufficient to destabilize the attractor
but not to shift the network towards a regulatory cell type.
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Fig 5. Transitions between cell types caused by the transient activation of the insulin and the IL-
10 nodes. (A) Percentage of transitions between attractors in response to transient perturbations of: all
nodes (grey); insulin (red) or IL-10 nodes (blue) under basal and high levels of insulin. (B, C)
Transitions between cell types caused by the transient activation of: insulin (red) or IL-10 nodes (blue)
under basal (B) and high levels (C) of insulin.

Discussion
The theoretical simulation study presented here suggests that the impact of hyperinsulinemia on the
inflammatory response (14), is mediated by the multistable dynamic GRN in (12). Overall, our
simulation study provides a system-level platform to explain the relationship between hyperinsulinemia
and altered proportions of T regulatory cells that have been observed in adipose tissue (3, 32-34, 36). It
also highlights and provides a dynamic explanation to the different roles of TGFf and IL-10 (25-28).
The model shows that in pro-Thl, pro-Th2, pro-Th17 and pro-iTreg microenvironments,
effector and regulatory cells coexist. This pattern is observed in any disease, where it is common to
observe cells from different subsets, even if a specific one is over-represented(39). Moreover, the
simulations predict that different types of regulatory cells will predominate depending on the
environment, being especially important to distinguish Foxp3+ and Fop3- regulatory T cells. Future
experiments should consider that CD4+ T cells are highly heterogeneous, phenotypically plastic and
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sensitive to the microenvironment. A CD4+ T cell can express markers for more than one cell type at
the same time, and its expression patterns can change over time, especially for regulatory T cells. It is
necessary to measure the expression of Foxp3, IL-10, and TGFf to systemically distinguish Treg
(Foxp3+CD25high), Foxp3-IL10+, Foxp3-TGFp+ and ThlR and Th2R hybrid cell types.
Distinguishing these cell types will be necessary to understand the different roles that they play in
obesity-associated chronic inflammation. Future assays should also consider multiple transcription
factors and cytokines, carefully separate CD4+ T cell populations and compare their behaviors in
different tissues.

Our simulation results recovered the altered CD4+ T cell populations that have been observed in
murine models and humans during obesity-associated chronic inflammation (3, 32-34, 36). In the
presence of hyperinsulinemia, increased proportions of Th1 and Th17 cells and decreased proportions
of regulatory T cells are observed (3, 33, 34). Specifically, in a pro-Th17 environment, the presence of
insulin predicts a complete shift towards Th17 cells. In contrast, in a pro-Thl environment the Th1
attractor alteration is less dramatic than the alterations observed in vivo, probably because of the
involvement of macrophages in the real condition, that are not considered in the simulation model of
this study (3, 33, 34).

The model also provides an explanation to some paradoxical behaviors observed in CD4+ T
regulatory cell populations during obesity-associated chronic inflammation. TGF3 can promote both
inflammatory Th17 cells and regulatory Tregs, and transitions between both subsets have been
observed (3, 33, 34, 40, 41). The model gives a mechanistic explanation to the fact that Th17 cells and
iTregs are closely related and that Th17 cells can be observed sometimes during the iTreg response.
TGFp is necessary for the differentiation of both subsets, and transient signaling via the STAT3
pathway may be enough to shift some cells towards Th17, as the model shows. In obesity, Tregs
expression profiles are similar to inflammatory T cells (32). Transfer and depletion of adipose Treg
cells have been reported to both, improve or worsen insulin sensitivity, depending on the model and the
population studied (33, 35, 36). Such apparently paradoxical behaviors can be explained by the
relationship between TGFf3 and IL-10 in the context of the dynamic regulatory network model used
here. Under hyperinsulinemia, Th17 cells become more stable while IL10+ cells are lost. The
remaining regulatory cells express TGFf that is involved in Th17 differentiation, while insulin alters
iTregs stability. In this way, the model predicts that hyperinsulinemic inflammatory environments,
specially under pro-Th17 conditions, T regulatory cells are lost and the rest become unstable. In
contrast, a pro-IL10 environment can induce regulatory T cells, regardless of the level of insulin in the
environment. Nonetheless, while this pro-regulatory environment might decrease inflammation, it may
have adverse effects as inflammation is relevant for the function of adipose tissue (42).

The model predicts that the transitions between cell types vary depending on the
microenvironment and the perturbed node. Transient activation of insulin is sufficient to cause
transitions towards inflammatory or TGFB+ cells, while transient activation of IL10 is sufficient to
cause transitions towards regulatory cells. The stability of the different cell types will also vary
depending on the microenvironment and the perturbation. We predict that the cells in a pro-Th17
environment are more sensitive to transient increases in insulin, while the cells in a pro-iTreg and pro-
IL10 environments are more stable under this perturbation.

The model used here considers a minimum regulatory network underlying CD4+ T cell
differentiation and plasticity under hyperinsulinemia, but it still lacks other cells and signals that are
fundamental to fully understand obesity-associated chronic inflammation. For example, since the
network used here is a minimal model, it ignores cytokines such as IL-1 and TNFa, the role of sexual
hormones, and additional cell types such as adipocytes and macrophages, that play important roles
during obesity-associated chronic inflammation (15-17). The model is restricted to assess the role of
insulin on the differentiation dynamics of an activated CD4+ T cell in VAT, but still lacks the regulation
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of the TCR signaling pathway and the contrasting metabolism among effector, resting and regulatory
conditions.

Furthermore, future efforts should consider continuous versions of the model to enable
simulations of the strength and length of the signals in the dynamics of the immune system. Such
simulations may be useful to assess different treatments of metabolic disorders and chronic
inflammation, as well as the actual timing and progression of the obese inflammatory response. The
model used here, still simplifies the microenvironment, that is more complex in vivo. For example, it is
interesting to asses how the small initial signals that occur in response to nutrient overload, eventually
give rise to significant alterations associated to obesity-associated chronic inflammation (15). Further
studies of the effect of transient signals in a continuous version of the minimum and extended CD4+ T
cell regulatory network, will likely yield important insights concerning such temporal patterns. Such
system-level approach will be also useful for toxicological studies, and for providing predictions
concerning the biological impact of drugs, assessing therapeutic targets or secondary effects.

Materials and Methods

Logical modeling formalism: Boolean networks
A Boolean network is composed of nodes that represent the system’s molecular components (i.e.,
cytokines, signaling pathways or transcription factors) and edges, that represent the interactions
between nodes. The value of the nodes can be associated with a discrete variable denoting its current
functional level of activity: if the node is functional its value is 1, and if it is not functional it is 0. The
value of a node x;(t+1) depends on the value of its input nodes or regulators, this can be expressed with
a Boolean function:

Xi(t+1)=f( x1(t), x2(1), ... , Xa(t) )
For the Th+insulin network, the Boolean functions were defined based on available T CD4+
differentiation models(10-12) and experimental data for the reported interactions among a network
more than 90 nodes [Table S1]. The network was then simplified as (43) and GINSIM(44) . The
resulting network has 19 nodes and 54 interactions.

Dynamic analysis
The state of the network X can be represented by a vector that specifies the value of all the nodes of the
system. The state of the network will change over time depending on the Boolean functions associated
with each node. When the values of a state vector X at t+1 are the same as those at time t+7, the system
has reached an attractor X*:

X*(t) = X(t+1), T>=1.
An attractor can be interpreted as a stable expression phenotype of a cell or cell type (45). All the states
that lead to a solution X* constitute the basin of attraction of such an attractor. We determined the stable
states and basins of attraction of the network using GINSIM (44) and BoolNet(46).

Labeling
Attractors were labeled depending on the expression of both the master transcription factors and
cytokines. Labeling was automatized using BoolNetPerturb (47).

Perturbations

To study the plasticity in response to perturbations we used BoolNetPerturb (47). First, we took all the
attractors in each microenvironment, and systematically perturbed the value of the node for a time step,
fixing the value of the target node during the corresponding time period. As the perturbation was
transient, after a time step the node returns to its original function or -in the case of the inputs- to is
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original value. Finally, we reported the attractor that was reached after the perturbation. If the network
returned to an attractor with the same label as the original attractor we said it was stable to that specific
perturbation, if the network return to a different labeled attractor we said there had been a transition
from one cell type to an other.
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The combination of the
functionalities of feedback circuits
‘is determinant for the attractors’
e number and size in pathway-like
e Boolean networks

Eugenio Azpeitia', Stalin Mufioz>", Daniel Gonzalez-Tokman®*, Mariana Esther Martinez-
Sanchez*>*, Nathan Weinstein®”*, Aurélien Naldi’, Elena R. Alvarez-Buylla®?,
David A. Rosenblueth? & Luis Mendoza®

Molecular regulation was initially assumed to follow both a unidirectional and a hierarchical
organization forming pathways. Regulatory processes, however, form highly interlinked networks
with non-hierarchical and non-unidirectional structures that contain statistically overrepresented
circuits or motifs. Here, we analyze the behavior of pathways containing non-unidirectional (i.e.
bidirectional) and non-hierarchical interactions that create motifs. In comparison with unidirectional
and hierarchical pathways, our pathways have a high diversity of behaviors, characterized by the size
and number of attractors. Motifs have been studied individually showing that feedback circuit motifs
regulate the number and size of attractors. It is less clear what happens in molecular networks that
usually contain multiple feedbacks. Here, we find that the way feedback circuits couple to each other
(i.e., the combination of the functionalities of feedback circuits) regulate both the number and size
of the attractors. We show that the different sets of expected results of epistasis analysis (a method
to infer requlatory interactions) are produced by many non-hierarchical and non-unidirectional
structures. Thus, these structures cannot be correctly inferred by epistasis analysis. Finally, we show
that the combinations of functionalities, combined with other network properties, allow for a better
characterization of regulatory structures.

Early approaches considered that molecular regulation is composed of hierarchical and unidirectional interac-
tions, where “upstream” molecules regulate “downstream” molecules, but molecules are not regulated by mol-
ecules at the same or lower levels (molecules usually represent genes and gene products'). Unidirectional and
hierarchical interactions form pathways, comprised by an input, internal molecules, and an output. Pathway
dynamics (i.e., how the components in the pathway are activated and inhibited in time), follow a sequential order
of regulatory events going from the input to the output through the internal molecules. Even though pathway
dynamics seem to be an inherent property of molecular regulation??, molecular regulation is usually complex,
forming highly inter-connected networks that are neither unidirectional nor hierarchical*. Our objective is to
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systematically study the effect of including non-hierarchical and non-unidirectional (i.e. bidirectional) interac-
tions within pathways.

Adding interactions within a pathway modifies the pathway structure (i.e., the interaction graph describing
the regulatory interactions between the molecules), allowing for the appearance of regulatory motifs. Motifs are
statistically overrepresented regulatory interactions found in molecular networks®. Among the motifs, circular
chains of oriented interactions known as feedback circuits, are specially relevant, because they regulate both the
number and size of the attractors”®. Attractors are stationary network states that represent biologically mean-
ingful properties’, such as cell identity'®!!. Positive feedback circuits are necessary to have multiple attractors
and negative feedback circuits are necessary to produce cyclic attractors'>!*. Moreover, the maximum possible
number of attractors is regulated by positive feedback circuits'. It is not completely clear, however, how the
precise size and number of attractors are regulated within molecular networks where many feedback circuits are
present'>~'7. In this work, we focus on the effect that adding non-hierarchical and non-unidirectional interactions
has over the size and the number of attractors. In particular, we study how multiple feedback circuits, that result
from the added interactions, regulate the size and number of attractors.

The study of the properties of non-hierarchical and non-unidirectional networks is fundamental to detect
and solve limitations of traditional analyses. In particular, experimental research at small scales commonly uses
traditional analyses that rely on the hierarchical and unidirectional assumptions. For example, assuming that
regulatory interactions are hierarchical and unidirectional, epistasis analysis, as described in refs 1,18,19, can
distinguish between different pathway structures by interpreting and organizing epistatic interactions (sensu
Bateson?). The presence of non-unidirectional and non-hierarchical interactions, however, can produce incom-
plete or even wrong inferences when using epistasis analysis®.. Here, we look for useful traits to distinguish
between non-hierarchical and non-unidirectional regulatory structures that could improve inference methods,
such as epistasis analysis.

In this work, we use synchronous Boolean networks to do a comprehensive analysis of Pathway-like net-
works (PLNs) that are non-hierarchical and non-unidirectional versions of pathways. We focus on the dynamical
properties of PLNs, represented by both the number and the size of attractors. We show that PLNs have a large
dynamical diversity in comparison with pathways. We confirm that feedback circuits are important regulators of
the size and the number of attractors in a network. Then, we show for the first time, as far as we know, that the
precise size and number of attractors in networks with multiple feedback circuits is in large part determined by
the combination of the functionalities of feedback circuits. This combination refers to the network states where
the feedback circuits in a network have an actual effect over the network dynamics. Then, we show that there are a
vast number of PLNs producing the same set of attractors, hindering a correct inference of PLNs structures with
methods such as epistasis analysis. Interestingly, PLNs producing the same set of attractors also have remarkably
similar sets of combinations of functionalities. Thus, we explore how to use the combination of functionalities
combined with both the network dynamic and structure for the characterization of PLNs. Our results show that
PLNs with the same structure and with the same combination of functionality form small regions with dynam-
ically distinguishable properties. Thus, the study of such regions could facilitate the inference of such networks.

Methods
Boolean networks. In this work, we use the Boolean formalism to model molecular networks for the fol-
lowing reasons. (1) Because of their simplicity, Boolean networks are well suited to perform analyses in a large
number of networks, without needing to deal with problems such as parameter estimation. (2) Despite their
simplicity, Boolean networks obtain biologically meaningful results (e.g., refs 10,11,22-24). (3) Feedback circuits
are fundamental for this work, and feedback circuit functionality is well studied in Boolean networks*°. (4) Here
we will focus on the size and number of attractors, and it has been proven that in Boolean networks positive and
negative feedback circuits are a necessary condition for multistability and oscillations, respectively'>?. (5) We will
use epistasis analysis, as described in refs 1,18,19, that assumes that the molecules behave as Boolean variables.
Hence Boolean networks are a natural and simple extension of epistasis analysis.

Molecular networks have variables representing the molecules included in the network (e.g., genes, proteins,
hormones, among other molecules). In Boolean networks, variables can only take one of two possible values, 0 or 1,
and their dynamics is described by

X+ 1) = £, (00, .0y x,(0)), 1)

where x;(t+ 1) represents the value of variable i at the time ¢+ 1 as a Boolean function f; of its n regulators x;(£),...,
x,(t) at the current time. In particular, we use synchronous Boolean networks, where the value of all variables is
updated at each time step.

The set of all variables time t is a network state. The number of network states in any network is equal to 2",
where v is the number of variables. Stationary network states are known as attractors. Single-state, stationary
configurations are known as fixed-point attractors whereas a set of network states that orderly repeat correspond
to cyclic attractors. The size of an attractor is equal to the number of network states that conform such attractor.

For this work it is important to note that not all interactions in a network structure are necessarily functional.
An interaction from a variable i to a variable j is considered functional, if j can change its value due to a change
only in the value of i. The interaction sign is positive, if the change in the value of j goes in the same direction as
the change in the value of 4, and is negative otherwise (Fig. 1A; see Supplementary Methods for formal defini-
tions). Note that a variable can act as a positive regulator and as a negative regulator of the same variable in differ-
ent network states. According to some authors, interactions where a variable is a positive and negative regulator
of another variable are not common in real molecular networks?-*°. On the other hand, non-functional inter-
actions, where a regulator does not influence the value of the regulated variable, do not provide any meaningful
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Figure 1. Basic concepts and Pathway-like networks. (A) Analysis of the functionality of the interaction
from B to A (red link in the interaction graph above). Notice that in the last pair of lines of the table, A(f+ 1)
and B(f) values are opposite, while A(#) is equal to 1 in both lines, indicating that a change, only in the value
of B (highlighted in light red) can change the value of A in the next time step (highlighted in red). Thus, the
interaction is functional and negative. (B) Above, the interaction graph of a network containing two positive
feedback circuits, one between A and B (red and green interactions) and the other of A with itself (blue
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interaction). As observed below, both feedback circuits are functional, as there exists at least one network state
(the network states are conformed by all the combination of A(#) and B(f) values in the right side of the tables)
where all the interactions of each circuit are functional. The cardinality is equal to the sum of the network states
where the feedback circuit is functional. Thus, the combination of functionalities of this network comprises a
positive feedback circuit from A to A with a cardinality of two, and a positive feedback circuit between A and B
with a cardinality of two. (C) Dynamical and structural distance between two networks. Above, the interaction
graphs of two different networks. The structural distance is equal to the differences between the interaction
graphs of the networks. Below, the state diagrams of the networks. The dynamical distance is equal to the sum
of the differences (highlighted in yellow) between the state diagrams of both networks. (D) Pathway, (E) 1-PLN
and (F) 2-PLN structure. INP=INPUT and IM = Intermediary Molecules. (G) Interaction types considered
in this work to construct pathways, 1-PLNs and 2-PLNs: mandatory positive (MP), mandatory of unknown
sign (MUS) and optional of unknown sign (OUS). Mandatory interactions are always present, while optional
interactions can be either present or not. Positive interactions are always positive. Unknown sign interactions
can be either positive or negative.

information. Hence, in the networks analyzed here, we forbid both non-functional interactions and interactions
where a regulatory variable has both a positive and a negative influence over another variable.

A feedback circuit is a set of directed interactions forming a closed path. Feedback circuits can be positive
or negative. The sign of a feedback circuit is given by the signs of its interactions. A circuit is positive if it has an
even number of negative interactions, it is negative otherwise. The sole presence of a circuit in a network does
not guarantee its functionality. Thus, a circuit is considered functional if all interactions of the circuit are func-
tional in a set of common network states?>. Notice that using our sign and functionality definitions, there are
four categories of feedback circuits, positive functional, negative functional, positive non-functional and negative
non-functional. Furthermore, in this work, functional feedback circuits are characterized by the sign and number
of network states where the circuit is functional (cardinality). The combination of the functionalities of feedback
circuits is the set of all circuits functionalities present in a given network (Fig. 1B).

Here, we compare the structural and dynamical distance between networks. The structural distance is the sum
of connectivity differences between the interaction graphs of two different networks. In particular, we considered
as a connectivity difference any difference in the number or the sign of the interactions of two interaction graphs
(Fig. 1C). The dynamic of a model can be visualized as a state diagram. A state diagram is a directed graph where
each state in the state space represent a network state and is connected to the update state reached after apply-
ing to it the Boolean functions associated to the variables. The dynamic distance is a measure of the difference
between the state diagrams of two networks. To calculate the dynamic distance we sum the differences in the
states reached after applying to each network state the Boolean functions of each network (Fig. 1C).

Pathway-like networks construction. We analyze two types of networks, namely pathways and
pathway-like networks (PLNs), both containing different types of interactions identified with the acronyms
MUS, OUS and MP, which stand for mandatory unknown sign, optional unknown sign, and mandatory posi-
tive, respectively (Fig. 1G). MUS and MP interactions form unidirectional and hierarchical pathway structures
(Fig. 1D). PLNs contain MUS, MP and OUS interactions (Fig. 1E,F). We construct two PLNs variants: single
(1-PLNs) and double (2-PLNs). 1-PLNs is the set of networks that contains a pathway within its structure and at
least one OUS interaction (Fig. 1E). 2-PLNs is the set of networks composed by two parallel pathways regulating
the same output and at least one OUS interaction (Fig. 1F). 2-PLNs may have cross-regulation among their con-
stituent pathways, which is a common biological situation.

We used two different approximations to analyze the size and the number of attractors. (1) We simulated each
PLN starting from all network states until finding the attractors. (2) We use symbolic algorithms to search for
PLNs with a specific number and size of attractors. It is important to note that in most cases, a given network
structure can be described by more than one set of Boolean functions. Thus, there is a vast number possible PLNs
structural and dynamical variants. Without considering the sign of the interactions, the num,ber of possible

structures for a network with v variables is equal to 2", The Boolean functions associated with a variable is 2%
where r is the number of regulators of the variable. Therefore, the total number of possible Boolean functions for
a completely interconnected network with v variables is 2% In particular, there are ~24.15 x 10> 2-PLNs. The
analysis of such a number of variants is humanly and computationally unfeasible. Thus, we use random sampling
or constrained the maximum number of interactions for 2-PLNs analyses (see Supplementary Methods for more
details).

Results

Non-hierarchical and non-unidirectional interactions greatly increases the dynamical diversity
of pathways. Conventionally, molecular regulation is represented as unidirectional and hierarchical path-
ways, comprised by an input, internal molecules, and an output (Fig. 1D). To study pathways with more realistic
structures, we consider the possibility that the internal molecules may regulate any component inside the pathway
(excluding the input). We call this structure a Pathway-like network (PLN). We analyzed single (1-PLNs) and
double (2-PLNs) PLNs (Fig. 1E,F). PLNs have non-unidirectional interactions, and the internal molecules are
non-hierarchically organized. For simplicity, we refer to PLNs as non-unidirectional and non-hierarchical struc-
tures. Regarding their dynamics, PLNs are constructed in such a way that the generation of Boolean functions
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Figure 2. PLNs properties and relations. Distribution of the (A) number and (B) size of the attractors in
pathways, 1-PLNs and 2-PLNs. Mean and confidence interval of the (C) mean number and (D) mean size of
attractors for 1-PLN and 2-PLNs. (E) Relation between the number and mean size of attractors of 2-PLNs.

(F) Mean size of attractors vs. 2-PLNs connectivity. Number of attractors vs. connectivity of 2-PLNs (G) and
1-PLNs (H). 2-PLNs mean size of attractors vs. quantity of (I) positive and (J) negative feedback circuits,
respectively. 2-PLNs number of attractors vs. quantity of (K) positive and (L) negative feedback circuits,
respectively. In E-L each point represents a single 2-PLN or 1-PLN data, while the line represents the values
predicted by Poisson GLM. Points in are displaced the X axis only for visual purpose. Similar results were found
in 1-PLNs (Fig. S1).

producing “meaningless” behaviors is forbidden®"?8. Altogether, PLNs contain realistic structural and dynamical
properties (see Methods).

We analyzed the dynamical diversity, measured as the number and the size of attractors in pathways, 1-PLNs
and 2-PLNs. The simulation of all pathways, all 1-PLNs and more than 30 millions 2-PLNs randomly selected,
showed that the dynamical diversity vastly increases from pathways to 1-PLNs to 2-PLNs (Fig. 2A,B). Because
the inputs follow the identity function, the minimum number of attractors is equal to 2linputsl, where inputs
is the set of inputs. On the other hand, the maximum number of attractors founded in our simulations are 2, 6,
and 40 in pathways, 1-PLNs and 2-PLNs, respectively. This increase is also observed in the mean values, where
the mean value of the number of attractors of 2-PLNss is significantly larger than in 1-PLNs (P < 0.001; Fig. 2C;
see Supplementary information file for detailed information about all statistical results). Similar results can
be observed for the size of attractors. Specifically, the maximum sizes are 1, 4, and 13 for pathways, 1-PLNs
and 2-PLNG, respectively. Here, too, the mean value of the size of the 2-PLNs attractors is significantly larger
(P<0.001; Fig. 2D). Note that both the mean size and mean number of attractors are much closer to their mini-
mum value than to their maximum value. This indicates that most networks have a small number of attractors of
small size; and at first sight it seems that they might fit a long-tailed distribution. However, these data do not fit
power-law, logarithmic, exponential, normal or Poisson distributions. Nevertheless, our results clearly show that
the overall diversity of dynamical behaviors grows from pathways to 1-PLNs to 2-PLNs, due to the addition of
non-unidirectional and non-hierarchical interactions.
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Figure 3. PLNs attractors properties regulation by feedback circuits. (A) Classification of PLNs according to
the number and mean size of the attractors: n+ more attractors than 70%, 80%, 90%, 95% or 99% of the PLNs,
n— minimum number of attractors, s+ mean size of attractors bigger than 70%, 80%, 90%, 95% or 99% of the
PLNs and s— fixed-point attractors. (B) Total number of combinations of functionalities in 50 random sampling
of 2,000 2-PLNs and 2,000 n—s— 2-PLNs (F). Mean number of combinations of functionalities contained in
2-PLNs structures and in n—s— 2-PLNs structures obtained from a sampling of one million 2-PLNs randomly
generated (F). Mean number of 2-PLNs and n—s— 2-PLNs structures that contained each combination of
functionalies obtained from a sampling of one million 2-PLNs randomly generated (T).

Feedback circuits’ role in the regulation of the PLNs attractors properties. We noticed that there
is a statistically significant negative relation between the mean size and the number of attractors (P < 0.001;
Figs 2E and S1A), suggesting that both the size and the number of attractors are regulated by the same prop-
erty, but in opposite directions. Then, we noticed that as we increase the number of non-unidirectional and
non-hierarchical interactions, the size of the attractors increases in 2-PLNs (P < 0.001; Fig. 2F) and the number
of attractors increases in both 1-PLNs and 2-PLNs (P < 0.001; Fig. 2G,H), showing that the property regulating
the size and number of attractors, increases as we increase the connectivity of the PLNs. Positive feedback circuits
are necessary for multistability, while negative feedback circuits are necessary to produce cyclic attractors'>'* and
adding more non-unidirectional and non-hierarchical interactions create more feedback circuit. Thus, it seems
reasonable to think that the appearance of feedback circuits in PLNs structures is responsible for the increase in
the dynamical diversity, and that depending on their sign, the feedback circuits will increase the size or the num-
ber of attractors. Indeed, positive feedback circuits are positively related with the number of attractors (P < 0.001),
and negative feedback circuits are positively related with the size of attractors (P < 0.001;; Fig. 2L]). Furthermore,
positive feedback circuits have a negative relation with the size of attractors (P < 0.001), while negative feedback
circuits have a negative relation with the number of attractors (P < 0.001; Figs 2K,L and S1B-E), explaining the
negative relation between number and size.

To better analyze how feedback circuits regulate the size and number of attractors according to their number
and size of attractors in four categories. (1) PLNs with the minimum number of attractors, whose mean size is
bigger than the mean size of certain percentage of the total set of PLNs analyzed (n—s+). (2) PLNs with more
attractors than certain percentage of the PLNs, all fixed-point attractors (n+s—). (3) PLNs with the minimum
number attractors, all fixed-point (n—s—). (4) PLNs with more attractors than a percentage of the PLNs, whose
size is bigger than the same percentage of the PLNs (n+s+) (Fig. 3A). We classified all 1-PLNs and selected
10,000 2-PLNs of each category from a sample of over six million 2-PLNs that were randomly generated. We used
five percentages for the size and the number of attractors, namely 70%, 80%, 90%, 95% and 99%. In 1-PLNss is not
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n—s— 3.3440.04 1.25+0.02 1.714+0.02 1.624+0.03
n—s+ 3.6410.04 0.7440.02 0.9840.02 2.6410.04
n+s— 3.7740.04 2.5340.02 3.134+0.04 0.6540.02
n+s+ 4.7240.04 1.11£0.02 2.2540.03 2.4540.03
80%
n—s— 3.3440.04 1.25+0.02 1.71£0.02 1.62£0.03
n—s+ 3.7040.04 0.67 40.02 0.9940.02 2.7040.03
n+s— 4.4640.04 2.7140.02 3.69+0.04 0.7240.02
n+s+ 5.6640.05 1.16 £0.02 2.8740.03 2.7610.03
90%
n—s— 3.3440.04 1.25+0.02 1.7140.02 1.6240.03
n—s+ 3.7440.04 0.66+£0.02 1.02£0.02 2.7240.03
n+s— 4.71£0.04 2.8340.02 3.88+0.04 0.7140.02
n+s+ NA NA NA NA
95%
n—s— 3.3440.04 1.25+0.02 1.714+0.02 1.62+£0.03
n—s+ 4.65+0.04 0.6240.02 1.31£0.02 3.3940.04
n+s— 5.0840.04 3.0040.02 4.2840.04 0.7340.02
n+s+ NA NA NA NA
99%
n—s— 3.3440.04 1.25+0.02 1.71£0.02 1.62£0.03
n—s+ 5.1740.05 0.6240.02 1.51£0.02 3.66+0.04
n+s— 5.51£0.05 3.3040.02 4.6810.04 0.7640.02
n+s+ NA NA NA NA

Table 1. 2-PLNs feedback circuits. Positive/negative ratio and number of positive and negative feedback
circuits in 2-PLNs divided by category (n+-s+, n—s+, n+s— and n—s—) using different thresholds for the
number and the mean size of attractors. The number of positive and negative feedback circuits within the same
category, have significant differences in all cases (P < 0.001). Differences of the total and the ratio between
categories is shown in the Supplementary Material. NA stand for not enough data available. The “Total” column
corresponds to the sum of positive and negative feedback circuits.

80%
n—s— 2.5940.12 1.06£0.03 1.24£0.08 1.35+£0.08
n—s+ 2.5740.07 0.5740.03 0.2940.02 2.2940.07
n+s— 2.74£0.09 240 2.4610.09 0.2940.03
n+s+ NA NA NA NA
90%
n—s— 2.5940.12 1.06 £0.03 1.24£0.08 1.35£0.08
n—s+ 2.524+0.10 0.7540.07 0.1540.02 2.374£0.09
n+s— 2.88+0.13 240 2.631+0.12 0.2540.04
n+s+ NA NA NA NA
95%
n—s— 2.5940.12 1.06 £0.03 1.24+0.08 1.35+0.08
n—s+ 2.6740.17 NA 0 2.674+0.17
n+s— 3.0040.00 NA 3.00+0.00 0
n+s+ NA NA NA NA

Table 2. 1-PLNs feedback circuits. Positive/negative ratio and number of positive and negative feedback
circuits in 1-PLNs divided by category (n+s+, n—s+, n+s— and n—s—) using different thresholds for the
number and the mean size of attractors. The number of positive and negative feedback circuits within the same
category, have significant differences in all cases (P < 0.001 except n—s— for which P < 0.057). Differences of
the total and the ratio between categories is shown in the Supplementary Material. It was not possible to do
statistical analyses with 95% due to the lack of variability. The “Total” column corresponds to the sum of positive
and negative feedback circuits. NA stand for not enough data available.
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possible to define 99% and 70%, due to the limited amount of data, and we did not find n+s+ 1-PLNs for any
percentage and for n4s+ 2-PLNs using 90% or higher. Then, to see if the quantity of feedback circuits in a PLN
is important to determine the number and the size of the attractors, we compared the total number of feedback
circuits of n+s+, n+s—, n—s+ and n—s—. In 2-PLNs, the total number of feedback circuits consistently and
significantly increase from n—s— to n—s+ to n+s— to n+s+ (Tables 1 and S1), suggesting that as the number of
feedback circuits increases, the number and size of attractors tends to increase too. According to Kwon et al.’!, the
positive/negative feedback circuits ratio provides the trend of the number and the size of attractors, with larger
ratio values for networks with more attractors of smaller size. If this is the case, n+s— PLNs should have a bigger
positive/negative feedback circuits ratio than n—s+. On the other hand, n—s— and n+s+ could have a balance
between positive and negative feedback circuits. As observed in Tables 1, 2, SI and S2), this is indeed the case in
both 1-PLNs and 2-PLNs using all percentages (P < 0.001). From the circuits ratio result, we can expect the PLNs
n-+s—to have more positive feedback circuits and fewer negative feedback circuits, the opposite behavior for
n—s+, and a similar number of positive and negative feedback circuits in the n+s+ and n—s—. As observed, this
is the case in both 1-PLNs or 2-PLNs (Tables 1 and 2). Thus, our results support the idea that the positive/negative
feedback circuits ratio provides the correct trend for the size and the number of attractors. Thus, according to
our results, the feedback circuits ratio do provide the correct trend of the number and size of the attractors in a
network.

The combination of the functionalities of the feedback circuits regulates the attractors size and
number. It is important to note that because the feedback circuits ratio provides a statistical relation of how
the number and size of attractors will behave, there could be some instances where the size and number are not
consistent with the feedback circuits ratio. In fact, we detected PLNs that behaved opposite to what was expected
from their feedback circuits ratio. For example, we found PLNs n+s— with a lower positive/negative feedback
circuits ratio than the mean ratio in PLNs n—s+ and vice versa (e.g., Supplementary Fig. S2). Observe that the
mere presence of a feedback circuit in the structure does not guarantee the expected behavior unless the circuit
is functional®?. Then, the feedback circuits ratio might not predict the correct trend when some of the circuits
are not functional. For a circuit to be functional, all interactions within such a circuit should be functional in a
shared set of network states®® (Fig. 1B). To study whether the functionality of the circuits is behind the unex-
pected behaviors, we analyzed the functionality of feedback circuits of all 1-PLNs and a sampling of one million
2-PLNs. Indeed, we found that not all feedback circuits in the PLNs are functional. However, considering only
functional feedback circuits do not eliminated all the unexpected behaviors (e.g., Supplementary Fig. S2). This
result indicates that the circuits ratio and functionality is not enough to understand how the size and the number
of attractors are regulated. Thus, we decided to look for complementary properties that could allow us to better
understand how the number and size of attractors are regulated.

We noticed that the effect the multiple feedback circuits have over the number and size of the attractors
depends, not only on their sign and functionality, but also on how circuits couple to each other. In particular, we
observed that the same feedback circuits in the same network structure can be functional in a different number of
network states (i.e., a circuit can have different cardinalities) and changes in the circuits cardinality can (1) mod-
ify the number and the size of the attractors and (2) modify the cardinality of other circuits (Fig. S3). Thus, the
cardinality of the circuits could be important to understand how multiple feedback circuits couple and determine
the number and size of attractors. Accordingly, we defined the combinations of the functionalities of feedback
circuits (hereinafter named combinations of functionalities) of a PLNSs as the set of all its circuits functionalities,
characterized by sign and cardinality (Fig. 1B). If a specific number and size of attractors is produced only by
certain combinations of functionalities, a set of PLNs with the same number and size of attractors, such asn—s—
PLNSs, should have a reduced number of combinations of functionalities than a set of PLNs with different number
and size of attractors. Thus, to study if only certain combinations of functionalities can produce a specific number
and size of attractors, we compared the number of combination of functionalities in (1) all 1-PLNs against all
n—s— 1-PLNs and in (2) 50 samples of 2,000 2-PLNs against 2,000 n—s— 2-PLN, randomly selected from 50
samples of 100,000 2-PLNs randomly generated. Indeed, there are only 8 combinations of functionalities in n—s—
1-PLNs and 62 in 1-PLNs. Similarly, there are significantly fewer combinations of functionalities in n—s— 2-PLNs
(788 £7.74) than in 2-PLNs (1,510 & 11.07; P < 0.001; Fig. 3B). This result supports the idea that specific number
and size of attractors are produced by specific combinations of functionalities. Then, if only certain combinations
of functionalities are capable to produce a specific number and size of attractors, only some of the combinations
of functionalities contained in a structure should produce attractors of a specific size and number. We found that
by selecting the n—s— PLNs, the mean number of combinations of functionalities contained in each structure in
all 1-PLNs and in one million 2-PLNs randomly selected diminished from 8.85 4 21.38 to 2.66 & 3.65 and from
14.244+0.199 to 2.36 £ 0.146 in 1-PLNs and 2-PLNs, respectively (Fig. 3B). This reduction is significant in the
2-PLNs case (P < 0.001), demonstrating that over the large number of existing combinations of functionalities in
a structure, only some of them are able to produce a specific number and size of attractors.

Observe that networks with different structures can produce the same combination of functionalities
(Fig. S3A,B). If the combination of functionalities regulate the attractors size and number, different PLN struc-
tures producing the same combination of functionalities should also be able to produce the same number and size
of attractors. The latter would be better supported if each combination of functionalities is, on average, contained
in the same number of structures in a set of PLNs with the same size and number of attractors and in a set of
PLNs with different size and number of attractors. To analyze if this is the case, we compared the mean number
structures containing each combination of functionalities in (1) all 1-PLNs structures against all n—s— 1-PLN
structures and in (2) the structures 2-PLNs against the structures of n—s— 2-PLN, from a sample of one million
2-PLNs randomly selected. Each combination of functionalities is contained in exactly two structures in both
n—s— 1-PLNs and the complete set of 1-PLNs. Similarly, the combinations of functionalities of 2-PLNs and
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Figure 4. Characterization of the PLNs that produce the epistasis results. (A) Boolean interpretation of the
epistasis analysis using the ++ pathway variant shown in (B). Target attractors for each of the four pathway
variants using the epistasis analysis. Mutated genes are highlighted in grey. For 1-PLNs we only consider INP1,
GENE1/2 and OUTPUT values. Epistasis analysis do not consider the possibility of a second parallel and cross-
talking pathway. Thus, the asterisks represent unknown values for GENE3 and GENE4 in the 2-PLNs case.
Input values are considered equal to 1 because the epistasis analysis assumes that the input values are constant
during the experiment'. (C) Percentage of 2-PLNs that produce the target attractors of different pathway
variant than the pathway variant contained in the 2-PLN as we added more interactions the unidirectional and
hierarchical pathway structure. (D) Percentage of combinations of functionalities shared between the PLNs that

produced each of the four sets of target attractors.

n—s— 2-PLNs are contained in 1.46 £ 0.005 and in 1.43 & 0.0022 structures (Fig. 3B), respectively, showing no
significant differences (P < 0.331). By doing an analysis of individual PLNs, we find some instances, in which
the same combination of functionality produce a different number or size of attractors. We looked for, but did
not find, other complementary properties, such as additional interactions, that allows to completely understand
how the number and the size of the attractors is regulated. However, our results strongly suggest that network
structures with the same number of variables and with the same combination of functionalities, in general, can
produce the same number and size of attractors.
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Combinations of the functionalities of feedback circuits and the analysis of epistasis. It is
important to note that our definition of combination of functionalities is independent of the specific network
states that are attractors. Thus, a complementary way to test if the combinations of functionalities regulate the
number and the size of attractors, is to search for networks with the same number of attractors of the same size,
but whose attractors are represented by different network states. These networks should be produced by the same
or similar sets of combinations of functionalities.

We noticed, that epistasis analysis, as described by refs 1,18,19, provide this possibility. Briefly, epistasis is
a term used when the phenotype of an allele is masked by an allele in another locus. The gene with the allele
whose phenotype persists when the alleles of both loci are present is called epistatic gene, while the other is the
hypostatic gene. Epistasis analysis uses a simple set of two rules to order the epistatic and hypostatic genes"!®!°,
First, in a double-mutant experiment, the epistatic gene is upstream and positively regulates the downstream gene
when the two genes used in the double-mutant display a characteristic single-mutant phenotype under the same
condition. And second, in a double mutant experiment, the epistatic gene is downstream and is negatively regu-
lated by the upstream gene when the two genes display a characteristic single mutant phenotype under different
conditions. The epistasis analysis can be formalised in Boolean terms in a straightforward way (Fig. 4A). Observe
that the possible combinations of positive and negative interactions in a pathway already gives four pathway var-
iants that have the same number and size of attractors, but the attractors of each pathway variant correspond to
different network states. Previous works had characterized the expected results of the four pathway variant"%1°,
Thus, we used the expected results of each pathway variant by the epistasis analysis to further analyze the impor-
tance of the combinations of functionalities in the regulation of the size and number of attractors.We named
each pathway variant according to the sign of the regulation from GENE1 to GENE2 and from GENE2 to the
OUTPUT, as ++, +—, —+ and — —. Then, we interpreted the epistasis analysis expected results for each pathway
variant as the set of target attractors in our PLNs (Fig. 4B) and analyzed the number of 1-PLNs and 2-PLNs that
achieved each of the four possible sets of target attractors.

The number of PLNs able to produce the target attractors in the 1-PLNs is 60 for the ++ and +— variants and
68 for the —+ and —— variants. We were unable to perform an exhaustive 2-PLNs search because of the astro-
nomical number of redundant 2-PLNs found. Restricting our search to 2-PLNs with a maximum of five extra
interactions compared to the pathway structure, we found more than 4.731 x 107 2-PLNs that produced each set
of target attractors. In the 1-PLNs case, the target attractors of a pathway variant are only obtained when the same
pathway variant is contained in the PLN. On the other hand, ~2.41% of the 2-PLNs produced wrong inferences.
We considered PLNs producing the target attractors of a pathway variant different from the pathway variant con-
tained in its structure as wrong inferences. This demonstrates that epistasis analysis can produce wrong regulatory
inferences when analyzing non-unidirectional and non-hierarchical networks, as stated before by our group?'.
The wrong inferences increase as we added more interactions (Fig. 4C) and are produced thanks to the added
interactions between the parallel pathways contained in the 2-PLNs. It is interesting to note, that, apparently,
when there are wrong inferences, the extra interactions produce an alternative pathway that conformed with the
expected pathway variant but that contained some intermediary steps between GENE1/2 or between GENE2 and
OUTPUT (see some examples in Fig. S4). However, the alternative pathway by itself is not sufficient to produce
the expected results as the alternative pathway can be created by adding one interaction and inconsistencies
between the target attractors and the pathway variant contained in the PLNs appear only when we added three or
more interactions (Fig. 4C). Thus, our results demonstrate that epistasis analysis produce wrong and incomplete
inferences in non-hierarchical and non-unidirectional networks, but when a network has a low connectivity,
wrong regulatory inferences are scarce.

The combinations of functionalities that produced the four target attractors are almost the same in both
1-PLNs and 2-PLNs. In 1-PLNs all four target attractors share one combination of functionalities (see Fig. S5).
This is a meaningful result as that is the only combination of functionalities that produced the target attractors
of the variants +4- and +— and one of the two combination of functionalities that produce the target attractors
of the variants —+ and ——. In the 2-PLNs case, there are 6,481 combinations of functionalities that produced
the target attractors of the variants ++ and +— and 7,060 that produced the target attractors of the variants —+
and ——. 6,304 combinations functionalities are shared by the four pathway variant (Fig. 4D). This is an astonish-
ing result that greatly supports the importance of the combinations of functionalities to determine the attractors
properties, as the target attractors vary for each pathway variant, indicating that the common feature among the
PLNs found are the number and the size of attractors.

Comprehensive characterization of PLNs. Having multiple networks producing the same set of results
raises a problem for the analyses of molecular regulation by methods, such as the epistasis analysis, as they cannot
distinguish between these networks. Hence, we did an exploration of which properties could be useful to distin-
guish between these networks. For this characterization, we used all 1-PLNs and 2-PLNs with no more than 2
interactions added to the unidirectional and hierarchical pathway structure, because comparison of 2-PLNs with
three or more extra interactions was extremely challenging or computationally impossible.

First, we analyzed if structurally similar PLNs followed similar dynamics (Fig. 1C). As observed in Fig. 5A,
dynamical and structural distances are weakly related. Because the relation is weak, structurally close PLNs can
have large dynamical distances and vice versa. Thus, even when dynamical and structural properties are related,
this relation is not sufficient to distinguish between different network strucutres'>**-34. Then, we noticed that
PLNs producing the expected results of the same pathway variant are dynamically closer than networks produc-
ing the results of a different pathway variant. Likewise, PLNs with the same combination of functionalities are
contained in clusters of PLNs with the same structure. Interestingly, PLNs within the same cluster and with the
same combination of functionalities are among the more similar networks at the dynamic level (Fig. 5B). Thus,
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Figure 5. PLNs characterization. (A) 2-PLNs relationship between dynamical and structural distance. (B) On
the left side, 1-PLNs dendogram using the dynamical distance. Each leaf of the dendogram represent a 1-PLN.
As observed, 1-PLNs containing the results of the same pathway variant form distinguishable clades, colored
with red (4 variant), yellow (+— variant), purple (—— variant) and green (—+ variant). The blue A and red B
beside the dendogram represent the two combinations of functionalities found in 1-PLNs and are aligned with
the 1-PLNs that contain them. 1-PLNs not aligned with an A or a B do not have any functional circuit. On the
right side, clusters formed of 1-PLNs with a structural distance of 0. The blue and red nodes of the clusters are
approximately aligned with their corresponding 1-PLNs marked with the blue As and red Bs in the dendogram.
Grey nodes of the clusters correspond to PLNs with no functional circuits.
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PLNs with the same combination of functionalities and the same structure form small groups with extremely sim-
ilar dynamic properties. Based on these results, we believe that studying the characteristics of these regions could
be an important step towards a better and more general understanding of molecular regulation and could allow
for a better characterization of regulatory networks to improve the scope of traditional methods for the inference
of regulatory interactions. The analysis of such regions and their integration in epistasis analysis context remain
as interesting questions for future research.

Conclusions and Discussion

We characterized the effect of adding certain interactions within unidirectional and hierarchical pathway struc-
tures. These extra interactions create realistic regulatory structures with a resulting non-unidirectional and
non-hierarchical organization containing motifs that we named Pathway-like Networks (PLNs). Additionally,
we included certain procedures to ensure the creation of only biologically meaningful dynamics®*>?5. As a result,
PLNs have realistic structural and dynamical properties. We used Boolean formalism to model the dynamic of
these networks for many reasons, such as their simplicity and the fact that they have been successfully used to
model many gene regulatory networks'®!->>-24. However, Boolean formalism has some limitations that should be
addressed in the future, for example, in certain cases the level of expression or concentration of genes and pro-
teins produce regulatory interactions that can not be modeled in Boolean terms (e.g., aggravating and synthetic
interactions). Despite the limitation of the Boolean formalism, our work clearly shows that PLNs have a great
dynamical diversity, characterized by the number and the size of attractors.

The explosion in the dynamical possibilities of the PLNs was expected from previous works. For example,
Kauffman® hypothesized that the number of attractors in random Boolean networks increase as /v. Later, it was
found that the number of attractors in Boolean networks increases faster than any power law as the number of
variables increases®. A strict comparison between these proposals and our results is difficult, because both
Samuelsson and Kauffman’s proposals were based on studies with a fixed number of connections, while our net-
works have a variable connectivity. Nonetheless, our results clearly show that the dynamical diversity of PLNs is
huge, compared with the dynamical diversity of unidirectional and hierarchical pathways.

We then focused on the role of network motifs, specially feedback circuits, in the size and the number of
attractors. We found that, as the number of positive feedback circuits increases, the number of attractors increases
and the size of the attractors decreases. We also observed the exact opposite relation between the number of nega-
tive feedback circuits and the number and size of attractors. These results were expected considering that positive
and negative feedback circuits are required for multistability and oscillations'>!®. As it has been reported?’, the
positive/negative feedback circuits ratio give the correct trend for the number and the size of the attractors. These
results are interesting, but they do not explain how feedback circuits in PLNs, which can have multiple coupled
feedback circuits, regulate the size and number of attractor. Thus, we looked for a more mechanistic understand-
ing of the regulation of the size and the number of attractors by analyzing the coupling of feedback circuits. We
found that the combination of functionalities (i.e., the way feedback circuits couple) is a key regulator of the
number and the size of attractors. In general, PLNs with the same combination of functionalities can produce the
same number and size of attractors, independently of its structure.

It is important to note that the same combination of functionalities can produce attractors of different size
and number, indicating that the combination of functionalities definition does not capture completely the regu-
lation of the size and the number of attractors, leaving many interesting issues for future research. Some of these
issues are, if an extended or modified definition of the combination of functionalities would allow to completely
understand how multiple circuits regulate the size and the number of attractors. For example, does considering
other properties, such as the functionality of interactions between variables of different circuits could improve our
understanding of how circuits regulate the number and the size of attractors? It might also be that the property
regulating the size is not the same property that regulates the number of attractors. Another important point to
for future research is that we compared networks with the same number of variables, but it could be that the same
combination of functionalities in a network with different variables will produce attractors with different proper-
ties. Hence, we wonder if there is a way to characterize the number and size of the attractors in a network, inde-
pendently of the number of variables in such a network. Anyhow, we believe that studying how multiple feedback
circuits couple and modify the properties of a network, will provide the answer to many of these questions. Thus,
it is worthy of further research and could provide insightful information about molecular regulation in general.

In accordance with previous observations!>***¢, we found that several PLNs with different structures are capa-
ble of producing the same number, size, and even the same set of attractors. This result emphasizes how lim-
ited are the traditional methods for the analysis of experimental results, such as the epistasis analysis"'®'°. First,
because such analyses consider only a restricted number of possible networks, they are not well suited to deal
with the huge diversity of possible dynamic behaviors in real molecular networks. Second, because such methods
are unable to distinguish between alternative networks producing the same set of attractors. Thus, we searched
for the number of PLNs that produced the epistasis results. In 2-PLNs, the number of network that produced the
same set attractors was so huge, that we needed to constrain our search to a limited number of PLNs structures. It
is important to remember that all these networks produce exactly the same attractors, which represent the results
expected by epistasis analysis. As a consequence, we can conclude that with the use ofepistasis analysis multiple
regulatory structures are indistinguishable'. Even more, we find that in some cases they can even produce wrong
gene regulation inferences®'. These incorrect inferences are due to the appearance of alternative pathways that
can produce the expected behaviors. There may not be general rules to infer complex network structures, such
as PLNs'>16, However, our results suggest that it is fundamental to expand the analyses of regulatory interaction,
allowing then to include and consider the presence of regulatory motifs, such as feedback circuits. Considering
feedback circuits could be specially relevant, as according to our results, networks sharing the same structure
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and the same combination of functionalities produce dynamically similar regions. Consequently, in principle, it
should be possible to use information, such as the combination of functionalities, to produce better inferences of
regulatory structures. In fact, our preliminary studies suggest that by not assuming a unidirectional and hierar-
chical structure, already improves the inference of regulatory structures”. Thus, we believe that a more general
understanding of the combination of functionalities and its relation with networks structure and dynamic will
open possible ways to study and analyze molecular regulation of biological processes.
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Robustness in Regulatory Networks
A tutorial for BoolNet and BoolNetPerturb

ME Martinez-Sanchez

1 Introduction

This tutorial explains how to use BoolNet and BoolNetPerturb to study the robustness of Boolean
regulatory networks and the biological implications of this analysis.

This tutorial supposes that the reader is familiar with the basic concepts of: * Boolean regu-
latory networks. There are a lot of basic introductions to the topic like: Kaplan & Glass, 1995,
Azpeitia 2011 and Albert 2014. CoLoMoTo also published a more advanced review CoLoMoTo
2015. * R programming language. A good starting point is the R programming course at Cours-
era. * Molecular biology. Contact your local biologist. * Robustness. The book Wagner 2005 was
a great inspiration for this work.

The standar format for logical regulatory networks is SBML-qual.

library (BoolNet)
library (BoolNetPerturb)

1.1 Robustness and plasticity in biological systems

Organisms develop in a changing world where they are exposed to intrinsic and extrinsic pertur-
bations. Because of this perturbations, they need to be both resilient and adaptable, depending of
the situation. This two behaviors coexist in all organisms, which suggests that there are common
mechanism that underlie both robustness and plasticity.

Robustness is the capacity of an organism of maintaining its biological function in response to
perturbations. A system is stable if it returns to the initial state after a perturbation, and plastic if
it transitions to a new state. However, for studying robustness it is necessary to determine what
function of the system is robust to which kind of perturbations[Wagner 2005].

1.2 Regulatory Networks

Regulatory Networks (RN) are a useful tool for studying the cellular behaivor and robustness of
biological systems in response to different kinds of perturbations[Colomoto 2015]. RN integrate
the available information of the molecular regulation to predict cellular level phenomena using
a mathematical formalism. RN are deterministic dynamic systems. RN consist of nodes -that
represent genes, proteins, or other biological processes- and edges -that represent the regulatory
interactions among the nodes. Using this information, it is possible to construct functions that
describe the state of the nodes depending on the state of its regulators. The value of the node
represents wether the gene or protein is active or inactive in the biological system. The effect of
the environment can be included in this models as input nodes.



The functions of the network are evaluated to obtain the attractors of the network. Attractors
represent stable states in the dynamics of the network and have been related to cell types or bio-
logical processes like the cell cycle[Kaufman 1969, Azpeitia 2011, Albert 2014] [Figure 1]. RN let
us simulate multiple types of perturbations depending in which part of the RN we alter. We can
say that an attractor is stable to a perturbation if the RN returns to the same attractor, or plastic if
it transitions to a different attractor. The robustness of the system is the result of the stability and
plasticity of all its attractors. The robustness of the system can differ depending on the perturba-
tion. In this way, robustness is a characteristic of the system that emerges from the interactions
between the components of the system.
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Figure 1: Boolean regulatory networks. A regulatory network consist of nodes, its interactions,
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and the Boolean functions that regulate the value of each node. The state of each node can be up-
dated using this functions, to obtain the transition space. The attractors of the network correspond
to biological cell types.

1.3 Biological system: Th17/iTreg network

In this work we will use the Th17/iTreg regulatory network as an example. This network is a part
of the CD4+ T cell regulatory network that has alredy been published and analysed using this
methodology [Martinez-Sanchez 2015]. CD4 + T cells are fundamental for the adaptive immune
response. They integrate the signals of the environment and differentiate from naive (Th0) cells
into different cell types (Th17, iTreg, Th3, etc), which activate different parts of the immune system.
In particular, Th17 cells have been associated with the inflammatory response and iTreg cells with
the regulation of the inflammatory response.

CD4+ T cells begin as naive ThO cells, which do not express a transcription factor. These
cells are activated by antigen presentation and differentiate depending in the cytokines in the
environment. In the presence of IL-6 or IL-21 and TGFg Tho cells differentiate into Th17 cells and
express ROR~t, IL-21 and IL-17. In the presence of IL-2 and TGF/3 ThO cells differentiate into iTreg
cells and express Foxp3 and TGFf. There also exist Th3 cells, which are TGF3+Foxp3-. These
cytokines and transcription factors regulate each other and their relationships can be visualized a
as graph[Zhu 2010, Carrier 2007].

@ @ @

TGFD

MaLD

Figure 2. Thl7/iTreg regulatory network

The Th17/iTreg network can be expressed as a set of boolean functions obtained from the
known interactions among the cytokines and transcription factors. Cytokines are intrinsic if pro-
duced by the CD4+ T cell, and extrinsic if produced by other cells of the immune system. We will
distinguish extrinsic cytokines by adding e at the end of the cytokine name.



net <- loadNetwork ("minThl7iTreg.txt")
net

Boolean network with 8 genes

Involved genes:
IL2 RORGT STAT3 FOXP3 TGFB IL2e IL2le TGFBe

Transition functions:

IL2 = (IL2e | (IL2 & ! FOXP3)) & ! STAT3

RORGT = (STAT3 & TGFB) & ! FOXP3

STAT3 = (IL2le | STAT3 | RORGT) & ! IL2

FOXP3 = (IL2 & (IGFB | FOXP3)) & ! (STAT3 | RORGT)
TGFB = TGFBe | ((TGFB | FOXP3) & ! STAT3 )

IL2e = IL2e
IL21le = IL21le
TGFBe = TGFBe

2 Attractors of the network

As the state of the network is updated using the functions, the network will reach a previously
visited state called an attractor. Attractors can be steady states or cycles. The set of states that
lead to an attractor is called the basin of the attractor. Attractors represent cell types or biological
processes. It is very important to verify that all the expected cell types appear in our attractors,
if they are not present we might be missing interactions. It is also important to see if there are
attractors that do not correspond to known cell types, as they may be predictions or show errors
in the construction of the network.

In [3]: attr <- getAttractors(net)
plotAttractors (attr)

Attractors with 1 state(s)

IL2—

RORGT—

STAT3—

FOXP3

TGFB

IL2e—

IL21e—

TGFBe—

® active ® inactive



Attractors with 2 state(s)
IL2

RORGT
STAT3
FOXP3
TGFB
IL2e

IL21e

TGFBe

x|
3
>

= active ® inactive

2.1 Labels

When there are a lot of inputs, it is possible that many attractors correspond to a single cell type
that can be found in different environments (we will discuss this further). We will consider that
an attractor corresponds to a cell type if both the master transcription factor and characteristic
cytokine are active.

In [4]: labels.rules <- data.frame (
labels=e¢('Th0', 'Thl7', 'Treg', 'Th3', 'RORGT+', 'FOXP3+'),
rules= c¢('! (RORGT | FOXP3 | TGFB)', 'RORGT & STAT3',
'FOXP3 & TGFB', 'TGFB & ! (RORGT | FOXP3)',

"RORGT & ! STAT3', 'FOXP3 & ! TGFB')
)

labels.rules

labels | rules
ThO | /(RORGT | FOXP3 | TGFB)
Th17 | RORGT & STAT3
Treg | FOXP3 & TGFB
Th3 | TGFB & ! (RORGT | FOXP3)
RORGT+ | RORGT & ! STAT3
FOXP3+ | FOXP3 & ! TGFB

We can authomatically label using the BoolNetPerturb function labelAttractors() which takes
a dataframe of the states to label, and a list of genes, labels and rules. If there is a cycle, we will
label each state independently and join them with a “/”.



In [5]: attr.df <- attractor2dataframe (attr)

labels <- labelAttractors(attr, net$Sgenes, labels.rulesS$labels,
labels.rulesSrules)
attr.df$Slabel <- sapply(labels, function (label) ({
paste (as.character (label), collapse='/")
})

We can group the attractors according by label. We represent the Boolean attractors with deci-
mal numbers to facilitate display.

In [6]: attractors.by.label <- data.frame (
states = tapply(attr.df$SinvolvedStates, attr.df$label, paste),
basin = tapply(attr.dfs$basin, attr.df$label, sum)
)
attractors.by.label

states basin
RORGT+/Th3 | 178/181, 242 /245 22
Th0 | 0,1,4,33,36,68,65,97,100 88
ThO/ThO | 96/101 16
Th17 | 150, 182, 214, 246 62
Th3 | 16, 144 27
Treg | 57,121,185, 249 41

3 Function perturbations

Functions recapitulate the regulatory interactions and determine the dynamic of the Boolean reg-
ulatory network. They are limited by the topology, as nodes can only be directly influeced by their
regulators. The changes in the functions of a network can be associated with multiple biological
phenomena. Knock out and over expresion experiments, environmental factors, evolution, epi-
genetics and the intrinsic flexibility of the regulatory mechanisms all alter the iteractions of the
regulatory network of a biological system.

3.1 Knock-out and over-expression

One possible kind of perturbation it to fix the value of the regulatory function to 0 or 1. The per-
turbation is equivalent to a knock-out or over-expression experiment. In this way it is possible to
validate the model against known mutants. It can also be used to simulate the effect of conditional
mutants of proteins that are hard to study in the wet lab, as the functions of the model only rep-
resent the effect of the mutation in the specific system. This can be useful if mutating the target
protein is letal, as it can predict the effect of technically complicated conditional mutants.

We can use the BoolNetPerturb function perturbNetworkFixedNodes() to obtain the attrac-
tors and basins of the different fixed networks. By default, this method obtains all the single node
knockouts and overexpressions. The function returns a dataframe where the rownames are the
states and each column corresponds to the basin size of a fixed network. If the attractor cannot be
found in a network it returns NA.



# Obtain mutants
mutants <- perturbNetworkFixedNodes (net)

This table can be labeled, ordered and plotted to study all single node mutants of the network.

# Label all mutants
labels <- lapply (rownames (mutants), function(states) {
states <- as.numeric (unlist (strsplit (states, "/")))
label <- lapply (states, function(s) {
s <- int2binState (s, netSgenes)
1 <- labelState (s, netSgenes, labels.rulesS$Slabels,
labels.rulesSrules)
})
label <- paste(label, collapse='/")
})

mutants$label <- as.character (labels)

#Group by label
mutants[is.na (mutants)] <- 0 # NAs to 0
mutants.by.label <- by (mutants[, 1:(length(mutants)-1)],
mutantsS$label, colSums) #colSums by label
mutants.by.label <- t(sapply (mutants.by.label,
function (label) label ))
#simplify and transpose

#0Order
colnames (mutants.by.label) <- lapply (colnames (mutants.by.label),
function(s) {
unlist (strsplit (s, split='.', fixed=TRUE)) [1]
1)
mutants.by.label <- mutants.by.label[ c(
'ThO0', 'Thl7', 'Treg', 'Th3', 'RORGT+', 'FOXP3+',
"Th0/Th0', 'RORGT+/Thl7', 'RORGT+/Th3',
'"Treg/Treg', 'FOXP3+/Treg', 'Th3/Th3’'
) 4]

#Plot

mutants.by.label.matrix <- data.matrix (mutants.by.label) #convert to matri:
mutants.by.label . matrix[mutants.by.label.matrix==0] <- NA #replace 0s for I
colfunc <- colorRampPalette(c("cyan", "darkblue")) #color scale

mutants.heatmap <- heatmap (mutants.by.label.matrix, #heatmap
Rowv=NA, Colv=NA,
col= colfunc(10),
#col=brewer.pal (3, "Blues"),
scale="column", margins=c(5,10))



. Th3/Th3

FOXP3+/Treg
Treg/Treg
RORGT+/Th3
RORGT+/Th17
ThO/ThO
FOXP3+
RORGT+

Th3

Treg

Th17

ThO

= o

RORGT_0O
STAT3_0
FOXP3 0
TGFB_0

IL2e_0
IL21e 0
TGFBe_0
IL2_1

RORGT _1
STAT3_1
FOXP3_1
TGFB_1

IL2e_1
IL21e_1
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3.2 Fixed environments

The state of a network usually depends in external factors -that can be modeled as inputs. Fixing
the value of the functions can also be used to study the effect of the environment in the differentia-
tion and robustness of different cell types. Most cell-types are higly dependent on the cytokines in
the environment. This can be simulated by fixing the values of the inputs of the network according
to the different environments [Monteiro 2015].

In [9]: environments<- list (
label=c('All', 'pro-ThO', 'pro-Thl7', 'pro-iTreg'),
nodes=1list ( ¢(NA),c('IL2e', 'IL21le', 'TIGFBRe'),
c('IL2e', 'IL2le', 'TGFBe'),
c('IL2e', 'IL21le', 'TGFBe') ),
values=list ( ¢(NA, NA, NA), c(0, 0, 0),
c(0, 1, 1), c(1, 0, 1) )

environments.df <- data.frame( environmentsSvalues )



names (environments.df)
row.names (environments.df)
environments.df

<— environmentsS$label
<- c('IL2e"',

'IL21le', 'TGFBe')

‘ All  pro-ThO pro-Thl7 pro-iTreg
IL2e | NA 0 0 1
IL21e | NA 0 1 0
TGFBe | NA 0 1 1

The BoolNetPerturb function perturbNetworkFixedNodes() can simulate multiple fixed

genes if we pass them as a vector inside a list.

In [10]: # Simulate environments

env.attr <- perturbNetworkFixedNodes (net,
environmentsS$Svalue,

#env.attr

environmentsS$nodes,
environmentsS$Slabel)

This table can be labeled, ordered and plotted to study all the environments of the network.

In [11]: # label attractors

env.attr$label <- unlist (lapply (rownames (env.attr),

states <- as.numeric (unlist (strsplit

label <- lapply (states,

s <- int2binState (s,

1l <- labelState(s,

netSgenes,

(
function (states) {
(states, "/")))
function (s) {
net$genes)
labels.rulesS$labels,

labels.rulesSrules)

)
label <- paste(label,

1))

# group by label
env.attr[is.na(env.attr)]

env.attr.by.label <- by(env.attr[,
env.attr$label,

<—

collapse="/")

0O # NAs to O
1: (length(env.attr)-1)1,
colSums) #colSums by label

env.attr.by.label <- t(sapply(env.attr.by.label,

function (label)

#env.attr.by.label

# rename and order
colnames (env.attr.by.label)
function (s)
env.
'ThO0', 'Thl7',
attr.by.label

'Treqg’',
env.

# plot

env.attr.by.label.matrix <- data.matrix(env.attr.by.label)
env.attr.by.label.matrix[env.attr.by.label.matrix==0]

{unlist (strsplit (s,
attr.by.label <- env.attr.by.label]

label ))

#simplify and transpose

<- lapply (colnames (env.attr.by.label),
split='."', fixed=TRUE)) [1]})
c(
'"ThO/ThO",

'"Th3"', '"RORGT+/Th3') , ]

#convert to mat
<- NA #replace 0s f



colfunc <- colorRampPalette(c("cyan", "darkblue")) #color scale
env.attr.heatmap <- heatmap(env.attr.by.label.matrix, #heatmap
Rowv=NA, Colv=NA,
col= colfunc(10),
scale="column", margins=c(25,25))

All pro-ThO pro-Thl7 pro-iTreg
ThO | 88 23 0 0
Thl7 | 62 0 32 8
Treg |41 O 0 18
Th3 |27 9 0 0
ThO/ThO | 16 0 0 0
RORGT+/Th3 |22 0 0 6
RORGT+/Th3
ThO/ThO
Th3
Treg
Th17
ThO

<

pro-ThO
pro-Th17
pro-iTreg

3.3 Truth table

Trough evolution the regulatory interactions of an organism can change. This changes are not
always loss-of-function mutations or over-expressions, they can also be smaller changes in the
regulatory function. For example, the regulatory sequence of a gene can be altered, two indepen-
dent regulators can become synergetic, or a positive interaction can become negative. However,
this changes can also occur during the life of an organism: changes in the epigenetic marks, disor-
dered domain proteins, and alternate spliccing can alter the regulatory functions[?]. It is possible
that there are mistakes in the construction of the network when the fine regulatory logic is un-
certain. It is possible to simulate this mutants by altering the truth table of the function, partialy
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changing its regulatory logic. This partial changes in the functions have also been used to study
the evolvability of biological systems, as the regulation of the gene expression can be mediated by
changes in the promotors.

To do this we will use truth tables. Truth tables are a representation of Boolean functions. They
have one column for each input variable, and one final column for all of the possible results of the
logical operation that the table is meant to represent.

For example, the function: > C = A and not B

Can be represented as:

r—\»—\OO’;(>
—_ o R o|w
o~ oco|Nn

We can perturb this table by changing one of the values of the truth table.

A B C*
0 0 O
0 1 1
1 0 1
1 1 0

This new table corresponds to the function:
C=AxorB

We can simulate perturbations in the truth table using the BoolNet function perturbNetwork()
and compare this results with the attractors of our WT network. Here we show the difference
between the two sets of attractors. As perturbNetwork() randomly changes a value of the table
it is a good idea to repeat the experiment multiple times (see BoolNet package vignate for more
information). Here we show the perturbed states of the network after ten experiments.

In [12]: perturb.truth.table.differences <- function (net) ({
perturbed.net <- perturbNetwork (net, perturb="functions")
pertubed.attr <- getAttractors(perturbed.net)
pertubed.attr.df <- attractor2dataframe (pertubed.attr)
#pertubed.attr.df
setdiff (attr.dfSinvolvedStates, pertubed.attr.dfSinvolvedStates)
}

replicate (10, perturb.truth.table.differences (net))
1. 150’
2. 182

3. 214’
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4. '246'
5. ’178/181"
6. '242/245’

4 Updating perturbations

The effect of the order in which the functions are evaluated can also be studied. Studying the
robustness of the updating schema is useful for predicting the effect of temporal differences and
developmental noise in the dynamic regulation of different proteins.

An other possible perturbation of the dynamic is to alter the sucessor states. Boolean regu-
latory networks are deterministic, the state in this time step determines the state in the next time
step. However, it is possible to alter the successor, changing the transition graph. This can alter -or
not- the trajectory of the simulation and change the attractor. This is equivalent to developmental
noise in the differentiation process of a cell.

4.1 Synchronous vs asynchronous

In a discrete regulatory network the value of a node n in ¢t + 1 is a function of the values of
its regulators in the time $t. However, we can update the value of the nodes in different ways.
The two main schemas for updating are synchronous -where all functions are evaluated at the
same time- or asynchronous -where each function is evaluated independently. If synchronous
updates are used each state the transition space has only one successor. However, if asynchronous
updates are used each state the transition space can have more than one successor. Complex
attractors depend on the updating policy and are harder and more expensive to compute in the
asynchronous case.

Biologicaly speaking, synchronous updates supose that all the processes happen at exactly the
same time, while asynchronous updates supose that the processes do not. If a process is faster
than an other, or if there is a lag in its regulation, it will affect the dynamic of the regulatory logic.
While most biological regulatory functions are asynchronous, it is easier to study the synchronous
schema.

Lets compute the synchronous and asynchronous attractors and see the number of attractors
each method found.

In [13]: attr.sync <- getAttractors(net)
attr.async <- getAttractors(net, type="asynchronous")
length (attr.syncSattractors)
length (attr.asyncSattractors)

22

9

The asynchronous method returns less attractors. All the asynchronous attractors are also in
the synchronous attractors, but the reverse is not true. In particular, most cycles tend to dissapear,
as they are not robust to the update schema. Synchronous updates are deterministic, this means
each state has only one sucessor. However, in asynchoronous updates, states can have more than
one sucessor, which makes it hard to determine the basin size. This can complicate the analysis
of the system and add computational time. It is for this reason that synchronous updating is
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usually used. Asynchronous updates usually result in less attractors, however, all the attractors
present in the asynchronous update will be present in the synchronous. It is important to check
the asynchronous attractors as complex attractors -specially cyclic attractors- are not robust to the
update method and may not occur in biological systems, which tend to be asynchronous.

4.2 Transition table

The trajectory of the regulatory network can be expressed as a transition table, where each state
is followed by an other according with the differentiation functions. Perturbing the transitions
between states can show the robustness to noise in the dynamic trajectory in the system.

We can do simulate this perturbations in the transitions using the BoolNet function perturb-
Network(). As perturbNetwork() randomly changes the transition table it is a good idea to repeat
the experiment multiple times. Here we show the perturbed states of the network after ten exper-
iments.

In [14]: perturb.transition.table.differences <- function(net) {

perturbed.net <- perturbNetwork (net, perturb="transitions",
numStates=10)

pertubed.attr <- getAttractors(perturbed.net)

pertubed.attr.df <- attractor2dataframe (pertubed.attr)

#pertubed.attr.df

setdiff (attr.dfSinvolvedStates, pertubed.attr.dfSinvolvedStates)

}

replicate (10, perturb.transition.table.differences(net))
1. 144’
2. 246’

5 States-and-Trajectories

Until now we have discused perturbations that occur in the functions or during evaluation of the
regulatory network. However, once the attractors have been reached, they are subjected to other
perturbations in the state of the system. This perturbations do not alter the wiring or updating of
the network, but its state. This perturbations are transient, as the functions remain the same, it is
only the state that is perturbed for a certain time, affecting its trajectory.

Biologicaly, this is equivalent to signals of the environment or intrinsic process of the cell that
change the expression of an element for a certain time. For example, most drugs change the micro-
environment of the organism while they are ingested, but once the treatment ends the perturbation
ends. An other example of transient perturbations in biological systems is stochastic noise.

Lets take ThO attractor [0,0,0,0,0, 0,0,0] and expose it to a Th17 environment for one time step.

In [15]: state <- 0
new.traj <- perturbPathToAttractor (
int2binState (state, net$Sgenes), net,
c('IL2e', 'IL21le', 'TGFBe'), ¢(0,1,1),
time=1, returnTrajectory = TRUE)
new.traj
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IL2 RORGT STAT3 FOXP3 TGFB IL2e IL2le TGFBe
110 0 0 0 0 0 0 0
210 0 0 0 0 0 1 1
310 0 1 0 1 0 0 0
410 1 1 0 0 0 0 0
510 0 1 0 0 0 0 0

As we can see, the resulting attractor is different (0,1,0,0,0, 0,0,0) but the resulting label is the
same (ThO).

A question we can ask ourselves is if an attractor is more sensible to perturbations in a partic-
ular node, and what transitions do these perturbations cause.

Lets take the ThO 0 attractor again and perturb one by one all its nodes for one time step.

In [1l6]: state.int <- 0
label <—= "ThO"
state <- int2binState(state.int, netS$Sgenes)

# perturb all nodes for time = 1
perturbations <- sapply (names (state), function(node) {
new.value <- as.integer (!state[[node]])
new.state <- perturbPathToAttractor (state, net,
node, new.value, time=1)
new.state <- new.stateSattractors[[1l]]S$involvedStates
new.label <- labelState(int2binState (new.state, net$Sgenes),
netSgenes, labels.rulesS$labels,
labels.rulesSrules )
c(state.int, label, node, new.value, new.state, new.label)
})
# clean data and rename columns
perturbations <- t (perturbations)
colnames (perturbations) <- c("ini.state", "ini.attr",
"pert.node", "pert.value",
"mod.state", "mod.attr")

perturbations
ini.state ini.attr pertnode pert.value mod.state mod.attr
IL2 | 0 Tho IL2 1 1 Tho
RORGT | 0 Tho RORGT 1 4 Tho
STAT3 | 0 ThO STAT3 1 4 ThO
FOXP3 | 0 Tho FOXP3 1 16 Th3
TGFB | 0 ThO TGFB 1 16 Th3
IL2e | O Tho IL2e 1 1 Tho
IL2Te | O ThO IL21e 1 4 ThO
TGFBe | 0 Tho TGFBe 1 16 Th3

This table shows us all the possible one node perturbations for a state and their resulting
attractors and labels. As we can see the ThO attractor is very sensible to perturbations. However,
most of the perturbations end in ThO attractors, only a few end in Th3 attractors.
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Using this method we can determine which cell types are more robust to perturbations and
which are more plastic to perturbations. We can also determine which nodes are more important
to the plasticity of the system, as they tend to cause more transition. It is also possible to study
wether the length of the perturbations affects the transitions of the system.

6 Conclusions

RN are a powerful tool for studying biological systems. Using this modeling tool it is possible to
recover not only the cell types, but also to study their robustness. RN let us realize global studies
that show the properties of the system. This is particularly important when studying system
properties like robustness. Furthermore, once we have a globa study it is possible to determine
the roles of specific nodes in the dynamic behaivor of the whole system, finding targets for future
research in the wet lab.

Models are representations of reality, this means they need to be carefully verified to make
sure their predictions are relevant. To verify the model it is important to take into account: *
Congruence with biological data, including mutants. * Avoid overfitting, make sure that small
mistakes won’t affect the model to much * Consider the limitations of the modeling tool and why
this limitations create artifacts.

An important consideration is to define the biological functions that are being studied, and
to determine what constitutes stability, plasticity and robustness for them. To better compare
this properties between systems ee need to create quatitative measures for plasticity. Boolean
networks might be useful, as they integrate levels to create a system approach, and it is possible
to do sample most of the system. In the future it will be important to understand the general
properties from random and biological networks. Depending on the question that needs to be
adress is the methodology you use.

Target Perturbation  Biological equivalent
Function Fixed functions Knock-out and over expressions, permanent
changes in environment
Transition table ~Misconstruction of the network, small changes
in regulation, evolvability
Updating Dynamic Time and hierarchy of biological processes.
State transitions Transient biological behaivor.
Attractor  State of nodes  Temporal changes in expression, transient en-
vironmental signals.
Stochastic Biological stochastic processes.

We hope this software is useful to both experimental and theoretical biologists who wish to
study robustness.
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Discusién y conclusiones

Las células T CD4+ se desarrollan en un entorno que cambia constantemente. Como parte del
sistema inmune, estas células deben enfrentarse y colaborar con el microbioma, de tal forma que sus
circunstancias cambian constantemente. Ademds la misma célula esta sujeta a ruido en los procesos
celulares. Para adecuarse a este entorno cambiante, los seres vivos han desarrollado mecanismos
que les permiten ser tanto estables como plasticos dependiendo de las circunstancias. El entender
los mecanismos internos que subyacen estos comportamientos es importante no solo para explicas
el desarrollo de las células T CD4+, sino para entender la emergencia de la robustez en los sistemas
complejos. En el presente trabajo hemos estudiado los mecanismos que subyacen la diferenciacién
y la plasticidad de las células T CD4+. Para hacer esto hemos estudiado tanto el sistema bioldgico

como las propiedades generales de las redes de regulaciéon Booleanas.

La diferenciacién y plasticidad de las células T CD4 + surge de la retroalimentacién entre
multiples niveles de regulacion: transcripcional, vias de senalizacion y el microambiente. El estudio
de las redes de regulacién como un sistema dinamico nos permite entender cémo las interacciones
entre los componentes, la topologia de la red y las funciones dindmicas de los nodos dan lugar
al comportamiento bioldgico. Ademads, estas redes nos permiten estudiar la robustez del sistema
inmune, recuperando la plasticidad de las células T CD4+ en respuesta al microambiente y a las

perturbaciones transitorias de los componentes del sistema.

Los modelos aqui presentados nos permiten determinar que factores son necesarios y suficien-
tes para capturar la determinacién celular de las células T CD4+4-. Cabe senalar que los factores
transcripcionales maestros no son suficientes, es necesario incluir la retroalimentaciéon y dindamica
cooperativa con las vias de senalizacion y las citocinas tanto producidas por el mismo linfocito co-
mo aquellas provenientes de otras células. De esta manera, es posible recuperar las configuraciones
observadas para células: ThO, Thl, Th2, Th17, Tfh, Th9, iTreg, Trl y Th3. En particular, cabe
destacar que el modelo es capaz de explicar la diferenciacién de las células Trl (Foxp3-IL10+) y Th3
(Foxp3-TGFS+), las cuales no estdn asociadas con algin factor transcripcional maestro pero son
fundamentales para regular al sistema inmune y mantener la tolerancia del organismo. Ademads,
el modelo recupera varios tipos celulares hibridos reguladores similares a Thl y Th2, los cuales

también han sido reportados. El que el modelo recupere estos tipos celulares muestra que la dife-
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renciacion no es necesariamente un proceso jerarquico, sino el resultado de una red de regulacién
multinivel.

Las citocinas en el microambiente restringen qué tipos de células y transiciones pueden alcanzar
las células T CD4+. En un micro-ambiente que favorece un tipo de célula particular aumenta el
tamano de la cuenca de atraccién, su estabilidad y transiciones hacia el tipo celular que se estéd
favoreciendo, sin embargo, otras células T CD4 + pueden coexistir en este microambiente. Por
ejemplo, en los entornos efectores como Thl, Th2 y Thl7 coexisten células efectoras con células
reguladoras. Por otro lado, la presencia de citocinas pro-reguladoras IL-10 y TGF-3 inhibe la
mayoria de las células efectoras, excepto Th17. Este hallazgo puede explicar la presencia de células
Th17 en micro-ambientes regulatorios, mejorando nuestro entendimiento sobre la relaciéon entre
Thl7 y iTreg y el papel bivalente de TGF-3 tanto en la inflamacién como en la regulacién.

Dada la complejidad de los patrones de expresion de las células T CD4 + y las transiciones entre
ellos, es dificil determinar si los tipos celulares corresponden a linajes o subtipos. El término linaje
implica estabilidad y compromiso del fenotipo, independientemente de las alteraciones ambienta-
les. Por otro lado, el término subtipo implica que, aunque la célula tiene un patrén de expresién
especificado, depende de las senales extrinsecas para su mantenimiento. Los tipos de células Thl,
Th2, Tth, Tr1 y Th3 son estables ante alteraciones en las citocinas extrinsecas. Mientras tanto, las
células Th17, iTreg y Th9 requieren TGF-fe, IL-2e o IL-4e, respectivamente. Sin embargo, todos
los tipos celulares son sensibles a cambios en el entorno o perturbaciones transitorias dirigidas. De
esta manera, no se puede decir que un tipo celular sea un linaje o un subtipo, mas bien, lo que existe
es un continuo de estabilidad y plasticidad que se puede ver alterado en circunstancias especificas.
Usando metodologias como las aqui presentadas, es posible estudiar el grado de dependencia de las
senales extrinsecas y la estabilidad en respuesta a los cambios en el microambiente, lo cual pueden
proporcionar criterios mas claros y objetivos para estudiar la robustez de las células T CD4+.

Las células T CD4+ son fundamentales para modular la respuesta inmune. Una vez diferencia-
das, estas células activan o inhiben diferentes mecanismos de la respuesta inmune. Es por esto que
las redes de regulacién aqui presentadas no solo nos ayudan a entender el comportamiento de las
células T CD4+, sino también nos dan valiosas intuiciones sobre el balance entre la inflamacién y
la regulacién de la respuesta inmune. Los procesos inflamatorios son fundamentales para controlar
a muchos de los retos inmunolégicos, pero al mismo tiempo la inflamacién crénica esta asociada

con enfermedades como céncer, alzheimer y sindrome metabdlico.

La obesidad estd fuertemente relacionada con la resistencia a la insulina, hiperinsulinemia,
inflamacién crénica y alteraciones en el comportamiento de las células T CD4+. Para estudiar la
interaccion entre el sistema inmune con el metabolismo es necesario integrar los datos de regulacién
molecular disponibles en modelos sistémicos dinamicos que permitan predecir los comportamientos
a nivel celular. Como un primer caso de estudio nos centramos en el efecto de la hiperinsulinemia
en las células T CD4+ en el tejido visceral adiposo obeso, ya que se conocen los mecanismos de
regulacién molecular por medio de los cuales la hiperinsulinemia afecta la produccion de citocinas

de las células T CD4+. Utilizando esta estrategia somos capaces de generar modelos dindmicos
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que recuperan algunos de los comportamientos de los linfocitos T CD4+ en la obesidad asociada a
inflamacién crénica.

La hiperinsulinemia altera la dindmica de la red de regulacion de las células T CD4+, y esto a su
vez, modula la diferenciacién celular y la plasticidad. En presencia de altos niveles de insulina, tipos
celulares proinflamatorios como Thl y Th17 se vuelven més estables a perturbaciones transitorias
y sus tamanos de cuenca aumentan, células reguladoras como Trl se vuelven menos estables o
desaparecen, mientras que las células productoras de TGFfno se ven afectadas. Como ya se vio
previamente, en ambientes pro-Thl, pro-Th2 y pro-Thl7 coexisten células efectoras y reguladoras,
pero los altos de insulina afectan severamente a las células reguladoras, especialmente en un entorno
pro-Thl7, desplazando el equilibrio del sistema inmune hacia la inflamacién. El modelo también
resalta el papel bivalente de TGFfen la aparicién del fenotipo Treg adiposo.

Las simulaciones resultantes proporcionan predicciones novedosas sobre el impacto del micro-
ambiente en la coexistencia de los diferentes tipos celulares. De esta manera, los modelos de redes
Booleanas proporciona un marco formal para integrar los datos experimentales en el estudio de
enfermedades inflamatorias complejas, realizando predicciones que pueden ser verificadas experi-
mentalmente. La retroalimentacion entre los modelos y los experimentos mejora nuestro entendi-
miento de los sistemas biolégicos, permitiéndonos proponer estrategias para tratar las enfermedades
complejas.

Los modelos son representaciones de la realidad, esto significa que necesitan ser cuidadosamente
verificados para asegurarse de que sus predicciones son relevantes. Para verificar el modelo es
importante tener en cuenta la congruencia con datos biolégicos, evitar sobreajustes, y considerar
las limitaciones de los datos y las herramienta de modelado. En el caso de las redes Booleanas existen
varias metodologias que permiten validar el modelo, lo cudl le da mas fiabilidad al modelo propuesto.
Al mismo tiempo, el modelo permite detectar dreas donde nuestro conocimiento es incompleto,
detectar patrones sistémicos y realizar hipétesis que pueden ser comprobadas experimentalmente.

A lo largo de este trabajo destaca la importancia de las asas de retroalimentacion, ya sea entre el
sistema metabdlico e inmune como dentro de las mismas células T CD4+. En la mayoria de los tipos
celulares se pueden ver asas de retroalimentacién positivas entre el factor transcripcional maestro
a la citocina caracteristica, al mismo tiempo que hay asas de retroalimentacién negativa con otros
tipos celulares. Las asas de retroalimentacion son fundamentales para la robustez del sistema, y
entenderlas no solo nos da intuiciones sobre el funcionamiento de las células T CD4+, sino también
de las propiedades generales de los sistemas biolégicos. Los modelos aqui presentados muestran que
las redes de regulaciéon no son jerarquicas y unidireccionales, sino altamente interrelacionadas con
miultiples asas de retroalimentacion entre los distintos niveles.

Las redes Booleanas nos permiten representar los reguladores de un sistema biolégico y sus
interacciones como la topologia y las funciones de la red. Utilizando esta representacion es posible
predecir los patrones de expresién como los estados de la red, de tal forma que los atractores corres-
ponden a los tipos celulares. Sin embargo, entender la relacién entre la topologia, las funciones y los

atractores no es trivial, sobretodo cuando miltiples asas de retroalimentacion conviven en una sola
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red como es el caso de los sistemas bioldgicos. Varios conjuntos de funciones pueden corresponder
a una sola topologia, y un conjunto de atractores puede ser el resultado de varias topologias y con-
juntos de funciones diferentes. Generalmente, las asas de retroalimentaciéon determinan el nimero
y tamano de atractores de una red, sin embargo, cuando hay multiples asas de retroalimentacion,

estas no son funcionales en todas las circunstancias.

Entender la relacién entre la topologia, las funciones dindmicas, y los circuitos funcionales
es importante para entender la emergencia de los atractores de las redes Booleanas. Sin embargo,
estudiar estos patrones en redes biolégicas puede ser sumamente complicado. Una forma de abordar
esta pregunta es comparar pequenas vias de regulacién. De esta manera podemos ver que son los
circuitos funcionales de retroalimentacién los que determinan las caracteristicas de los atractores del
sistema, en particular el nimero y tamano de estos. Al comparar dos vias de regulaciéon podemos ver
que dos redes con topologias similares pueden dar atractores distintos, mientras que dos redes con
topologias diferentes pueden dar atractores similares. Por otro lado, redes con el mismo circuitos
funcional tienden a ser mas similares. Sin embargo, el patrén no es del todo claro y es necesario

realizar mas estudios al respecto.

Dada la importancia de las redes Booleanas como herramientas en el estudio de los sistemas
biolégicos, es importante desarrollar paqueterias que permitan automatizar el analisis de las re-
des Booleanas. Para lograr esto es necesario definir la funcién biolégica que se estan estudiando
y determinar qué es lo que constituye estabilidad, plasticidad y robustez en ese contexto. De esta
manera es posible dar metodologias que sistematicamente caractericen a los sistemas para obtener
simulaciones confiables. El fijar las funciones como cero o uno permite simular mutantes de pérdida
o ganancia de funcién y comparar con los mutantes disponibles experimentar. Fijar el valor de los
nodos de entrada permite simular distintos microambientes. Alterar aleatoriamente las tablas de
verdad y de transicién permite estudiar el efecto de errores en la construccién de la red, pequenos
cambios en la regulacién y el ruido durante el desarrollo. Comparar diferentes esquemas de actuali-
zacion permite estudiar el efecto del tiempo, constantes de decaimiento y jerarquia de los procesos
biolégicos en la dindmica del sistema. Perturbar transitoriamente el estado de los nodos permite
estudiar la estabilidad del sistema ante cambios temporales en la expresién y senales ambientales
transitorias. De esta manera, la metodologia aqui presentada permiten estudiar la robustez de los
sistemas bioldgicos a varios niveles en las redes booleanas, complementando las metodologias ya

existentes.

Las células T CD4+ son un ejemplo de como los organismos requieren al mismo tiempo esta-
bilidad y plasticidad. Estas células modulan la defensa del sistema inmune contra patdogenos y al
mismo tiempo mantienen la tolerancia del organismo, evitando el desarrollo de enfermedades au-
toinmunes. Més aun, las células T CD4+ son un ejemplo de como los organismos han desarrollado
mecanismos para enfrentarse a entornos cambiantes. Tanto el medio ambiente como la regulacién
intrinseca presentan perturbaciones transitorias, por lo cudl es necesario tomar en cuenta estos

fenémenos para entender a los sistemas bioldgicos. El desarrollar modelos que permitan estudiar



Discusion y conclusiones 117

los mecanismos de regulacién del sistema inmune capaces de generar comportamientos dindmicos
robustos es importante para el tratamiento de enfermedades sistémicas.

Los modelos aqui presentados son principalmente redes de regulaciéon minimas. Aunque estos
modelos recuperan varios comportamientos bioldgicos importantes aiin carecen de senales y de la
regulacién de otras células que son fundamentales para entender completamente al sistema inmune.
La principal limitacién de este trabajo es que la red supone que la senal del TCR esta presente, sin
incorporar explicitamente los diferentes componentes de esta via de senalizacién e ignorando como
la intensidad y duracion de la activacion del TCR, afecta a las células T CD4+. Ademas, estas redes
ignoran citocinas tales como IL-1, IL-22 y TNF« y factores transcripcionales como PU.1 y c-maf.
En el caso del modelo de hiperinsulinemia el modelo reduce excesivamente el papel del metabolismo,
esta red ignora el efecto del metabolismo celular y el papel de hormonas como leptina, adiponectina o
hormonas sexuales, y tipos de células adicionales tales como adipocitos y macrofagos,que juegan un
papel importante durante la obesidad asociada a la inflamacién crénica. Modelos futuros deberan
incorporar estos factores para caracterizar adecuadamente la red de regulacion que subyace la
diferenciacion y plasticidad de los linfocitos T CD4+.

Al ser las redes presentadas aqui modelos Booleanos solo son capaces de expresar valores dis-
cretos. Esto es una limitante particularmente fuerte en el caso del TCR, TGFfe insulina, las cuales
se saben que su comportamiento varia dependiendo de la fuerza y longitud de las senales. Estudios
continuos, asincronos o de longitud de senal pueden ser ttiles para evaluar diferentes sindromes y
tratamientos, modelando de manera mas realista la progresién de la respuesta inmune. El modelo
aqui utilizado, todavia simplifica el microambiente, que es mucho méas complejo in vivo. Por ejem-
plo, es interesante evaluar cémo la longitud y la intensidad de las pequenas senales iniciales que se
producen en respuesta a la naturaleza variable del entorno, con el tiempo dar lugar a importan-
tes alteraciones asociadas con diferentes enfermedades. Estudios adicionales sobre el efecto de las
senales transitorias en una versién asincrona o continua de la red reguladora de células T CD4 +
minima y extendida, probablemente proporcionaran informacién importante sobre tales patrones
temporales.

También serd fundamental determinar el efecto de la simplificacién del modelo en los compor-
tamientos transitorios observados in vivo, ya que los retrasos en las vias de senalizacién pueden
afectar a la heterogeneidad, la plasticidad y la dindmica de la poblacién de células T CD4 +.
La simplificaciéon del modelo también puede ocultar algunas de las moléculas involucradas en el

sistema, lo que complica la validacién experimental.
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Conclusiones

Las células T CD4+ modulan al sistema inmune para mantener la homeostasis del organis-
mo ante retos inmunolégicos cambiantes. Esto hace que para mantener la robustez del sistema,
las células T CD4+ deban ser estables en ciertas circunstancias y plasticas en otras. En este tra-
bajo presentamos la red de regulacién molecular que subyace este comportamiento dindmico. La
red recupera los patrones de diferenciacién y plasticidad en distintos entornos, ademas de hacer
predicciones que pueden ser comprobadas experimentalmente.

El como el sistema inmune se comunica con otros sistemas es una pregunta compleja. Aqui pre-
sentamos una propuesta de meto logia para integrar el efecto de la hiperinsulinemia en el sindrome
metabdlico sobre la diferenciacién de los linfocitos T CD4+. El modelo resultante recupera algunos
de los patrones que se observan en la inflamacién crénica asociada a la obesidad. Este es un paso
adelante en resolver la pregunta de como se integra el sistema inmune con el metabolismo.

Al estudiar las redes biolégicas se pueden ver patrones de asas de retroalimentacién. Entender
como el funcionamiento de estos circuitos modula a los sistemas biolégicos es una pregunta im-
portante no solo para las células T CD4+ sino para la biologia de sistemas en general. Dada la
complejidad de estudiar el papel de los circuitos funcionales en redes bioldgicas, estudiamos vias
de regulacion sencillas. De esta manera determinamos que son los circuitos funcionales, mas que la
topologia o las funciones, los que determinan la dindmica del sistema.

Tanto el entorno como la regulacién interna de la célula estdn sujetas a perturbaciones, mu-
chas de estas transitorias. Para ayudar al estudio del efecto de las perturbaciones en los sistemas
dindmicos, presentamos una herramienta que permite realizar experimentos de simulacién con per-
turbaciones en redes Booleanas.

El estudio de la red molecular que subyace la diferenciacién de las células T CD4+ como un
sistema dindmico nos permite entender como las interacciones entre los componentes de la red
dan lugar al comportamiento biolégico robusto del sistema inmune. Sin embargo, se necesitan
mas investigaciones tedricas y experimentales para comprender las células T CD4 4. A medida que
mejoremos nuestra comprension de estas células, sera posible generar nuevas respuestas terapéuticas
y mejorar nuestro entendimiento de las propiedad generales de los sistemas biolégicos. Esperamos
que los resultados y la metodologia asociada sean tiles tanto para cientificos experimentales como

tedricos para simular, validar y analizar sistemas bioldgicos complejos.
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Figure S4. Validation of the T CD4+ lymphocyte trancriptional-signaling regulatory network.
(A) To validate the T CD4+ T-SRN model we simulated loss of function or null mutations (KO) and overexpression experiments and compared with
available experimental data. The value of the nodes was set to "0" for simulations of loss-of-function or knockout experiments, and to “1" for
overexpression. The color in corresponds to the basin size of each attractor in logaritmic scale. ---' represents attractors that were not attained in
the original wild type (WT) network. The attractors marked with (red) "X" correspond to incorrect predictions.
(B) To verify the construction of the functions and the structural properties of the model we performed a robustness analysis altering the update
rules. Networks with perturbed functions of the T CD4+ T-SRN were generated to test the robustness of structural properties of the networks to
noise, mis-measurements and incorrect interpretation of the data. After altering one of the functions of the network, 1.389% of the possible initial
states changed their final attractor (yellow), and only 0.219% of the possible initial states arrived to an attractor not in the original network (red).
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Figure S5. Effect of the environment in the stability of the T CD4+
lymphocyte trancriptional-signaling regulatory network.

The values of the extrinsic signals of the T CD4+ T-SRN were fixed in
accordance to different polarizing environments. Each attractor was
transiently perturbed and the proportion of transitions that stayed in the
same cell type was ploted in logarithmic scale. The environment studied
where: combinations of all extrinsic cytokines, ThO has no extrinsic
cytokines, Thl has IFNye, Th2 IL-4e and IL-2e, Th17 IL-21e and TGFpe, iTreg
has TGFBe and IL-2e, IL-10 has IL-10e, Tfh has IL-21e, and Th9 has IL-4e
and TGFe.
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Figure S6. Effect of transient perturbations in the state of the nodes of the T CD4+
lymphocyte trancriptional-signaling regulatory network.

Number of transitions to an attractor in response to transient perturbations in the value
of each node. The states of the node was perturbed during one time step from 1 to O (-),
or 0to 1 (+), depending on its state in the original attractor.
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TGFBe or ((TGFB or FOXP3) and not IL21)
IL10e or (IL10 and (IFNG or IL21 or TGFB or GATA3))
(IL21) and not (TBET or IL2 or TGFB)
(IL4 and ((IL10 and IL2) or TGFB) ) and not (IFNG or IL21)

Page 1
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The differentiation and plasticity of CD4+ T lymphocytes is the result of the concerted action
of many components like cytokines, receptors, transcription factors, etc. The large number of
components makes it convenient to simplify the resulting network.

1 Construction of the logical functions

We considered that a node is active if there is enough amount of protein or gene expression to be
functional and affect the differentiation of CD4+ T lymphocytes. A transcription factor is active if it
is present in enough quantity and in a conformation that can alter the expression of its target genes.
A transcription factor or cytokine is active if it is present in enough quantity and in a conformation
that can form a functional complex with its receptor. A receptor is active if it forms a complex that
can activate its downstream signaling. A STAT proteins is active if it is phosphorylated and forms
a dimer capable of translocating to the nucleus and affecting the expression of its target genes.

Basal levels

A protein or gene may be expressed at a basal level, but does not necessarily affect the differentiation
of the cell at that level of expression. For example, GATA3S is necessary for T cell maduration and
for CD4+ T-cell survival and maintenance. The deleterious mutation of GATAS is letal, and Lck-
Cre conditional deletion models lack CD4+ T cells or have impaired survival and maintainance.
GATA3"9" also drives the differentation into Th2 (Ho, Tai and Pai 2009). In this case we considered
that the basal level of GATA3!" corresponded to zero, while GATA3"9" was one.

Expression ‘ Phenotype ‘ Node value
GATA3K©O Letal -
GATA3lw Survival 0
GATA3high Th2 1

Weak interactions

Weak interactions were ignored in our model. Interactions between genes and proteins are weak
when they increase or decrease the expression of a gene or protein but are not necessary or sufficient
to cause changes in differentiation. For example, The IL-2 receptor (IL2-R) is necessary for the
activation of CD4+ T cells and plays a central tole in the differentiation towards Th2 and iTreg.
IL-2R is composed of three subunits IL-2Ra, 1L-2RS3, 7.. The three subunits together form a
high affinity receptor, while IL-2Rf and 7, form a medium affinity receptor, both complexes are



functional. IL2 increases the expression of IL-2Ra and IL-2R and Foxp3 increases the expression
of IL-2Ra. The result is that the IL-2R can form a functional complex (IL2R = 1) in the presence of
IL-2 with or without Foxp3, even if the transcription factor affects its expression levels and affinity
(Liao 2011).

IL-2, Foxp3; | IL2-Ryss
0 0 0
0 1 0
1 0 1
1 1 1

2 Boolean Logic Reduction Method

To simplify the network we employed a Boolean reduction method proposed in Villarreal et al,
2012. For simplicity, we illustrate only the simplification scheme of the interactions between IL-2
and Foxp3. Interleukin 2 (IL-2) can be produced by the T CD4+ lymphocytes or by other cells of the
immune system (IL2e). IL-2 binds the IL-2 receptor (IL-2R), which causes the phosphorylation and
dimerization of STAT5. The phosphorylation of STAT5 can be inhibited by SOCS1, which binds
the IL-2R. STATS5 activates the transcription of 1L-2, Foxp3 and increases the transcription of IL-
2R. Foxp3 can induce its own transcription and inhibit the transcription of IL-2. These interactions
can be characterized by a set of logical propositions which satisfy the following mapping:

FOXP3

[} ,‘ 1121 = IL2¢, or (STAT5, and not FOX P3,)
'>< [L2R+; = IL2, and not SOCS1, n
STATS5,,, = IL2R,
) FOXP3,., = STAT5, and FOX P3,
A

IL2e

Considering that the expression level of node N at a time t is represented by N, the attractors
(steady states) that represent different phenotypes are determined by the condition N;i; = N;.
In that case, the mapping becomes a set of coupled Boolean algebraic equations. The explicit
expressions of the attractors are then obtained by performing the algebraic operations according to
the axiomatic of Boolean algebra (see Villarreal et al, 2012):

IL2 = 1L2e or (STAT5 and not FOX P3)
IL2R = IL2 and not SOCS1
STAT5 =1L2R
FOXP3 = STAT5 and FOX P3



This results in the identity:
STAT5 =1L2R (3)

We employ this identity to determine the system’s attractors:
STATS = IL2 and not SOCS1 (4)

STATS = (IL2e or (STAT5 and not FOX P3)) and not SOCS1 (5)

Thus, the regulatory network attractors are summarized by the expression values of the nodes
pertaining to a concise set of Boolean expressions:

FOXP3

A

SOCS1
_ STATS = (IL2e or (STAT5 and not FOX P3)) and not SOCS1 (©)
L2 _
@ns FOXP3 = STAT5 and FOX P3
A

A

IL2e

3 Reduction of logical regulatory graphs

To verify the Boolean approach we compared our results with those obtained with the software
GINsim (Naldi et al, 2009). GINsim uses decision diagrams to iteratively remove regulatory com-
ponents and actualizes the components to maintain the indirect effects. The method preserves
the dynamical properties of the original model. The simplification with GINsim returns a similar
network as the one obtained with the boolean logic reduction method.

[ ] b

TBET | GATA3|) BCLG
[ i .
STATll STATE STAT3 |«
A \ Ry o Y .
o
s |¢ |
|
IFNGe IL4e || IL2e TGFBe IL10e IL21e
IRAK1 Lee | |IL23e




The simplification with GINsim recovers the same attractors as the Boolean logic reduction
method, except for RORYt+STAT1+, Bcl6+STAT1+4, and Foxp3+IL4+IL9+ attractors. The
ROR~t+STAT1+ and Bcl6+STAT1+ attractors arise from the codification of inhibitory interac-
tions; our model assumes that inhibitions are strong, while GINsim assumes that enough activators
may overcome an inhibition. The Foxp3+IL4+IL9+ attractor requires both IL2e and IL4e; un-
der transient perturbations it transits towards Th9 (IL10+, IL2e-, IL10e+), iTreg (IL4e+), Th1R
(IFNGe-) or Tth (Bcl6+, IL21e+).
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Boolean GRNs are useful to study the complex logic of transcriptional regulation involved in cell
differentiation. However, a comprehensive understanding of the mechanisms participating in cell fate
dynamics must take into account the continuos character of the variables involved in the description:
levels of genetic expression, differences in concentrations, in decay rates, threshold expression values,
etc. These factors may be taken into account by translating the discrete dynamical mappings
describing GRN interactions into a set of differential equations. In order to get formal consistency
of both descriptions, the new variables and operators that constitute the logical propositions must
satisfy a generalization of Boolean axiomatics into the continuous realm. For that purpose, we
transform the logical connectors and, or, and not according to the following operations:

aandb—a-b aorb—a+b—a-b notb—1-0b. (1)

It is straightforward to show that these rules satisfy the axioms of Boolean algebra. We may then
transform the Boolean logical propositions by direct substitution. An example is given by:

(a or b) and not ¢ = [a+b—a-b] (1—c).

We now consider the following set of differential equations defined by step-like inputs O[w;],
where w; is a continuous logical proposition:

df,Ei
dt

= @[wi(xl,...,xn) —QZ} — ;5. (2)

Here, 0; is a threshold value (usually, 0; = 1/2), while © [w;(z; — 6;)] is a logistic functional whose
value is 1 if w; > 0;, 1/2 if w; = 6;, and 0 if w; < 6;. «; represents the decay rate for the expression
of node i. A representation of ©[w;| is

1
Oli] = g )

where [ is a saturation rate. For 5 > 1, the functional O[w;] becomes a Heaviside step function:

It may be shown that when all o; = 1, the steady states of the set (2), defined by dz;/dt = 0,
coincide with attractor set provided by the discrete Boolean approach, indicating the robustness of
the continuous analysis.
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Figure 1: Differentiation and plasticity of CD4+ T cells in the continuous model. (A & B) Differ-
entitation of Treg cells in response to IL2e, TGFBe and IL21e in the micro-environment. (C & D)
Transition from Treg to Th17 in response to perturbations in ILZ2e.
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Fig S1: Attractors of the CD4+ T cell regulatory network. Each column corresponds to an attractor.
Each node can be active (green) or inactive (red), extrinsic cytokines may be active or inactive
(vellow). The following attractors were found in the network: ThO, Th1, Th1R, Th2, GATA3+, Th17,
iTreg, TGFB+IL10+, TGFf3+ and IL10+ regulatory cells. Attractors where labeled according to the

active transcription factors and intrinsic cytokines.

Node Function

TBET ((IFNG | (IL12e & ! (IL21 | TL4 | IL10))) | TBET) & ! (IL4 | GATA3 | 1L.21)
IFNG (IFNGe | (IFNG | TBET) & ! (GATA3 | TGFB))) & ! (IL21 | IL4 | IL10)
GATA3 ((IL2 & I1.4) | GATA3) & ! (TBET | TGFB | IL21 | IFNG)

IL2 (IL2e | (IL2 & ! FOXP3)) & ! (IFNG |I1.21 | (IL10 & ! FOXP3))

L4 (IL4e | (GATA3 & (IL2 | IL4) & ! TBET)) & ! (IENG | IL21)

RORGT (IL21 & TGFB) & ! (TBET | FOXP3 | GATA3)

IL21 (IL21e | IL.21 | RORGT) & ! (IFNG | IL4 | IL10 | IL2)

FOXP3 (IL2 & (TGFB | FOXP3)) & ! (IL21 | RORGT)

TGFB TGFBe | ((TGFB | FOXP3) & !1L.21)

IL10 IL10e | (IL10 & (IFNG | IL21 | TGFB | GATA3 | 11.27e) & ! INSULIN)
IFNGe IFNGe

IL12e IL12e

IL2e IL2e

IL4e IL4e

TGFBe TGFBe

IL10e IL.10e

IL27e IL27e

Table S1. Rules of the CD4+ T cell regulatory network.
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Labels Rules

ThO | (TBET | GATA3 | RORGT | FOXP3 | IL10 | TGFB)
Thil (TBET & IFNG) & ! (IL10 | TGFB | FOXP3)
TBET+ TBET & ! (IFNG | IL10 | TGFB | FOXP3)

ThiR TBET & (IL10 | TGFB | FOXP3)

TH?2 (GATA3 & 11.4) & ! (IL10 | TGFB | FOXP3)
GATA3+ | GATA3 & ! (IL4|IL10 | TGFB | FOXP3)

Th2R GATA3 & (IL10 | TGFB | FOXP3)

Th17 RORGT & IL.21 & ! IL.10

RORGT+ | RORGT & ! (IL21 | IL10)

iTreg FOXP3 & TGFB & ! (TBET | GATA3 | RORGT)
IL10+ IL10 & ! (TBET | GATA3 | FOXP3 | RORGT)
TGFB+ | TGFB & ! (TBET | GATA3 | FOXP3 | RORGT)

Table S2. Labeling rules of the CD4+ T cell regulatory network.
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Supplementary Methods
Boolean networks basic definitions
LetB=1{0,1} and N, ={1,2,...,n} an initial segment of natural numbers. We define a synchronous Boolean network with
n components as a function f: B" — B". The i-th component of f is a function f;: B" — B such that f;(x) = f(x);.

A state of the network is a tuple x = (x1,x2,...,x,) such that x € B". The dependency of the state on the discrete time
parameter ¢ is denoted as x(¢) and obeys the evolution rule given by f. That is for all t € Z

x(t+1) = f(x(1)). (D)

In order to relate a synchronous Boolean network with a molecular network, we interpret each component of a state x as
representing the activation state of a particular variable denoting a molecule included in the network. Given a set of variables
V ={v1,...,vu}, we define a bijective function ) : N}t — V to relate the components of the state x with their respective
variables. The molecule represented by the variable y (i) is said to be active if x; = 1 and inactive otherwise.

For synchronous Boolean networks, an attractor is a set of states A C B" where for all x(0) € A there exist / > 0 such that
= mkinx(k) = x(0) and for all s € N<, x(s) € A; [ is the size of the attractor.

For simplicity, we refer to the variable v by its position i in the vector x. For a state x € B"” and a variable i we denote as
x ~ i the vector resulting from replacing the value of x; with the complement of x;.

Given two variables i and j and the update function of variable j, namely f;, i activates j if there exists a pair of network
states x, y that differ only in the state of activation of variable i, that is, y =x ~ i, x; = 0 and y; = 1, such that f;(y) — fj(x) > 0.
Conversely, i inhibits j if there exists a pair of network states x, y that differ only in the state of activation of variable i, that
is,y=x~1i,x;=0and y; = 1, such that fj(y) — fj(x) < 0. An interaction, denoted as the pair (i, j), i, j € N<, is functional
if variable i activates or inhibits node j. Note that according to this definition, it is possible for variable i to both activate
and inhibit variable j. A non-functional interaction does not provide useful information about the biological system and it
is an accepted convention that interactions, where a molecule activates and inhibits the same gene are scarce in molecular



regulations-?. Thus, we excluded both non-functional regulations and regulations where variable i both activate and inhibit
variable j.

Circuits functionality analyses
A feedback circuit is defined as a set of directed interactions forming a closed path. Feedback circuits can be positive or
negative. The sign of a circuit is given by the signs of its interactions. A circuit is positive if it has an even number of negative
interactions, it is negative otherwise. It is important to note that the sole presence of a circuit in a network does not guarantee
the appearance of the corresponding dynamical behavior (i.e., oscillations or multistability). Thus, a circuit is considered
functional if at least one combination of the states of external regulators of its members allows all interactions of the circuit to
be functional together>.

In more formal terms, the functionality context of the interaction(i, j) of a Boolean network f is the set ®(f,i, j) defined
by:

D(f,i,j) ={x| fj(x) # fij(x ~i) and x € B"} (2)

For a Boolean network f we say that &y is its structure or interaction graph 9y = (V, ff“L, S, ), where: .7/ f is its set of
positive interactions defined by

I ={x(),2()) | x € @(f.i,j) and x; = f;(x)} 3)

and .¥ r is its set of negative interactions defined by

T ={(x(@,x()) | x € D(f,i,j) and x; # fj(x)} @)

For a circuit C = (cy,¢32,...,cx) (simple cycle) with no shortcuts of an interaction graph ¢, where ¢; € N<,,, ¢; # ¢ if i # j,
we define the functionality context of the circuit C, denoted ®(f,C) as follows:

k
cD(fa C) = ﬂ d)(f7 Ci; C(i mod k)+1) : &)

i=1
The circuit C is functional if ®(f,C) is not empty.
The functionality context for a circuit C with shortcuts S = {(c;,c;) | |(j mod k) —i| # 1} is defined by:
O(f,C.8) =@(f,0)= | {x|xe®(f,C)andx~i¢ P(f,C)}. ©)
(ij)eS

As with the previous case the circuit C is functional if ®(f,C,S) is not empty.
The restricted functionality context of ®(f,C,S) by the set of nodes P = {p1, p2,. .., P} having a Boolean constant function
(i.e. Vx,Vp € P fp(x) = c and ¢ € B) is defined by

B(,C.S)[P| = {x| Vp € Pxp = fo(x) and x € B(£.C.5)} )

A functional circuit description is given by the triple (C,n, ¢) where C is a circuit, n = |®(f,C,S)[P]| the cardinality of its
restricted functionality context, an its sign ¢ € S, where S = {4+, —} is the set of signs.

The combination of the functionality of (feedback) circuits of a Boolean network f is defined as the set of functional circuit
descriptions for all circuits in its interaction graph ¥r.

Networks structural and dynamical distances
We define the adjacency matrix of a graph G = (V,E) withV = {v,...,v,} and E € V xV as #(G) = (a;j), (a;j) € B"*"
with entries satisfying

1 if(vy,v;) €E
ajj = i .]) (®)
0 otherwise)

Accordingly, the structural distance Dy (f,g) between two Boolean networks fandg is defined by

Durlr8) = [0 5 077~ (557050 v
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where ||-[|, is the matrix entrywise norm defined by

[ (aij)l], = (ZZlaul )1/1’ (10)

The signed structural distance thr (f,g) between two Boolean networks fandg is defined by

Di(f.8) = ¥ X #e He | (Vs ) - (V.r@))|| (an
G1ESGES
where #: S — {—1,1}, is defined by
-1 ifg=-—
o P (12)
1 ifg=+
The dynamical distance between two Boolean networks fandg is defined by
Dayn(f,8) =Y, Y Ifilx) —&i(x)] (13)
xeB” lENSn

We compared each pair of networks A and B of size N using the three distances described above, implementing the necessary
algorithms in Python. The dynamical distance clustering analysis was done using the scipy/linkage function (ward)* for the
dynamical distance. We considered that only distances below a certain threshold where valid edges (0 and 8 for the structural
and dynamical distance, respectively). In the resulting networks each node represents a PLN and the edges’ weight corresponds
to the dynamical or structural distance. We analyzed the network properties using. python/networkx”.

PLNs simulations, analyses and queries

For section 2.1 and 2.2 PLNs were simulated using R/BoolNet 2.1.1°. There were 9 x 103 biologically meaningful 1-PLNs,
all of which were analyzed. As for biologically meaningful 2-PLNs, due to their astronomical number, we used samples of
sizes between 10 and 32.8 x 10° of them to analyze their properties. The combinations of functionalities were analyzed using
GINsim’.

For the sections 2.4 and 2.5, the search of PLNs with the epistasis expected set of attractors (see section 3.3) was done with
Griffin®. Griffin is a software tool that uses symbolic algorithms for the inference of Boolean networks. Griffin transforms the
set of constraints into a Boolean sentence, which in turn using a Tseitin transformation”'? is converted into an equisatisfiable
conjunctive normal form sentence. This sentence is then provided as an input to a SAT solver, SAT4j'!. When the solver finds
an assignment of the Boolean variables that make the sentence true, this assignment is returned to Griffin. Griffin then decodes
the assignment into a set of Boolean functions corresponding to the network dynamics.

Certain biological constraints were added to Griffin to formulate the epistasis queries. First, we use a set of generalized
interactions which are a set of gene interaction constraints that corresponded to the MUS,OUS and MP interactions. The
expected fixed point attractors of the 2-PLNs required partially defined fixed points and the double mutant experiment required
multiple genes mutations with partially defined states. All of these biological constraints were transformed by Griffin into the
Boolean sentence representing the query. Finally, we prohibited networks that exhibit cyclic trajectories in the state space. As it
is computationally intractable to add this constraint a priori, Griffin performs a posteriori refinement of cycles using Dubrova
and Teslenko’s SAT based algorithm!?. Any satisfying assignment will be decoded to a biologically meaningful Boolean
network.

All the data generated via simulations, analyses and queries are available under request.

Statistical Analyses
All statistical analyses were carried out in R version 3.2.313.

To test the relationship between number of attractors and attractor average size we carried out a non-parametric Spearman
rank correlation, given that the assumptions of parametric correlation were violated (Fligner-Killeen test for homogeneity of
variances X2 = 526.784, d.f.=9,P<0.001).

The differences between the circuits and structural properties in the singles and 2-PLNs were analyzed with generalized
linear models (GLM) with Poisson error structure and log link function. In GLMs with overdispersion (overdispersion test
P < 0.05;'*) we used models with quasipoisson errors'®. For analyzing attractor sizes and ratio of positive/negative circuits we
used generalized least squares (GLS) to account for heterogeneous variances found by type (Fligner-Killeen test P < 0.001)!6-17,

Finally, in order to test the frequency distribution of networks (N = 6.3X 107 networks) of the attractors size and number
we used Kolmogorov-Smirnov tests for log-normal, exponential, normal and Poisson distributions implemented in R package
nortest. To test for power law distributions we used a bootstrapping procedure with 30 simulations in R package poweRlaw'®
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Statistical analyses results
Attractors properties
The attractors size was significantly larger for 2-PLNs than for 1-PLNs (GLS F1,18998 = 217.63,P < 0.001; C.1.95%:
2-PLNs=1.624+0.012; 1-PLNs = 1.494+0.012).

The number of attractors was significantly larger for 2-PLNs than for 1-PLNs (Poisson GLM z = 103.2, d.f. = 1,18998,
P <0.001; C.1.95%: 2PLN = 6.22 £0.049; 1-PLNs = 2.91 £ 0.035).

Feedback circuits and PLNs structure
The number of combinations was significantly higher in 2-PLNs than in n—s— 2-PLNs (Poisson GLM: z = 104.6, P < 0.001,
2-PLNs 1,510+ 11.07, n—s— 2-PLNs 788 +7.74).

The number of combinations of functionalities contained in each structure was significantly larger for 2-PLN than for
n—s— 2-PLN (Quasipoisson GLM ¢ = 53.96, d.f. = 30768, P < 0.001; C.1.95%: 2PLN = 14.24 £0.199; n—s— 2-PLNs
=2.36£0.146).

The mean number of combinations of functionalities contained in each structure was not significantly different for 1-PLNs
and 1-n—s— PLNs (Quasipoisson GLM t = 1.423,d.f. =19, P =0.172).

The mean number of structures containing the same combination of functionalities was similar between 2-PLNs and n—s—
2-PLNs (Quasipoisson GLM Res.Dev. = 280865, d. f. = 254468, P = 0.331, 2-PLNs 1.46 +0.010, n—s— 2-PLNs 1.43 +0.044
).

Relations
In 1-PLNs, the relationship between the number of attractors and the attractors average size was significant and negative
(Poisson GLM: Res.Dev. = 1139.8, d.f. = 8998, z = —22.59, P < 0.001). In 1-PLNs, the relationship between the number
of attractors and the number of negative feedback circuits was significant and negative (Poisson GLM: Res.Dev. = 5683.8,
d.f.=8998, z=—30.45, P < 0.001). The relationship between the number of attractors and the number of positive feedback
circuits was significant and positive (Poisson GLM: Res.Dev. = 5633.5, d.f. = 8998, z = 34.29, P < 0.001). The relationship
between the attractors average size and the number of negative feedback circuits was significant and positive (Poisson GLM:
Res.Dev. =5428.5,d.f. = 8998, z =38.15, P < 0.001). The relationship between the attractors average size and the number of
positive feedback circuits was significant and negative (Poisson GLM: Res.Dev. =32122,d.f. = 8998, z = —37.45, P < 0.001).

In 2-PLNss to test the relationship between the number of attractors and the attractors average size we took a random sample
of 10,000 networks and carried out a generalized linear model (GLM) with Poisson errors and log link function. We used power
tests in G*Power software (version 3.1.9.2) to confirm that this number of sampled networks was enough to achieve high power
values in the analyses (higher than 0.90)'°. In particular, we used two-tailed z-tests for Poisson distributions, using alpha values
of 0.05 including the exponential of each model’s coefficients as input parameters. When the independent variable was a count
(number of attractors) we specified the observed lambda and when the predictor variable was continuous (attractor?s size) we
used the observed mean and standard deviation?”?!. For the relation between positive loops and attractor size we needed to
sample 30,000 networks in order to achieve a power of 0.90. We found a significant, negative relation between the number
of attractors and the attractors average size (Poisson GLM: Res.Dev. = 1968.9, d.f. = 9998, z = —14.00,P < 0.001). The
relationship between the number of attractors and the number of negative feedback circuits was significant and negative (Poisson
GLM: Res.Dev. = 146.46, d.f. = 9998, z = —11.79, P < 0.001). The relationship between the number of attractors and the
number of positive feedback circuits was significant and positive (Poisson GLM: Res.Dev. =4975.5, d.f. = 9998, z = 39.60,
P < 0.001). The relationship between the attractors average size and the number of negative feedback circuits was significant
and positive (Poisson GLM: Res.Dev. = 9607.10, d.f. = 9998, z = 39.45, P < 0.001). The relationship between the attractors
average size and the number of positive feedback circuits was significant and negative (Poisson GLM: Res.Dev. = 32122,
d.f.=29998, z = —19.36, P < 0.001).

For 1-PLN, the connectivity was positively related with the number of attractors (PoissonGLMz = 3.25, P = 0.001), but
not with the size of attractors (LM : F'1,8989 = 0.206, P = 0.650). For 2-PLN, the connectivity was positively related with the
number of attractors (PoissonGLMz = 41.27, P < 0.001), and with the size of attractors (LM : F1,15936 = 1089.1, P < 0.001).

Distributions

For the number of attractors, the frequency distribution differed significantly from a normal distribution (D = 0.205, P < 0.001)
or from a Poisson distribution (D = 0.256, P < 0.001). For the attractors size, the frequency distribution differed significantly
from a normal distribution (D = 0.265, P < 0.001), from a Poisson distribution (D = 0.420, P < 0.001) or from a power law
distribution (KS = 0.013, Xmin = 6, Scaling = 10.278, P < 0.001). For the number of attractors, the frequency distribution
differed significantly from a log-normal distribution (D = 0.853, P < 0.001) and from an exponential distribution (D = 0.474,
P < 0.001). The attractors size frequency distribution also differed significantly from a log-normal (D = 0.307, P < 0.001) and
an exponential distribution (D = 0.401, P < 0.001).
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Table S1. 2-PLNs contrasts the ratio and total number of feedback circuits between the different groups Results from
linear models (circuits ratio) and generalized linear model with Poisson distribution (total circuits). In the upper part of the
diagonal for each percentage used are p-values for circuits ratio and in the lower part of the diagonal are p-values for total
circuits, corresponding to Table 1.

2-PLNs
Percentage | PLN group n—s— n—s+ n+s— n+s+
n—s— — < 0.001 | <0.001 | <0.001
n—s+ < 0.001 — < 0.001 | <0.001
70% n+s— < 0.001 | <0.001 — < 0.001
n+s+ < 0.001 | <0.001 | <0.001 —
n—s— — < 0.001 | <0.001 | <0.001
n—s+ < 0.001 — < 0.001 | <0.001
80% n+s— < 0.001 | <0.001 — < 0.001
n+s+ < 0.001 | <0.001 | <0.001 —
n—s— — < 0.001 | <0.001 NA
n—s+ < 0.001 — < 0.001 NA
90% n+s— < 0.001 | <0.001 — NA
n+s+ NA NA NA —
n—s— — < 0.001 | <0.001 NA
n—s+ < 0.001 — < 0.001 NA
95% n+s— < 0.001 | <0.001 — NA
n+s+ NA NA NA —
n—s— — < 0.001 | <0.001 NA
n—s+ < 0.001 — < 0.001 NA
99% n+s— < 0.001 | <0.001 — NA
n+s+ NA NA NA —

Table S2. 1-PLNs contrasts of the ratio and total number of feedback circuits between the different groups In the
upper part of the diagonal are p-values of contrasts from linear models for circuits ratio (even when variances were
heterogeneous in some cases, modifying variance structure with GLS did not improve model fit); in the lower part of the
diagonal are p-values of contrasts from Poisson GLMs for total circuits, corresponding to Table 1. 70, 95 and 99% results are
not presented due to the lack of data. NA=data not available to carry out contrasts.

1-PLNs

Percentage | PLN group | n—s— n—s+ n+s— n+s+
n—s— — <0.001 | <0.001 | NA

n—s+ 0.812 — <0.001 | NA

80% n+s— 0.044 | 0.003 — NA
n+s+ NA NA NA —

n—s— — <0.001 | <0.001 | NA

n—s+ 0.372 — <0.001 | NA

90% n+s— 0.002 | <0.001 — NA
n+s+ NA NA NA —
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Figure S1. 1-PLNs properties.(A) Number of attractor vs. attractors mean size. (B) and (C) number of attractors vs. quantity
of negative and positive feedback circuits, respectively. (D) and (E) size of attractors vs. quantity of negative and positive
feedback circuits, respectively. As observed, negative and positive feedback circuits have opposite effects, just as in 2-PLNs.
Each point represents a single 2-PLN data. Points are displaced in the X axis only for visual purpose. The lines are predicted by
Poisson GLMs.
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IM1 = (INP1 | IM2 | ! IM1) & IM3
IM2 =! IM1 & IM2
IM3 =INP2 & IM1 &IM2 & ! IM3 & ! IM4
IM4 = IM3 | IM4
OUTPUT = IM4 & IM2

Figure S2. Example of a n+s— 2-PLN with an low positive/negative feedback circuits ratio. Interaction graph of a
2-PLN that has three positive and five negative feedback circuits formed with the blue interactions. Because, this PLN has more
negative (all functional) than positive feedback circuit (two of them functional), its positive/negative ratio (0.6 considering all
feedback circuits and 0.4 considering only the functional ones) is lower than the mean feedback circuits ratio on n—s+ 2-PLNs
using any percentage. Thus, we would not expect a n+s— behavior. Anyhow, this network produces 16 fixed-point attractors
(i.e., it is a n+s— 2-PLN) using the Boolean functions below (the inputs follow the identity function). &, | and ! stand for the

AND, OR and NOT logical operators.
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A B C

Network 1 Network 2 Network 3
B{m; =An&(Bw|Cw) B:t+1) =An & (Bw|!Cu) B(m) = (Ap&Buw) | (An&Cw) | (Bw&C)
Cita1) = Bu) Cusy=! By Cus1)=Byy
Aw | B | Co |Ags)| Bty | Cuer Aw | By | Co [Aws1)|Bary| Cus Ay | By | Cw |Awsn|Bus1y|Cpen
0 0 0 0 0 0 0 0 0 0 0 1 0 0 0 0 0 0
0 0 1 0 0 0 0 0 1 0 0 1 0 0 1 0 0
0 1 0 0 0 1 0 1 0 0 0 0 0 1 0 0 1
0 1 1 0 0 1 0 1 1 0 0 0 0 1 1 0 1
1 0 0 1 0 1 0 0 1 1 1 0 0 1 0
1 0 1 1 0 1 0 1 1 1 1 0 1 1 0
1 1 0 1 1 1 1 0 1 0 1 1 0 1 1
1 1 1 1 1 1 1 1 1 1 0 1 1 1 1 1 1l
Cardinality B-C = 2 Cardinality B-C = 2 Cardinality B-C = 4
Cardinality B-B = 2 Cardinality B-B = 2 Cardinality B-B = 4
Attractors = 3 Attractors = 3 Attractors = 4
CcC>BElR B>C B>B I

Figure S3. Some properties of the combinations of functionalities. (A-C) Above, the interaction graphs of three networks
with two positive feedback circuits. The red, green and blue arrows highlight the interactions forming the circuits. In the
middle, the Boolean functions used to solve these networks (A follows the identity function). Below, the state diagrams of the
networks. The red, green and blue color, highlight the lines where the interactions are functional in the state diagram. The
attractors are highlighted with grey. (A) and (B) Network 1 and 2 have the same combination of functionalites comprising two
positive feedback circuits, each with a cardinality of 2. (C) Network 3 has a different combination of functionalites of two
positive feedback circuits, each with a cardinality of 4. Notice that the same network structure (Network 1 and network 3) can
produce different combinations of functionalities, and that different network structures (network 1 and network 2) can produce
the same combination of functionalities. Observe that because both circuits share B variable, a change in the cardinality of one
circuit can modify the cardinality of the other circuit. Finally, remark that the networks with the same combination of
functionality produce the same number of attractors, while networks with different combinations of functionalities produce a
different number of attractors. Similar cases exist for the size of the attractors. &, | and ! stand for the AND, OR and NOT
logical operators.
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IM1 = INP1 IM1 = INP1

IM2 =!IM1 & ! IM3 | IM4 IM2 = IM1
IM3 = INP2 IM3 = INP2 & IM2

IM4 = IM3 & IM4 | IM1 & IM4 = IM3 | IM4
IM4 | IM1 & IM3 OUTPUT = IM4 & (IM2 | ! IM2)

OUTPUT =1IM2 & IM4

Figure S4. Two examples of wrongly inferred interactions using epistasis analysis. Examples of the cases where the
interaction from IM1 to IM2 (A) and the interaction from IM2 to OUTPUT (B) are wrongly inferred. In both cases the
expected pathway variant is ++. The orange edge is the incorrect inferred interaction and the blue edges are alternative
pathways that contains the expected signs of interactions between INP1, IM1, IM2 and OUTPUT with some extra intermediary
interactions. Below the Boolean functions for each of these PLNs (the inputs value is fixed to 1). &, | and ! stand for the AND,

OR and NOT logical operators.
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Figure S5. Examples of 1-PLNs with the same combination but different pathway variant. 1-PLNs interaction graphs
containing and producing the expected attractors of the (A) ++, (B) +—, (C) —+ and (D) — — pathway variants. Interestingly, all
these 1-PLNs have the same combination of functionalities, comprising a positive feedback circuit from IM1 to IM1 with a
cardinality of four, and a negative feedback circuit between IM1 and IM2 with a cardinality of four. In the state diagrames,
green, blue and pink colors, highlight the lines where the interactions are functional. The attractors are highlighted with grey.
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