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You can’t get to a time before the Big Bang
because there was no time before the Big Bang. We have
finally found something that doesn’t have a cause, because
there was no time for a cause to exist in. For me this
means that there is no possibility of a creator, because
there is no time for a creator to have existed in. It’s my
view that the simplest explanation is that there is no God.
No one created the universe and no one directs our fate.
This leads me to a profound realization: there is probably
no heaven and afterlife either. I think belief in an afterlife
is just wishful thinking. There is no reliable evidence for it,
and it flies in the face of everything we know in science. I
think that when we die we return to dust. But there’s a
sense in which we live on, in our influence, and in our
genes that we pass on to our children. We have this one
life to appreciate the grand design of the universe, and for

that I am extremely grateful.

(Hawking, S., (2018), Brief answers to the big questions).
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Introduccion

“Las matemdticas poseen no solo la verdad, sino cierta belleza suprema. Una belleza
fria y austera, como la de una escultura” (North & Russell, 1913). Gracias a la
objetividad y el rigor que aportan las matemaéticas, su importancia ha ido creciendo con
el paso de los siglos, haciéndose cada vez mds importantes en el resto de ciencias,
donde cada vez es mas habitual ver grupos multidisciplinares que integran a un
especialista en ciencias exactas.

La biomedicina, campo sobre el cudl se profundizard en esta tesis, no es una
excepcion. Durante toda la historia, la relacion entre las mateméticas y la biomedicina
se ha ido estrechando. Uno de los primeros en utilizar las matematicas para predecir
sucesos bioldgicos fue Leonardo de Pisa (c. 1175-1250) (mds conocido como
Fibonacci), quién desarroll6 el famoso modelo matematico para controlar el crecimiento
de los conejos (publicado el 1202, y traducido al inglés moderno en (Fibonacci, 2002)).
Sin embargo, no fue hasta la era Moderna cuando la sinergia entre las matematicas y la
biomedicina se hizo realmente evidente. Entre las figuras mas relevantes cabe destacar a
Karl Pearson (1857-1936), quien formulé matemdticamente una gran variedad de
problemas biolégicos y en particular relativos a la evolucidén, y cuyos estudios
inspiraron a otro gran matematico y biélogo llamado Roland Fisher (1890-1962), que,
entre sus logros, fue quien desarrolld el Andlisis de la Varianza (ANOVA) (Fisher,
1950).

Sin embargo, si tuviera que destacar la contribuciéon de una unica persona a la
matematizacion de la biomedicina, seria la de Francis Galton (1822-1911). Entre sus
aportaciones, se encuentran el haber ayudado a desarrollar el cardcter combinatorio de
la genética Mendeliana (Galton, 1877), demostrar que varias caracteristicas de la
poblacién, tanto psiquicas como fisicas, siguen una distribucion normal (Galton,
1889/1), ser el primero en definir el coeficiente de correlacién (Galton, 1889/2), o
cofundar Biometrika, la primera revista cientifica dedicada a promover el estudio de las
matematicas y la estadistica en la biologia.

Los esfuerzos de éste y otros muchos matemaéticos, bidlogos y médicos, han
hecho que hoy en dia sea mdas natural el abordar problemas biomédicos desde las
matematicas. En esta tesis, profundizaremos en el disefio computacional de vacunas,
tanto universales como personalizadas, una disciplina enmarcada en el campo de la
inmunologia.
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Este campo de las ciencias biomédicas se encarga del estudio del sistema
inmunitario, que tiene como funcién el reconocer patégenos y elementos perjudiciales
en nuestro organismo, para posteriormente generar una respuesta contra ellos (Murphy
& Weaver, 2016). Gracias a los avances tecnoldgicos, el volumen de datos
inmunolégicos con los que trabajar se ha incrementado enormemente (Tong & Ren,
2009), lo que ha hecho necesaria la utilizaciéon de herramientas computacionales y
técnicas matematicas para poder procesar dicha informacién. Los trabajos que
involucran las matemdticas en esta drea son muy variados, pero cabe destacar los
estudios sobre la diversidad del virus del dengue (Khan et al., 2006/1), o la variabilidad
del virus causante de la gripe A (Heiny et al., 2007).

A continuacién, se presenta la contextualizacion especifica de las 4
investigaciones sobre el disefio de vacunas presentadas en esta tesis. Estas
investigaciones pueden abordarse como dos bloques diferenciados dentro del mismo
campo, uno sobre vacunas antivirales universales (investigaciones n°l y n°2), y otro
sobre vacunas antitumorales personalizadas (investigaciones n°3 y n°4). Esta
diferenciacion se debe a que, la virtud principal del método que presentamos en esta
tesis para el disefio de vacunas, las A-supercadenas, radica en su capacidad para proteger
contra todas las variantes seleccionadas de un patégeno. Sin embargo, al obtener la
informacién para desarrollar vacunas personalizadas, y en particular, antitumorales, no
se dispone de una secuenciacion del ADN de cada célula del tumor de manera
individualizada (lo que podria situarnos en un escenario similar al de las vacunas
antivirales y nos permitiria aplicar el principio de A-supercadena), sino que se obtiene
informacién de las mutaciones de manera “més global”. Esto implica que el abordaje
deba ser distinto, como se vera mas adelante.

I.1. Antecedentes de la investigacion n°1

Las enfermedades infecciosas son la causa diaria de la muerte de millones de
personas, y la mejor forma de prevenirlas es la vacunacién. Por lo tanto, los
inmundlogos centran sus esfuerzos principalmente en mejorar la prediccion de
antigenos eficientes que nos protejan contra los patégenos (Nielsen et al., 2010), y
mejorar asi la seleccion de antigenos a incluir en la vacunacién (Khan et al., 2006/2).
Existen dos tipos de inmunidad, y su eficiencia varia segtin el patégeno. La inmunidad
humoral implica la produccion de anticuerpos a través de las células B que interactian
con la superficie de los patdégenos, o con las toxinas que secretan. Cada anticuerpo se
une a un antigeno, que es una estructura tridimensional de aminodcidos que puede ser
contactada a través de la region variable del anticuerpo. Por otro lado, la inmunidad
celular depende de los antigenos para las células T que son generados por otras células,
como las células presentadoras de antigenos, que generan antigenos a partir de la
degradacion de patdgenos o la sintesis de proteinas. Estas cortas cadenas de
aminodcidos generadas a partir de la degradacion intracelular o de la sintesis de
proteinas, se unen a las moléculas del complejo mayor de histocompatibilidad (MHC),
que se compone de dos tipos de moléculas: las moléculas de clase I (denotado HLA-I en
humanos, por Human Leucocyte Antigen), que son reconocidas por los linfocitos T
CD8+ y a las que se unen antigenos compuestos por 8-9 aminoécidos, y las de clase II
(HLA-II), que son reconocidas por los linfocitos T CD4+ y que aceptan péptidos mas
largos, habitualmente entre 12-15 aminodcidos (Hemmer et al., 2000).



Con el objeto de optimizar la seleccién de estos antigenos, nuestro grupo
introdujo en Martinez et al. 2015, el criterio de ser una A-supercadena, junto con el
problema de optimizaciéon combinatoria asociado. En resumen, el criterio dice que,
dados dos conjuntos de cadenas, uno llamado host strings y representando en este caso
las variantes de proteina de los virus expresadas en aminoécidos, y otro llamado target
strings representando los antigenos, una A-supercadena serd una cadena candidata a
vacuna que contendrd, como subcadenas, al menos A antigenos de cada variante (esto
es, de cada host string). Esto significa que cada vacuna recubre al menos A antigenos de
cada paciente (con el objeto de aclarar los elementos del disefio de vacunas a través de
A-supercadenas, en la Figura 1.1 se ilustran, de manera esquemadtica, dichos
componentes). El problema combinatorio asociado es el de encontrar A-supercadenas de
longitud minima, lo que se traduce en hallar un candidato a vacuna lo més corto posible,
para un A dado. En Martinez et al. 2015, se mostré que este problema puede resolverse
de manera exacta (en nuestro caso fue resuelto a través de programacion entera, ver
Material y Métodos M.3), o también de manera aproximada (utilizando por ejemplo
algoritmos genéticos multiobjetivo (ver Material y Métodos M.4)).

Posibles antigenos
del virus (target strings)

Antigenos que forman
parte de la vacuna

Variantes del virus
(host strings)

Figura I.1. Esquema ilustrativo de los componentes del disefio de vacunas. En este
esquema se representan los elementos principales del disefio de vacunas utilizando A-
supercadenas. Los dvalos representan las diferentes variantes del virus (host strings); las
rayas horizontales son los potenciales antigenos (target strings); las rayas mds gruesas son
los antigenos seleccionados para formar parte de la vacuna; finalmente, la banda gris
representa la vacuna, compuesta por los antigenos seleccionados.

En este trabajo, hemos generalizado el concepto de A-supercadena, considerando
una funcién peso para cada antigeno representando su inmunogenicidad, acercando asi
el criterio a la realidad biolégica, donde distintos antigenos generan respuestas del
sistema inmunoldgico cuantitativamente distintas. En resumen, una A-supercadena
ponderada se define como una cadena tal que, para cada variante de proteina
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considerada, el minimo de las sumas de las inmunogenicidades de los antigenos que
estan tanto en la variante como en el candidato a vacuna, es al menos A.

Este trabajo fue publicado en PloS one (QI en el campo Multidisciplinar de
acuerdo con SCOPUS) como: Martinez, L., Milani¢, M., Malaina, I, Alvarez, C., Pérez,
M. B., & M. de la Fuente, 1. (2019). Weighted lambda superstrings applied to vaccine
design. PloS one, 14(2), e0211714.

I.2. Antecedentes de la investigacion n°2

La epidemia del coronavirus disease 19 (COVID-19), ha representado la mayor
amenaza a la salud global de la humanidad, con mas de 505 millones de personas
infectadas y mds de 6.2 millones de muertes desde que se detectd hace 2 afos (COVID-
19 website, https://covid19.who.int). Para acabar con la pandemia, se han desarrollado
varios tipos de vacunas de manera acelerada (Awadasseid et al., 2021; Flanagan et al.,
2020; Krammer, 2020; Gaebler y Nussenzweig, 2020; Poland et al., 2020). A pesar de
que se estan aplicando nuevas tecnologias para la produccién de vacunas, como las
vacunas de ARN mensajero (Wang et al., 2020; Yi et al., 2020), éstas siguen habiéndose
desarrollado con la concepcion antigua de disefio de vacunas, donde se protege contra
los virus més frecuentes, y no contra todas las variantes posibles hasta la fecha. Por otro
lado, cada vez es mads frecuente el uso de las herramientas bioinformaticas para abordar
diferentes aspectos de la enfermedad, como modelizar el virus (Estrada, 2020),
identificar mapas de antigenos (Sikora et al., 2021), disefiar proteinas inhibidoras
(Jaiswal y Kumar, 2020), u optimizar anticuerpos (Chen et al., 2021).

En este trabajo, basdndonos en estimaciones bioinformaticas de las principales
cualidades de los antigenos, se ha diseflado una vacuna peptidica basada en las A-
supercadenas ponderadas (Martinez et al., 2019) que es capaz de proteger contra todas
las variantes de virus consideradas, y de esta manera, puede minimizar la probabilidad
de que una nueva variante de virus pueda evitar nuestra vacuna. La bondad de las
vacunas peptidicas radica en tres criterios: primero, es facil de manufacturar; segundo,
el coste-efectividad de su produccion es alto; y tercero, son mds seguras que las vacunas
con virus completos (Flanagan et al., 2020; Dong et al., 2020; Hodgson et al., 2021).
Sin embargo, estas vacunas tienen la limitaciéon de que hace falta elegir adecuadamente
los antigenos en cuestion, y dado el nimero de posibilidades y de combinaciones entre
ellos, es humanamente imposible hacerlo en el laboratorio.

Es aqui donde tiene cabida nuestra metodologia, ya que, como se ha
mencionado, a través de herramientas bioinformaticas somos capaces de ponderar los
antigenos que, aplicando de un algoritmo de programacion entera (Material y Métodos,
M.3) y exigiendo el criterio de A-supercadena, formardan candidatos a vacuna que
sorteen el defecto de las vacunas peptidicas.

Este trabajo ha sido publicado en Scientific Reports (Ql en el campo
Multidisciplinar) como: Martinez, L., Malaina, 1., Salcines-Cuevas, D., Teran-Navarro,
H., Zeoli, A., Alonso, S., de la Fuente, .M., Gonzdlez-Lépez, E., Ocejo-Vinyals, J.G.,
Gonzalo-Margiiello, M., Calvo-Montes, J., & Alvarez-Dominguez, C. (2022). First



computational design using lambda-superstrings and in vivo validation of SARS-CoV-2
vaccine. Scientific Reports, 12(1), 1-12.

I.3. Antecedentes de la investigacion n°3

En los dltimos afios, la vacunacién antitumoral personalizada ha surgido como una
prometedora e innovadora alternativa para el tratamiento de varios tipos de cancer
(Vormehr et al., 2020; Vermaelen, 2019; Sahin et al., 2017; Kakimi et al., 2017). El
elemento clave para elegir la vacunacion personalizada contra las células cancerosas es
que, por un lado, los tumores tienen un gran nimero de mutaciones, y, por otro lado,
que aproximadamente el 95% de dichas mutaciones parecen tnicas y particulares para
dicho tumor (Stratton, 2011). Por lo tanto, estas mutaciones constituyen una diana ideal
para el tratamiento individualizado de tumores (Kreiter et al., 2012), y en particular,
para la vacunacién personalizada.

Sin embargo, a pesar de que haya un gran nimero de mutaciones en los tumores,
para desarrollar una vacuna efectiva, el primer paso es separar las mutaciones que s6lo
suceden en el tumor, de las mutaciones que se dan en células no cancerosas. Asi, se
presenta el concepto de neoantigeno como un tipo de péptido surgido a partir de
mutaciones especificas del tumor, y se une al complejo mayor de histocompatibilidad
(MHC) (Peng et al., 2019). Estos neoantigenos no han sido detectados previamente por
el sistema inmunitario, y por lo tanto el organismo no aplica mecanismos de tolerancia
contra ellos, siendo por lo tanto reconocibles como ajenos (Vormehr et al., 2019).

Dado que hay miles de mutaciones que podrian dar lugar a tantos posibles
neoantigenos, y como nos interesarian las que tengan mayores probabilidades de
generar una buena respuesta inmunitaria, el siguiente paso seria evaluar
experimentalmente las caracteristicas de cada neoantigeno de manera individual, lo que
es demasiado costoso (a dia de hoy irrealizable) tanto en tiempo como en dinero. Por
suerte, en las dltimas décadas se han desarrollado varias herramientas bioinformaticas
que son capaces de predecir algunas de las propiedades bioldgicas de los péptidos, y en
particular, de los potenciales neoantigenos, permitiendo asi realizar una primera criba en
la conocida como fase in silico.

A pesar de que el uso de estas técnicas va en aumento, una vez estimadas las
caracteristicas bioinformdticas, la manera de combinarlas para dar lugar a una potencial
vacuna se ha basado en algoritmos de ordenacién muy simples, que son incapaces de
seleccionar los mejores neoantigenos considerando todas las variables simultdneamente
(Sahin et al., 2017).

En este trabajo, a la hora de seleccionar la mejor combinaciéon de neoantigenos,
hemos utilizado funciones agregativas lineales, eligiendo soluciones del frente de
Pareto, que dan lugar a soluciones mds equilibradas que los d6rdenes lexicogréficos
habituales. Finalmente, hemos sintetizados dicha vacuna, encapsulada en particulas de
acido polilactico-co-glicolitico recubiertas de polietilimina, y hemos testado ex vivo
(esto es, reproduciendo en un ambiente externo, con toda la precision posible, las
condiciones naturales originales del organismo) su efectividad y especificidad.

Dicho trabajo estd bajo revision en BMC Bioinformatics (Ql en el campo
Mathematics: Applied Mathematics) bajo el nombre de: Computational and
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experimental evaluation of the immune response of neoantigens for personalized
vaccine design (2021), y ha sido elaborado por: Malaina, 1., Martinez, L., Gonzdlez-
Melero, L., Salvador, A., Sanchez-Diez, A., Asumendi, A., Margareto, J., Carrasco, J.,
Legarreta, L., Garcia, M.A., Pérez, M.B., Izu, R., De la Fuente, .M., Igartua, M.,
Alonso, S., Hernandez, R.M., & Boyano, M.D.

I.4. Antecedentes de la investigacion n°4

A pesar del creciente interés en el desarrollo de vacunas antitumorales personalizadas, y
del hecho de que utilizar neoantigenos como diana ha obtenido resultados prometedores
(Tanyi et al., 2018; Hu et al., 2018), cuando se considera todo el espectro de mutaciones
del tumor (conocido como mutanoma), el nimero de posibles neoantigenos es
demasiado grande como para evaluarlos uno a uno en el laboratorio. Por otro lado, si
eligiéramos alguno de estos neoantigenos “a ciegas”, no hay garantia alguna de que
estos vayan a generar una respuesta inmunitaria alta.

Como alternativa, como se ha mencionado en el punto 1.3, se han desarrollado
varias herramientas bioinforméticas para la predicciéon de propiedades bioldgicas a
partir de su secuencia de aminodcidos (Lundegaard et al., 2011; Zhang et al., 2008;
Soria-Guerra et al., 2015).

Dado que generar una respuesta inmunitaria contra un péptido mutado depende
directamente de la capacidad del HLA del paciente para anclarse a estos neoantigenos, y
presentarlos a los linfocitos (Fritsch et al., 2014), se ha considerado un buen primer
criterio para elegir los neoantigenos mas prometedores el coger los que se unan mads
eficientemente a dichas moléculas. Para estimar esta propiedad, las herramientas mas
utilizadas son las desarrolladas por IEDB para la estimacion de afinidad de unién a las
moléculas HLA-I y HLA-II (Zhang et al., 2008).

Sin embargo, a pesar de haber sido ampliamente usadas para estimar la afinidad
de unién de péptidos en general, surge la cuestion siguiente: dado que los neoantigenos
son capaces a priori de generar una respuesta inmunitaria, y solo difieren de su version
no-mutada en un tnico aminodcido, y ésta no genera respuesta alguna, ;son capaces las
herramientas bioinformaticas de detectar cuantitativamente esta diferencia? o dicho de
otro modo, ;es cierto que las versiones mutadas de los péptidos (neoantigenos) son mas
inmunogénicos que sus versiones no mutadas, de acuerdo con estas herramientas
bioinformaticas?

En esta investigacion, con el objeto de responder a dicha pregunta, hemos
secuenciado y analizado parte del mutanoma de seis pacientes que presentaban
melanoma cutdneo, y hemos comparado la estimacion de afinidad de unién a las
moléculas HLA-I y II de los neoantigenos, y su respectiva versién no mutada.

Este trabajo ha sido publicado en LNCS (Q4 en el campo “Mathematics:
Theoretical Computer Science”, y Q2 en “Computer Science”) como: Malaina, I.,
Legarreta, L., Boyano, M.D., Alonso, S., De la Fuente, .M., Martinez, L. (2020).
Analyzing the Immune Response of Neoepitopes for Personalized Vaccine Design. In:
Rojas, 1., Valenzuela, O., Rojas, F., Herrera, L., Ortuflo, F. (eds) Bioinformatics and



Biomedical Engineering. IWBBIO 2020. Lecture Notes in Computer Science, vol
12108. Springer, Cham.

Como resultado, en esta tesis presentamos cuatro estudios (tres de ellos
publicados) donde se han utilizado las matemadticas en el disefio de vacunas, que
posteriormente se han testado, ofreciendo resultados prometedores. A través de dichos
trabajos, se espera evidenciar la sinergia (cada vez mas dificilmente discutible) entre las
ciencias exactas y las ciencias de la salud.

Finalmente, a modo de anexo, ademds de las publicaciones integras, se incluye
el registro y descripciéon de una patente para una vacuna contra el SARS-CoV-2
disefiada a partir de técnicas cuantitativas y algoritmos de optimizacién heuristicos,
basada en la metodologia descrita en esta tesis.
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A-supercadenas ponderadas

A continuacién, presentamos una seccion donde se profundizard en el concepto de A-
supercadena ponderada, un criterio combinatorio desarrollado por nuestro grupo de
investigacion, que ha sido posteriormente aplicado al disefio computacional de vacunas,
y en particular, en las investigaciones n°1 y n°2 de esta tesis. Para llegar a este concepto,
primero, vamos a presentar en qué consiste dicho criterio combinatorio. En lo que sigue,
se expondran y demostraran algunos resultados tedricos, asocidndolos a un problema de
teoria de grafos. Finalmente, se presentardn dos maneras de obtener A-supercadenas
ponderadas 6ptimas y subdptimas, la primera, a través de programacién entera, y la
segunda, utilizando una modificacion de un algoritmo genético multiobjetivo.

Noétese que toda la teoria sobre las A-supercadenas (definiciones, teoremas y
proposiciones) han sido desarrolladas integramente por nuestro grupo. Ademas, tanto el
algoritmo de programacion entera como el algoritmo genético han sido disefiados y
desarrollados por nuestro grupo (a pesar de que este ultimo tenga como punto de partida
el conocido algoritmo genético de optimizacién multiobjetivo NSGA-II).

M.1. Introduccion al concepto de A-supercadena

Sea A un alfabeto finito (en nuestro caso formado por los 20 aminoécidos) y
A" = Uj-1 A" U {6} el conjunto de todas las posibles cadenas formadas por elementos
de A, donde 6 representa la cadena vacia. El conjunto A* constituye un semigrupo para la
operacién concatenacion (que denotaremos como +), donde:

t+t =y, t)F (@, tm) = (et by, o, t).

Es facil ver que para cualesquiera dos elementos de A*, su concatenacion, como
hemos indicado arriba, serd otra cadena, que a su vez serd un elemento de A*; por otro
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lado, es evidente que se cumple la propiedad asociativa, ya que el orden en el que se
aplique la concatenacion no altera el resultado. Por lo tanto, se tiene que (4%, +) es un
semigrupo. Ademads, 6 es el elemento neutro para la operacion, por lo que ademads de ser
un semigrupo es un monoide.

Diremos que una cadena t = (ti,...,t,,) es una subcadena de otra cadena
h = (h4,...,h,) cuando podamos escribir h=a+t+b para algunas cadenas
a,b € A*. Definimos a continuacién el grado de solapamiento entre dos cadenas t y t’
como:

solapamiento(t,t’) = max{i € {0,1, ..., min{m,n}} | t,,_;y; = t;",paraj =1, ..,i}.

Definimos por lo tanto la operacién de suma con solapamiento +' en un conjunto
A" como:

(tlr ) tn)+,(t1" Ry tm,) = (t1; W) tn—solapamiento(t,tl)) + (tllr ) tm’)-

Nétese que el conjunto A* con la operaciéon +' no es un semigrupo, porque la
propiedad asociativa no se mantiene: sean t; =t; =a, y t, =t, = b, entonces
((ty+'t)+'t3)+'t, = abab, mientras que (t;+'t,)+'(t3+'t,) = ab.

Consideramos ahora un conjunto T € A* como el conjunto de cadenas objetivo
(Target Strings), que en nuestro caso se corresponderan con los posibles antigenos
(sustancias que pueden ser reconocidas por el sistema inmunitario e inducir una respuesta
que genere anticuerpos), y el valor A € N, que serd el valor que maximizaremos y que al
generalizarlo mds adelante podrd tomar valores reales. Con estos elementos, podemos
escribir la definicién de A-supercadena:

Definicion 1. Sean Hy,...,H, € A* (las posibles variantes del virus, denominadas
también Host Strings) y T < A (los posibles antigenos), entonces llamando C(h, v) al
conjunto de todas las subcadenas comunes de h y v, definimos una A-supercadena v (el
candidato a vacuna) para el conjunto (Hy, ..., Hy,T) como una cadena v € A* tal que
|C(H,v)NT| = A, Vi=1,..,k.

M.2. Resolucion del Shortest weighted J-superstring problem

Para llegar a presentar el Shortest weighted A-superstring problem, vamos a comenzar
primero exponiendo la version no ponderada, esto es, el Shortest A-superstring problem.

Shortest A-superstring problem
Sean Hj,...,H, S A* un conjunto finito de cadenas del alfabeto A, sea T € A" el

conjunto de cadenas objetivo, y sea A € N, encontrar una A-supercadena v € A”
para (Hy, ..., H,, T) de longitud minima.

Este generaliza tanto el Shortest common superstring problem, como el Set cover
problem:
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_________________________________

f H: PLQQFTSTTQV
t[j’ cee [[() Y t24

..............................

V. EGHILKMFPSTWYV
y = +' [/() +' t35

Figura M.1. Obtencién de una A-supercadena. En este ejemplo, hay 3 variantes de virus
(Hy, Hy, H3), 35 posibles antigenos distintos de longitud 9 (ty, t,, ..., t35 € T, nétese que t;
aparece en H; y en Hs), y el candidato a vacuna resultante es la suma con solapamiento
v = t;+'t;9+ t35. Por lo tanto, se trata de una 1-supercadena.

Shortest common superstring problem
Dado un conjunto finito T € A* de cadenas de un alfabeto A, encontrar una cadena
v € A" tal que contiene a cada cadena t € T como subcadena, y es lo mds corta posible.

Set cover problem

Dado un conjunto finito de elementos U y un grupo de subconjuntos F cuya union sea
U, encontrar el menor nimero de conjuntos de F tales que su unién siga siendo U.

Ademds, como veremos mds adelante, es polinomialmente reducible (y
polindmicamente equivalente) al Shortest A-cover superstring problem:

Definicién 2. Una A-cover superstring es una cadena v € A" tal que dados un conjunto
(Hy, ...,Hy) yunvalor A € N, Vi =1,..., k al menos 4 elementos de H; son subcadenas
de v.

Shortest A-cover superstring problem
Sean Hy,...,H, € A" un conjunto finito de cadenas del alfabeto A, y sea 4 € N,

encontrar una A-cover superstring v € A* para (Hy, ..., Hy) de longitud minima.

1
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Dada esta equivalencia, varios de los resultados que expondremos a continuaciéon
se probarén para el Shortest A-cover superstring problem, y posteriormente se extenderan
al Shortest A-superstring problem. Por lo tanto, inicialmente, daremos una serie de
definiciones y demostraremos la equivalencia previamente mencionada, para
posteriormente formular el Shortest A-cover superstring problem a través de la teoria de
grafos.

Definicion 3. Decimos que el tiempo de ejecucion de un algoritmo T(n) es O(f(n)) si
hay constantes ¢ y n, tales que T(n) < c - f(n), Vn = n,.

Por ejemplo, si el tiempo de ejecucion del algoritmo es T(n) = 2n* + n, entonces
el algoritmo es O (n%), ya que paran, = 0y ¢ = 3 se tiene que 2n* + n < 3n*,vn > 0.

Definicion 4. Se dice que un algoritmo/funcion es de tiempo polinomial si su tiempo de
ejecucion Tgigoriemo (Suma del tiempo de ejecucion de todos los fragmentos del c6digo)
estd limitado por una expresion polindmica, esto es, dado una dimensién de la entrada n,
entonces Tyigoritmo() = 0(n*), para algin k positivo, donde O es la notacién para la
cota superior asintética.

Veamos este concepto a través de un ejemplo. Si definimos un algoritmo como:

bucles(n):

x =0;

fori =1:n
forj=1:n
x=x+1;
end

end

Entonces este algoritmo serd de tiempo polinomial, y en particular
Thucies(m) = 0(n?), porque el total de iteraciones es n - n (n veces el primer bucle y
dentro de cada uno, n veces la operacion).

Definicion 5. Dados dos problemas de minimizacién I1; y II,, diremos que II; es
polinomialmente reducible a II, si cada elemento de entrada I; de I1; puede ser llevado
a través de una funcién F en tiempo polinomial a los elementos de entrada I, de II,, de
manera que las siguientes dos condiciones se mantengan:

1' Fl_Il(Il) = FHZ (12)’
2. fi(x) = f,(x),Yx € Fyy,(I;), donde f; es la funcién objetivo del problema II;,
parai = 1,2.
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Definicion 6. Diremos que dos problemas de minimizacién son polinomialmente
equivalentes, si cada uno de ellos es polinomialmente reducible al otro.

A continuacién, probaremos el teorema que dice que el Shortest A-superstring
problem y el Shortest A-cover superstring problem son polinomialmente equivalentes:

Teorema 1. El Shortest A-superstring problem 'y el Shortest A-cover superstring problem
son polinomialmente equivalentes.

Demostracion. Para demostrar este teorema, primero probaremos que el Shortest A-
superstring problem es polinomialmente reducible al Shortest A-cover superstring
problem, y a continuacién probaremos la afirmacién reciproca, esto es, que el Shortest A-
cover superstring problem es polinomialmente reducible al Shortest A-superstring
problem.

Primera parte: Sean I = (A, Hy, ..., Hy, T, 1) los elementos de entrada del Shortest A-
superstring problem. Entonces describimos una transformacién en tiempo polinomial
para convertir I en una entrada equivalente del Shortest A-cover superstring problem
I'=(A Xy, ., X0, A):

1. Hacemosn =k, A'=1,yA = A.
2. Para cada i € {1, ...,n}, definimos X; como el conjunto de todas las cadenas
t € T que son subcadenas de H;.

Claramente, I’ puede ejecutarse a partir de I en tiempo polinomial. Veamos ahora
que el conjunto de soluciones factibles para ambos problemas es el mismo. Primero,
supongamos que v € A* es una solucion factible (esto es, una solucién que satisface todas
las restricciones) del Shortest A-superstring problem dada una entrada I. Entonces, para
cada i € {1,...,n},3 un subconjunto T; € T con cardinal al menos A, tal que todo
elemento de T; es una subcadena tanto de H; como de v (por ser una solucién). En
particular, T; € X; y cada elemento de T; es una subcadena de v. Por lo tanto, v es una
solucion factible del Shortest A-cover superstring problem para la entrada I'.

Del mismo modo, supongamos que v € A* es una solucion factible del Shortest
A-cover superstring problem para la entrada I'. Entonces, para cada i € {1, ..., n}, existe
un subconjunto T; € X; de cardinal al menos A para el cual todos los elementos son
subcadenas de v. Cada elemento T;, por definicién de X;, es un elemento de T y una
subcadena de H;. Por lo tanto, al menos hay A target strings distintas que son subcadenas
tanto de H; como de v, y, por lo tanto, v es una solucién factible del Shortest A-superstring
problem para una entrada I. Finalmente, dado que la segunda condicién de la definicion
4 se obtiene directamente de la definicion de ambos problemas, esta parte de la
demostracién estd completa.

Segunda parte: Sean I = (4, X4, ..., X, A) los argumentos de entrada del Shortest A-cover

superstring problem. Describimos ahora una transformacion en tiempo polinomial de I a
una entrada equivalente I' = (A, Hy, ..., Hy, T, A") del Shortest A-superstring problem:
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1. Fijamos k =n,A" = AU {x},donde x¢ Ay A’ = A.
2. Paracada i € {1,...,n}, sea X; = {x!, ...,x,ili}. Construimos la cadena H; como
concatenacion de todas las cadenas en X; separadas por *:
H; = xi +x +x5 4%+ +* +xh..
3. Fijamos T = U, X;.

Claramente, I’ puede obtenerse a partir de I en tiempo polinomial. Ahora, veamos
que el conjunto de soluciones factibles de ambos problemas es el mismo. Supongamos
que v € A* es una solucién factible del Shortest A-cover superstring problem dada la
entrada I. Para cualquier indice i € {1,...,k}, como estamos suponiendo que v es
solucién, existe un subconjunto T; € X; de cardinal al menos A para el cual todos sus
elementos son subcadenas de v. Sea t € T;. Como T; € X;, se tiene que t = x} para algtin

j €{1,...,n;}. Por lo tanto, t es una subcadena de H;. Ademads, por construccién de T,
también se tiene que t € T. En particular, T; es un conjunto de A cadenas de T que son a
su vez subcadenas comunes tanto de H; como de v. Como A € A’, v € (4")*, y, por lo
tanto, v es una solucion factible del Shortest A-superstring problem dada la entrada I'.

Asimismo, supongamos que v € (A")* es una solucién factible del Shortest A-
superstring problem para una entrada I'. Né6tese que el simbolo * no estd presente en
ninguna cadena de T'. Para cualquier i € {1, ..., n}, existe un conjunto T; € T formado por
al menos A cadenas comunes tanto de H; como de v. Como ningun T; contiene el simbolo
*, se tiene que T; €A". En particular, dada la estructura de H;,
VteT,3je{l,..,n}t= xj" € X;. Por lo tanto, el conjunto T; es un subconjunto de X;
de cardinal al menos A, donde todos los elementos son subcadenas de v, lo que implica
que v es una solucion factible del Shortest A-cover superstring problem para una entrada
I. Finalmente, como sucedia en la primera parte, dado que la segunda condicién de la
definicion 4 se obtiene directamente de la definicién de ambos problemas, la otra parte
de la prueba queda demostrada. ]

Como se ha mencionado, utilizando esta equivalencia, en vez de resolver el
Shortest A superstring problem, se procederd a la resolucién del Shortest A-cover
superstring problem, utilizando la teoria de grafos. Nuestra aproximacién al problema se
basa en modelarlo como una generalizacion del generalized Traveling Salesman Problem
para grafos dirigidos presentado en (Henry-Labordere, 1969; Saksena, 1970; y Srivastava
et al. 1969):

Generalized Traveling Salesman Problem

Sea G = (V,E) un grafo completo dirigido, donde V = {v,, ..., v,} representan el
conjunto de ciudades y un conjunto de clusters W = {W,, ..., W,,},con0 <m < n,y
donde cada ciudad v; € V pertenece a un tnico cluster. Sea ¢;; el “coste” de viajar entre
las ciudades v; y v;. El objetivo es encontrar un ciclo dirigido que visite exactamente
una Unica vez cada cluster, y que minimice la suma de los costes del viaje.

Sean (4, Hy, ..., Hy, A) los elementos del Shortest A-cover superstring problem, se
construye un grafo ponderado dirigido completo G = (V, E,c) (que denotaremos como
grafo de distancia) donde V es el conjunto de vértices, E el de aristas, y ¢ es la funcion
de coste, de la siguiente manera:
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* El conjunto de vértices V estd compuesto por el conjunto de todas las
cadenas de entrada, junto con un nuevo vértice s*:

n
V= U H, U {s*},
i=1

* Para cada dos vértices distintos s, t € V\{s"}, afiadimos la arista (s,t) a E
y le asignamos el coste ¢z, = I(s) — solapamiento(s,t). Como puede
verse, los costes estdn bien definidos y son no-negativos.

* Paracada vértice s € V\{s"}, afiadimos la arista (s,s*) a E y le asignamos
el coste ¢ 5+ = ().

* Paracada vértice s € V\{s"}, afiadimos la arista (s*, s) a E y le asignamos
el coste ¢g+ g = 0.

De acuerdo con la siguiente proposicion, resolver el Shortest A-cover superstring
problem es equivalente a encontrar un ciclo dirigido C en G a través de s* de longitud
minima, sujeto a la restriccion de que para cada H;, al menos A cadenas de H; aparecen
como Vvértices de C.

Definicion 7. Se dice que un subgrafo H de G cubre una cadena s € T si existe un vértice
teVH)NT|s St

Para cada i € {1, ...,n}, denotamos el conjunto de todas las cadenas en H;
cubiertas por H como V;(H).

Definicion 8. diremos que un ciclo dirigido C es factible si satisface las siguientes
condiciones:

e STeEV(0);
* para cada dos vértices distintos s,t € V(C) N T, s no es una subcadena de
t;

* Vie€e({i..,n},setiene que |V;(C)| = A.

Definiendo la funcién coste de un ciclo dirigido € en G con un conjunto de aristas
F como )Y .cpcCe, la siguiente proposicién establece la conexién entre las A-cover
superstring y los ciclos dirigidos factibles derivados de grafos de distancia:

Proposicion 1. Existe una A-cover superstring para (Hy, ..., H,) de longitud maxima [ <
G contiene un ciclo dirigido factible C con coste maximo L.

Demostracion: Primero, supongamos que v es una A-cover superstring para (Hy, ..., H,)
de longitud maxima [. Entonces, para cada i € {1, ...,n}, tenemos |Y;| = 4, donde Y;
denota el conjunto de elementos de H; que son subcadena de v. Sea Z el conjunto maximal
de elementos de Y := Uj=, V;(C) parcialmente ordenados con respecto a la relacion de
subcadenas, esto es:

Z={seY:(VyeY)(siscy=s=y)}
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A continuacion, ordenamos los elementos de Z como (z, ..., Zp) de acuerdo con
el orden de aparicién como subcadenas de v. Dado que ninguna cadena de Z es subcadena
de otra cadena en Z, este ordenamiento estd bien definido y es tnico. Noétese que
(24, ..., Zp) define un camino dirigido en G — s*. Extendemos este camino a través de s*
aun ciclo C = (zy, ..., Zp,$*) en G. Afirmamos que este C es un ciclo factible de coste
como maximo [(v), que es la longitud de v. Por la definicién de grafo de distancia, el
coste de C es igual a:

p p

Z Cizipq T Czps™ T Cs7zy = (1(z) — solapamiento(z;, z;41)) + [(zy),
i=1 i=1

esto es, la longitud de la suma con solapamiento de las cadenas z, ..., Z,, en dicho orden.
Esto no es més que el nimero total de caracteres de v que aparecen en la primera aparicion
de algun z; como subcadena de v. Queda verificar que C satisface las propiedades de ciclo
factible. Primero, tenemos que s* € V(C) por construccién. Segundo, cada dos vértices
distintos s,t de V(C) N T, pertenecen a Z, y por lo tanto ninguna es subcadena de otra
cadena. Finalmente, sea i € {1, ..., n}, y consideremos el conjunto V;(C) S H; que son las
cadenas de H; cubiertas por C. Por definicion de C, el conjunto V;(C) es igual al conjunto
de todas las cadenas de H; que son subcadenas de alguna cadena en Z, lo que, en
consecuencia, es igual al conjunto de cadenas de H; que son subcadenas de v. Por lo tanto,
V;(C) =Y, y el requerimiento de que |V;(C)| = A es consecuencia del requerimiento
correspondiente de v.

Del mismo modo, supongamos ahora que C = (z, ..., Zp,S*) es un ciclo dirigido
factible en G con coste mdximo [. Sea v una cadena definida como la suma con
solapamiento de las cadenas z;, ..., Zp, en dicho orden. La definicion de grafo de distancia
implica que la longitud de v es igual al coste de C, y por lo tanto es como méaximo [.
Ademds, el hecho de que C sea factible implica que v es una A-cover superstring para
(H4, ..., Hy). De hecho, Vi = {1,..,n}, si denotamos como Y; al conjunto de cadenas de
H; que son subcadenas de v, entonces V;(C) =Y;, y en consecuencia |Y;| = |V;(C)| = A,
lo que completa la demostracion. [ ]

El Shortest A-superstring problem fue generalizado en Martinez et al., 2019,
donde se ampli6 el concepto de A-supercadena introduciendo pesos para las cadenas
objetivo, lo que dio origen a las A-supercadenas ponderadas.

Definicion 9. Sea w: T — R la funcion que asigna a cada cadena objetivo un peso. Una
A-supercadena ponderada sobre los conjuntos H,T € A" es una cadena v € A" tal que
Ytec(hp)nT w(t) > A VheEH.

Esto a su vez dio origen a un nuevo problema combinatorio, el Shortest weighted
A-superstring problem:

| Shortest weighted A-superstring problem |
Sean Hj,...,H, S A* un conjunto finito de cadenas del alfabeto A, sea T € A" el

conjunto de cadenas objetivo, sea w: T — R la funcidén peso, y sea 4 € R, encontrar
una A-supercadena ponderada v € A* para (Hy, ..., Hg, T, w) de longitud minima.
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Este a su vez es polindmicamente equivalente al Shortest weighted A-cover
superstring problem, que es la extension del previamente mencionado Shortest A-cover
superstring problem, y que enunciamos a continuacién, ya que lo utilizaremos mas
adelante:

Shortest weighted A-cover superstring problem
Sea H € A* un conjunto finito de cadenas del alfabeto 4, y w:T - R,y sea 1 € R,

encontrar una A-cover superstring ponderada v € A* para (H,w) de longitud minima,
donde T = Uy,en H.

Andlogamente a lo hecho para el caso no ponderado, a continuacién, se traduce el
problema ponderado a lenguaje de teoria de grafos, y finalmente, se demuestra una
proposicién equivalente a la Proposicion 1 para el caso ponderado.

Consideremos para ello primero los elementos de entrada (C,w, A) del Shortest
weighted A-cover superstring problem, y sea T = Uy,eyH;. Como en el caso no
ponderado, construimos un grafo de distancia G = (V,E,c) de la siguiente manera:
(nétese que a los pesos de los vértices les hemos llamado coste, (c: E — Z¥) para
diferenciarlos de la funcién de ponderacién w.)

e V=Tu{s"}.

» Para cada dos vértices distintos s,t € T, afiadimos la arista (s,t) a E y le
asignamos el coste ¢;; = [(s) — solapamiento(s, t).

» Para cada vértice s € T, afiadimos la arista (s,s*) a E' y le asignamos el
coste ¢+ = I(s).

* Para cada vértice s € T, afiadimos la arista (s*,s) a E y le asignamos el
coste ¢+ ¢ = 0.

En lo que sigue, identificaremos los vértices de V\{s*} como T. Ademds, diremos
que un subgrafo H de G se dice que cubre una cadena s € T si existe un vértice
t e V(H)NT|s € t. Para un elemento X € C, denotaremos el conjunto de cadenas de X
cubiertas por H como Xy. El coste del ciclo dirigido C se define como ¥.ceg () c(e),y un
ciclo dirigido se dird que es w-factible si satisface las siguientes condiciones:

e sTeV(0);
» paracada dos vértices distintos s,t de V(C) N T, s no es una subcadena de
t;

* VX € C, setiene que Yex. W(t) = A
Ahora estamos en condiciones de enunciar la Proposicién 2:
Proposicion 2. Sea (C,w,A) la entrada del Shortest weighted A-cover superstring
problem,y sea G su grafo de distancia. Entonces, existe una weighted A-cover superstring
para (C,w) de longitud médxima [ < G contiene un ciclo dirigido w-factible C con coste

maximo [.

Demostracion. Primero, supongamos que v es una weighted A-cover superstring para
(C,w), de longitud maxima [. VX € C, denotamos X,, € X al conjunto de cadenas de X
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que son subcadenas de v. Entonces, tenemos que Y.iex, W(t) = A. Llamemos Z al

conjunto de elementos maximales del conjunto Y := Uy X, parcialmente ordenados
con respecto a la relacion de ser subcadena, esto es:

Z={seY:(VyeY)(siscy=s=y)}

Después, ordenamos los elementos de Z como (z, ..., Zp) de acuerdo con el orden
de apariciéon como subcadenas de v. Dado que ninguna cadena de Z es subcadena de otra
cadena en Z, este ordenamiento estd bien definido y es unico. Nétese que (zy, ..., Zp)
define un camino dirigido en G — s*. Extendemos este camino a través de s* a un ciclo
C = (z1,...,2p,s") en G. Afirmamos que este C es un ciclo w-factible de coste como
maximo [(v). Por la definicién de grafo de distancia, el coste de C es igual a:

p p

Z Cizipq T Czps™  Cs7zy = (1(z) — solapamiento(z;, z;41)) + [(zy),
i=1 i=1

esto es, la longitud de la suma con solapamiento de las cadenas z, ..., Z,, en dicho orden.
Esto es el nimero total de caracteres de v que aparecen en la primera aparicion de algin
z; como subcadena de v, que claramente no excede la longitud de v. Deben verificarse
ademads las propiedades de ciclo w-factible:

Primero, por construccion se tiene que s* € V(C). Segundo, cualesquiera dos
vértices distintos s,t de V(C) N T, pertenecen a Z, por lo que ninguna es subcadena de
otra cadena. Por tultimo, sea X € C, y consideremos el conjunto X, € X, que son las
cadenas de X cubiertas por C. Por definicion de C, el conjunto X es igual al conjunto de
todas las cadenas de X que son subcadenas de alguna cadena en Z, lo que, en
consecuencia, es igual al conjunto de cadenas de X que son subcadenas de v. Por lo tanto,
X¢ = Xy, y el requerimiento de que Y;ex. w(t) = A es consecuencia del requerimiento

correspondiente de v.

Para probar la otra implicacién, supongamos ahora que C = (Zy, ..., Zp, ™) €s un
ciclo dirigido w-factible en G con coste como maximo [. Sea v una cadena definida como
la suma con solapamiento de las cadenas zy, ..., Zp,, en ese orden. La definicién de grafo
de distancia implica que la longitud de v es igual al coste de C, y por lo tanto como
maximo su valor es L. Por otro lado, como C es w-factible, tenemos que v es una weighted
A-cover superstring para (C,w). Asimismo, VX € C, si llamamos X,, al conjunto de
cadenas de X que son subcadenas de v, entonces X. € X,, y, por lo tanto,
Yitex, W(t) = Xex,w(t) = A, completando asi la demostracion. |

Para terminar con esta seccion y de manera ilustrativa, en la Figura M.2. se
representa graficamente la relacion entre el problema de optimizacion combinatoria y el
problema en términos de teoria de grafos.
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c(j.k) ‘ ‘ c(l,m)

weight
0 1

Figura M.2. Interpretacion grafica de la conexion entre el problema de optimizacion
combinatoria y el problema de teoria de grafos. Los clusters asociados a las host strings
(H) se muestran como 6valos con las correspondientes target strings (T') dentro de ellas. Cada
target string tiene asociado un peso, que en el ejemplo hemos ilustrado con un cédigo de
colores que va de azul suave a fuerte, correspondiendo el O al azul més suave, y 1 al mds
fuerte. La A-supercadena estd representada a través de un lazo gris que atraviesa los clusters.
Es cerrada porque una de las cadenas que lo conforma corresponde al vértice artificial s*, el
cual no es una host string, pero puede verse como una cadena vacia que “pega’” los extremos
de la A-supercadena. La condicion de que para cada cluster la suma de los pesos de las
cadenas objetivo que estan tanto en la A-supercadena como en el cluster sea al menos A se
impone para las soluciones factibles. La longitud de la A-supercadena se minimiza, y ésta
puede obtenerse sumando los valores c(i, j) de las cadenas que forman la A-supercadena. Los
valores c(i, j) se representan en la figura como la longitud del fragmento del vértice i que no
se solapa con el siguiente vértice j de la A-supercadena, y los e; representan las aristas del
grafo.

M.3. Resolucion del problema a través de programacion entera

La Proposicién 2 nos conduce a la siguiente formulacién en términos de programacion
entera del Shortest weighted A-cover superstring problem. El programa utiliza tres tipos
de variables binarias: x;;, donde (i,j) recorre todos los pares ordenadoes de distintos
elementos de V; y;, donde i recorre todos los elementos de V; y z;, donde i recorre todos
los elementos de T. Nétese que c: E > R* es la funcién de coste de los vértices en el
grafo de distancia G. El problema es el siguiente:
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Encontrar la minz c(i,j)x;j tal que:
ij

ysr =1
z Xij =Y, VjEV
EV:i#]
Z xXij =y, VieV
JEV:j#i

Zy] ZZL',VI:ET

icj

0<x;=<1, con x;; entero
0<y; <1, cony; entero
0<z <1, con z; entero.

Las soluciones factibles obtenidas por el algoritmo de programacién entera
descrito arriba se corresponden con los subgrafos H de G que contienen a s* que consisten
en uno o mas subtours (ciclos dirigidos de vértices disjuntos) en los cuales los vértices
que no son s* corresponden a un conjunto de cadenas que son incompatibles dos a dos
con respecto a ser subcadenas las unas de las otras, y por lo tanto la condicién de

cubrimiento
z w(t) = 2

teEXy
se satisface. Para aplicar la Proposicion 2, nosotros sélo estamos interesados en las
soluciones que estén constituidas por un tnico ciclo dirigido, y para obtener esta solucién
y no las formadas por subtours, una posibilidad es introducir en el algoritmo las siguientes

restricciones y variables adicionales (u;, i € V), lo que es conocido como la formulacion
Miller-Tucker-Zemlin (Miller et al., 1960):

ug =1
ZSuLSIVI, Vi +s*

w—u+ 1< (|V|—1)(1—xij), Vi #s",Vj#s i +#].
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Esto elimina los subtours, ya que la dltima restriccion para los pares (i, j) fuerza
aque u; = u; + 1 cuando x;; = 1, y si una solucion factible del problema tiene mas de
un subtour, entonces al menos uno de esos subtours no contendra el nodo s*, y a través
de este subtour los valores de u; tendrian que crecer hasta el infinito.

M.4. Resolucion del problema a través de un Algoritmo Genético
multiobjetivo (GA)

Ademas del método basado en programacién entera para obtener las soluciones éptimas,
dado que, en la préctica, la cantidad de cadenas y antigenos a manejar es muy grande, el
IP es poco viable por su enorme coste computacional. Por lo tanto, para resolver este
problema, también hemos desarrollado un método basado en Algoritmos Genéticos (GA)
para encontrar soluciones sub-Optimas, donde se optimizan dos pardmetros
simultidneamente.

En particular, a través de este algoritmo se busca encontrar una A-supercadena
ponderada con A lo més grande posible, para un conjunto de cadenas de longitud similar
(que seran las variantes de la proteina objetivo del virus) y que, como hemos mencionado
al principio del capitulo, denominaremos Host Strings (H), y un conjunto de cadenas
formado por subcadenas de las Host Strings de longitud fija (en este caso 9 amino4cidos,
que es la longitud por defecto para los antigenos de Clase I), que llamaremos Target
Strings (T'). Asimismo, se buscard mantener el ordenamiento con respecto a las variantes
de la proteina, a través de la optimizacion del alineamiento. Dicho de otro modo,
buscamos disefiar una proteina sintética que contenga el mayor nimero de los mejores
antigenos por variante de proteina, y que ademds se asemeje a las secuencias de las
proteinas originales, de manera que mantenga su estructura secundaria y terciaria, lo que
aumenta las probabilidades de que sea reconocida por el sistema inmunitario y no sea
rechazada por éste. Por lo tanto, nos encontramos ante un problema de optimizacién
multiobjetivo.

Para abordar este tipo de problemas, consideramos funciones f: P — R", siendo
P el conjunto de soluciones factibles, que asigna a cada elemento v € P una n-tupla de
entradas reales (f;(v), ..., f,(v)) donde cada entrada indica un objetivo parcial de la
funcion. En general, no es posible encontrar una solucién v € P para la cual todas las
funciones parciales f; alcancen el maximo valor, por lo que se evalia la optimalidad a
través del concepto de ptimo de Pareto: dadas dos soluciones factibles v,w € P, diremos
que la solucién v = (v, ..., v,) estd dominada por la soluciéon w = (wy, ..., wy,) si se
cumple que Vi, v; < w; y ademads, para algin j, v; < w;. Considerando los elementos no
dominados de P formaremos un conjunto de soluciones conocido como el frente de Pareto
de P.

Entre los algoritmos evolutivos propuestos para obtener Frentes de Pareto se
encuentra el NSGA-II (Deb et al., 2002), que es uno de los mds répidos y utilizados. En
resumen, este algoritmo se estructura asi: dado un conjunto P’ € P de soluciones
posibles, se asignan dos valores a cada elemento v € P’, el rango de dominacion gy,
y la distancia respecto al conjunto de soluciones vg;s. Estos valores se calculan de la
siguiente manera: a los elementos no-dominados del Frente de Pareto de P’ se les asigna
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el rango 1, y forman el conjunto F;. Después se asigna el rango 2 a las soluciones no-
dominadas del conjunto P’ — F;, que formaran el conjunto F,, y asi sucesivamente. Por
otro lado, la distancia respecto al conjunto de una solucién se obtiene tomando el
promedio (para los n valores de las funciones objetivo del vector solucién) de las
distancias de dos puntos que “rodean” a la solucién v. Este proceso origina un
ordenamiento en P’ definido como: v < W si Vrgngo < Wyango 0, €n caso de que

Vrango = Wrango» S1 Vaist > Waise (favoreciendo asi la eleccion de elementos mads
alejados entre ellos en el frente de Pareto).

El algoritmo procede de la siguiente manera: fijado el tamano de poblaciéon m, se
construye de manera aleatoria una poblacién P, y se ordena utilizando la relaciéon <.
Después, se realiza una seleccion por torneo binario de dichos elementos (esto es, se
obtienen primero dos soluciones aleatorias de la poblacién; a continuacién, si las
soluciones son de diferente rango F;, se escoge la que tenga menor rango, y en caso de
ser ambas del mismo rango, se escoge la de mayor distancia respecto del conjunto de
soluciones). Posteriormente, se realizan mutaciones y cruzamientos entre dichos
elementos, dando pie a una poblacién Q, también de tamafio m. Ahora, se forma una
poblacién combinada Ry, = P, U Qy, y se ordena segin su nivel de dominacién. A
continuacion, se genera una poblaciéon P; tomando los elementos de R en funcién de su
rango (los de rango 1 de F;, rango 2 de F,...), en orden descendente, hasta llegar a cierto
F; para el cual no podamos incluir todos sus elementos (porque excedan el tamaiio m) de
P;. En tal caso, se ordenardn dichos valores segin su distancia respecto al conjunto de
soluciones, y se tomardn los elementos con mayor valor, formando asi el conjunto P; de
tamano m. Este proceso se itera tantas veces como se haya indicado en el pardmetro
niter, hasta obtener el conjunto P,;¢.-- Una descripcion mas detallada y el pseudocédigo
del algoritmo NSGA-II pueden encontrarse en Deb et al., 2002. A modo ilustrativo, en la
Figura M.3. se representa el proceso de elitismo del algoritmo.

Ordenamiento por rango Ordenamiento por distancia
F1

Pt F2

F3

-

Qt

Rt

Descartados

Figura M.3. Seleccion de las cadenas por elitismo del algoritmo NSGA-IIL.

En nuestro problema particular, buscamos obtener una A-supercadena ponderada
para un conjunto H = {Hj, ..., Hspop} de Host Strings (siendo spop el nimero total de
Host strings, correspondiente a las distintas variantes del virus), y un conjunto T de Target
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Strings formado por todas las subsecuencias distintas de 9 aminodcidos obtenidas a partir
de las Host Strings, que serdn ponderadas a partir de una funcién w:T — R?. Los
cromosomas del algoritmo genético serdn secuencias formadas por Target Strings, y el
fenotipo de un cromosoma v serd la suma con solapamiento o(v) de las cadenas objetivo
que lo forman (en funcién de la posicién en la que se encuentran en v). Por lo tanto, la
funcidn fitness de cada cromosoma v de la poblacién vendra dada por f(A(v), al(v)),
donde:

e A(v), es una estimacién del maximo valor para el cual o(v) es una A-supercadena
ponderada para el conjunto (H, T), definida como:

A(v) = min{ Z w(t):i=1,..,spop}

tev,t subcadena de H;

(es una estimaciéon porque el verdadero valor de A podria ser mayor, ya que al
considerar la cadena completa como unién de subcadenas, se obtienen nuevos
antigenos recubiertos).

* al(v), es el promedio de los alineamientos globales dos a dos (Gusfield, 1997)
obtenidos al comparar o(v) con cada Host String h;.

En nuestra version modificada del NSGA-II, hemos aumentado el tamaifio de la
poblacién Q, (que originalmente era m = spop) para que |R;| > 2|P;|Vi, y no hemos
escogido la poblacion inicial P, de manera aleatoria, sino que estd formada por secuencias
de cadenas de T siguiendo el orden de aparicion en H. Para el cruzamiento de dos
cromosomas (Vy, ..., v;,) y (Wy, ..., Wy,), se ha elegido de manera aleatoria el punto de
corte ¢ comprendido entre 1y min{l;,[,} — 1, y se ha tomado como primer descendiente
(V1) s Ves Weg1s -, Wi, ), y cOmo segundo,  (Wy, ..., Wg, Ugyy, -, V). Para realizar las
mutaciones en un cromosoma (vy, ...,V ), primero se selecciond una posicion de la
cadena aleatoriamente, después se selecciond una de las Host Strings, y se sustituyo el
aminoécido de la posicidn seleccionada por el correspondiente a esa posicion en la cadena
original. De esta manera, las mutaciones que se realizaron no fueron al azar, si no que
reflejaron posibles mutaciones que se hubieran dado en el virus.

En resumen, el proceso seria el siguiente:

25



Material y Métodos

Paso 1: Se genera una poblacion inicial P.

¥
Paso 2: Se ordena utilizando la relacidén <.
v

Paso 3: Se seleccionan m cadenas de P, por torneo binario y se realizan
mutaciones y cruzamientos (dando pie a la poblacion Q).

Y
Paso 4: Se combinan Py y Q, para formar R,.
Y
Paso 5: Se ordenan siguiendo el nivel de dominacion.
Y
Paso 6: Se genera una poblacion P; a partir de los “mejores” elementos de Ry.
Y
Paso 7: Volvemos al Paso 2 con Py, y asi hasta repetir nifer veces.

N

¥
Paso 8: Obtenemos el frente de Pareto no dominado.

El c6digo completo de este algoritmo ha sido publicado en el repositorio de libre
acceso Zenodo: https://zenodo.org/record/1487837.
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O.1. Objetivo principal de la investigacion n°1

Mejorar la eficiencia de las vacunas contra virus con alta tasa de mutacion
introduciendo la condicién de A-supercadena ponderada.

Objetivos especificos:

* Extender los resultados de las A-supercadenas al caso ponderado.

* Desarrollar algoritmos capaces de dar solucion al problema combinatorio
asociado.

* Probar dichos algoritmos para el disefio de una vacuna contra el VIH.

Este trabajo ha sido publicado en PloS one (Q1 en el drea “Multidisciplinary” de
SJR): Martinez, L., Milani¢, M., Malaina, I., Alvarez, C., Pérez, M. B., & M. de la
Fuente, 1. (2019). Weighted lambda superstrings applied to vaccine design. PloS one,
14(2), e0211714.

0O.2. Objetivo principal de la investigacion n°2

Disefiar y testar una vacuna eficaz contra el SARS-CoV-2 utilizando la metodologia de
las A-supercadenas.

Objetivos especificos:

e Adaptar el problema de las A-supercadenas ponderadas a la
particularidad del virus SARS-CoV-2.

* Elaborar un sistema de ponderacion de cadenas acorde con el desarrollo
de una vacuna universal.

* Elaborar y testar en células, ratones y humanos, una de las vacunas
obtenidas, para probar su eficacia.

Este trabajo ha sido publicado en Scientific Reports (Ql1 en el darea

“Multidisciplinary” de SJR) como: Martinez, L., Malaina, 1., Salcines-Cuevas, D.,
Teran-Navarro, H., Zeoli, A., Alonso, S., de la Fuente, .M., Gonzilez-Lépez, E.,
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Ocejo-Vinyals, J.G., Gonzalo-Margiiello, M., Calvo-Montes, J., & Alvarez-Dominguez,
C. (2022). First computational design using lambda-superstrings and in vivo validation
of SARS-CoV-2 vaccine. Scientific Reports, 12(1), 1-12.

0.3. Objetivo principal de la investigacion n°3

Testar experimentalmente una vacuna personalizada contra el melanoma disefiada a
partir de optimizacion combinatoria y técnicas bioinformadticas, validando su
efectividad, y la de dichos métodos cuantitativos.

Objetivos especificos:

* Extraer los elementos necesarios para disefiar vacunas peptidicas a partir del
genoma, identificando los potenciales neoantigenos.

» Estimar las principales propiedades de los potenciales neoantigenos.

* Llevar a cabo una seleccion objetiva y Optima que resulte en la elaboracion de
una vacuna personalizada.

* Testar dicha vacuna y probar su efectividad.

Este trabajo estd bajo revision en BMC Bioinformatics (Q1 en el éarea
“Mathematics: Applied Mathematics” de SJR) como: Computational and experimental
evaluation of the immune response of neoantigens for personalized vaccine design, y ha
sido elaborado por: Malaina, 1., Martinez, L., Gonzélez-Melero, L., Salvador, A.,
Sénchez-Diez, A., Asumendi, A., Margareto, J., Carrasco, J., Legarreta, L., Garcia,
M.A., Pérez, M.B., 1zu, R., De la Fuente, .M., Igartua, M., Alonso, S., Herndndez,
R.M., & Boyano, M.D.

0O.4. Objetivo principal de la investigacion n°4

Evaluar la capacidad de las herramientas bioinformaéticas de diferenciar la capacidad
inmunogénica de neoantigenos y cadenas no-mutadas.

Objetivos especificos:

e Obtener los neoantigenos a partir del mutanoma de 6 pacientes, asi como su
version no mutada.

* Estudiar el nimero de péptidos que potencialmente se unirian a moléculas del
complejo mayor de histocompatibilidad de clases I 'y II.

* Analizar si el nimero de péptidos mutados es significativamente mayor que el
de no-mutados de acuerdo a la afinidad de unién de las moléculas HLA-I y
HLA-IL

Este trabajo ha sido publicado en LNCS (Q4 en el campo “Mathematics:

Theoretical Computer Science”, y Q2 en “Computer Science” de SJR) como: Malaina,
I., Legarreta, L., Boyano, M.D., Alonso, S., De la Fuente, .M., Martinez, L. (2020).
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Analyzing the Immune Response of Neoepitopes for Personalized Vaccine Design. In:
Rojas, 1., Valenzuela, O., Rojas, F., Herrera, L., Ortuflo, F. (eds) Bioinformatics and
Biomedical Engineering. IWBBIO 2020. Lecture Notes in Computer Science, vol
12108. Springer, Cham.
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Resultados

Investigacion n°l: A-supercadenas ponderadas en el
diseiio computacional de vacunas

R.1.1. Relevancia

Los métodos de vacunacion tradicionales han demostrado no ser eficientes a la hora de
proteger contra virus con alta tasa de mutacion. El criterio de seleccionar los antigenos
mds frecuentes conduce a una desproteccion contra las variantes menos habituales, que
acaban sorteando el sistema inmune a través de mutaciones de escape, y, en definitiva,
perpetuando la infeccion.

En este trabajo, hemos generalizado el concepto de A-supercadena,
introduciendo una ponderacion que tiene en cuenta la inmunogenicidad del antigeno y el
alineamiento con la proteina a la que pretende asemejarse, acercando el criterio de A-
supercadenas a la realidad bioldgica. Se abre por lo tanto un nuevo marco para el disefio
de vacunas contra virus como el HIV, que ain no dispone de vacuna eficiente.

R.1.2. Resolucion del problema a través de programacion entera

Tanto en esta seccién (R.1.2) como en la siguiente (R.1.3), los algoritmos se aplicaron
al conjunto de 169 cadenas correspondientes a la proteina Nef del HIV-1 subtipo B, que
fueron obtenidas a partir de GenBank (GenBank website), y que fueron usadas por
Nickle et al. (Nickle et al., 2007), y posteriormente por nuestro grupo en Martinez et al.
2015. La razon de usar el mismo conjunto de cadenas fue la de ser capaces de comparar
el método aqui propuesto con los dos mencionados, comparativa que puede encontrarse
al final de la seccién R.1.3.

Para resolver el problema de manera exacta se utilizo la programacién entera. El
conjunto de antigenos (experimentalmente testados) se obtuvo de la base de datos HIV
Molecular Immunology Database (HIV Molecular Immunology Database website),
mientras que sus inmunogenicidades estimadas se obtuvieron de Immune Epitope
Database and Analysis Resource (IEDB Class-I Immunogenicity). Los antigenos
seleccionados cumplieron simultdneamente los siguientes criterios:
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* Podian encontrarse en al menos una de las 169 cadenas analizadas.

* Eran antigenos para la proteina Nef segin HIV Molecular Immunology
Database.

e Tenian un valor asociado p + n positivo, donde py n fueron el nimero de
ensayos positivos y negativos respectivamente, en la seccion de MHC Ligand
Assays de la base de datos IEDB.

El peso de los antigenos (su inmunogenicidad estimada) se obtuvo como el ratio

14 2 . .
La razén para considerar los ensayos para ponderar los antigenos es que la

(p+n)’
respuesta que genera un antigeno concreto solo puede verificarse a través de ensayos,
por lo que consideramos que la manera mads realista de aproximar dicha respuesta era a
través de esta ratio. Mds atn, utilizamos los ensayos de MHC Ligand Assays porque
como indican varios estudios, existe una correlacion entre la respuesta inmune generada
y la estabilidad (Rasmussen et al., 2016) o la afinidad con el complejo MHC (Sette et
al., 1994), y ademads ha sido utilizado anteriormente para predecir posibles antigenos
para linfocitos T (Paul et al., 2013). Nétese que un re-escalamiento no lineal de los
pesos (como normalizarlos entre 0 y 1) cambiaria el problema de optimizacién. Los
antigenos seleccionados y los pesos asociados pueden encontrarse en la Tabla 1.1.

Tabla 1.1. Valores experimentales de la inmunogenicidad de los antigenos

Antigeno Peso Antigeno Peso
AAVDLSHFL 0 LTFGWCFKL 1
AFHHVAREL 1 LTFGWCFKLV 1
AVDLSHFL 0 PLTFGWCYKL 0
AVDLSHFLK 0.57 QEILDLWVY 0.63
EWRFDSRL 1 QVPLRPMTYK 0.68
FPDWQNYT 0 RPMTYKAAL 0.41
FPVRPQVPL 0.94 RPQVPLRPM 1
FPVTPQVPL 0.31 RYPLTFGWCF 1
KAAVDLSHFL 1 TPGPGIRYPL 1
KEKGGLEGL 0.5 TPGPGVRYPL 1
KRQEILDLWVY 1 TQGYFPDWQNY 1
VLEWRFDSRL 0.2 VPLRPMTY 1
YPLTFGWCF 1 DLSHFLKEKGGLEGL 0.5
HHVARELHPEYFKNC 1 RLAFHHVARELHPE 1
EWRFDSRLAFHHVAREL 1 GVRYPLTFGWCYKLVP 1
PEKEVLVWKFDSRLAFHH 1 YKAAVDLSHFLKEKGGL 0.75

Realizamos dos andlisis con el algoritmo basado en programacién entera (IP).
En el primero, variamos el valor de A entre 1 y 3.3, con incrementos de 0.1, y para cada
uno de los valores, se minimiz6 la longitud de la A-supercadena correspondiente. Como
se detalla en Martinez et al. 2019, el algoritmo se programé en lenguaje Java (Java
website) y se resolvié de manera 6ptima utilizando IBM ILOG CPLEX Optimization
Studio (IBM ILOG CPLEX Optimization Studio website). La razén para que se
escogiera 3.3 como el valor maximo de A fue que, para ese valor, o superiores, no se
pudo encontrar solucién. En la Tabla 1.2 se muestran los valores de las soluciones no
dominadas obtenidas por el algoritmo.
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Tabla 1.2. Soluciones éptimas de minima longitud para un valor de A dado

A=1.0 A=25

A-supercadena optima: TQGYFPDWQN A-supercadena optima: TQGYFPDWQ

YVPLRPMTYPLTFGWCF NYPLTFGWCFKLVFPVRPQVPLRPMTY
KAAVDLSHFLK

Longitud de la A-supercadena 6ptima: 27 Longitud de la A-supercadena optima: 47

Coverage de la solucién: 1 Coverage de la solucién: 2.51

A=15 A=2.6

A-supercadena optima: TFGWCFKLVFP A-supercadena optima: FPVRPQVPLR

VRPQVPLRPMTYKAAVDLSHFLK PMTYKAAVDLSHFLKEKGGLTQGYFP
DWQNYTPGPGVRYPLTFGWCFKLV

Longitud de la A-supercadena optima: 35 Longitud de la A-supercadena 6ptima: 60

Coverage de la solucién: 1.51 Coverage de la solucién: 2.68

A=19 A=29

A-supercadena optima: KAAVDLSHFLT A-supercadena optima: TPGPGVRYPLF

FGWCFKLVFPVRPQVPLRPMTYTQGYFP PVRPQVPLRPMTYKAAVDLSHFLKTPG

DWQNY PGIRYPLTFGWCFKLVTQGYFPDWQNY

Longitud de la A-supercadena 6ptima: 44 Longitud de la A-supercadena optima: 65

Coverage de la solucién: 1.94 Coverage de la solucién: 2.94

A=2 A=32

A-supercadena optima: KAAVDLSHFLKL A-supercadena optima: TPGPGIRYPLT
TFGWCFKLVFPVRPQVPLRPMTYTQGYF PGPGVRYPLTFGWCFKLVPEKEVLVWK

PDWQNY FDSRLAFHHQEILDLWVYFPVRPQVPLR
PMTYKAAVDLSHFLKEKGGLEGLTQGYF
PDWQNY

Longitud de la A-supercadena dptima: 46 Longitud de la A-supercadena 6ptima: 100

Coverage de la solucién: 2 Coverage de la solucién: 3.25

Dado que nuestro objetivo en esta seccion fue el de encontrar la A-supercadena
mds corta, y a la vez con mayor valor del coverage (relacién entre los pesos de los
antigenos que se encuentran en el candidato a vacuna, divididos entre el total de los
pesos de los antigenos considerados), consideramos interesante analizar los candidatos
con mayores ratios. En este caso, el valor més alto fue alcanzado por la cadena de
longitud 47, que obtuvo un coverage de 2.51. Los siguientes mejores resultados se
obtuvieron con las cadenas con pares de valores (longitud, coverage): (44, 1.94), (60,
2.68) y (65, 2.94).

Por otro lado, también se realizé un segundo andlisis donde para una longitud
dada (variando desde 10 hasta 200), se maximizo el valor de A. Los resultados de este
andlisis fueron muy similares a los del primero, por lo que no se ha incluido aqui, pero
puede encontrarse en Martinez et al. 2019.
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R.1.3. Resolucion del problema a través del algoritmo genético

En esta segunda parte, en vez de considerar el conjunto de antigenos mencionados en la
Tabla 3.1, consideramos todas las cadenas de 9 aminodcidos presentes en alguna de las
169 cadenas correspondientes a la proteina Nef del HIV-1 y mencionadas en el apartado
R.1.2, las cuales también fueron utilizadas para esta parte del estudio. En este caso, el
conjunto de datos era demasiado grande como para resolver el problema de manera
exacta, por lo que se utilizé un algoritmo heuristico, concretamente el algoritmo
genético multiobjetivo NSGA-II descrito en la seccion M.4 de Material y Métodos.

A diferencia de la seccion anterior, las inmunogenicidades (esto es, los pesos) de
los antigenos no fueron obtenidas de manera experimental, principalmente porque no
existen ensayos sobre muchos de los potenciales 9-meros considerados. Por el contrario,
dado que cuantificar la respuesta inmunitaria de un antigeno es un aspecto muy
importante del disefio de vacunas, existen muchos algoritmos especializados en ello
(Bergmann-Leitner et al., 2013; Bryson et al., 2010; Khan et al., 2012; Moreau et al.,
2008). Para nuestro andlisis, elegimos la herramienta de IEDB denominada T-cell
epitopes-Immunogenicity Prediction (Calis et al., 2013).

El algoritmo genético fue programado en Mathematica (Mathematica website),
utilizando los siguientes pardmetros: niter = 500, spop = 169, prmut = 0.01,m =
1352,sd = 1. Para estimar el alineamiento (esto es, la similitud en cuanto al
ordenamiento de los aminoacidos) del candidato a vacuna con las 169 secuencias de la
proteina Nef, se utilizé el comando "NeedlemanWunschSimilarity", que proporciona
valores de acuerdo a la coincidencia de los aminoédcidos en cada posicién, comparando
cadenas dos a dos (a mayor coincidencia, el nimero devuelto es més alto). Por lo tanto,
se calcularon los valores de cada par "candidato/variante de Nef", y se promediaron los
169 valores obtenidos. El algoritmo fue ejecutado 20 veces, y las soluciones no-
dominadas fueron almacenadas, para formar posteriormente parte del frente de Pareto
(mostrado en la Figura 1.1).
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Figura 1.1. Estimacion del frente de Pareto a partir del algoritmo genético. La linea
roja representa las soluciones no-dominadas encontradas por el algoritmo genético, donde
el eje X indica el valor de A, mientras que el eje Y representa el alineamiento promedio.

La estimacion resultante del frente de Pareto devolvidé un valor maximo de A de
5.71, y minimo de 1.2 (4.32 + 1.14, media +SD). Los alineamientos estuvieron
comprendidos entre -88.47 y 163.33 (87.73 £ 67.43, media £SD). De entre estas
soluciones, seleccionamos la que contaba con un A de 2.18 y un alineamiento de 163.33,
por diversas razones: la primera, que el A de esta cadena es mayor que la de cada una de
las cadenas de la poblacién de 169 cadenas, que contaban con un valor de A medio de

34



Investigacion n°l: J-supercadenas ponderadas en el diseiio computacional de vacunas

—1.70 y un maximo de 1.60; la segunda, que contaba con mejor alineamiento que las
cadenas objetivo, ya que la media del valor de alineamiento fue de 143.34, con un
méximo de 157.66; por ultimo, este candidato cuenta con varias regiones altamente
conservadas de la proteina, lo cual aumenta sus probabilidades de éxito como antigeno.
La secuencia de amino-4cidos de esta solucion es la siguiente:

MGGKWSKRSGVGWPTVRERMRRAEPAADGVGAVSRDLEKHGAITSSNTAATNADC
AWLEAQEEEEVGFPVRPQVPLRPMTYKAAVDLSHFLKEKGGLEGLIYSQKRQDILD
LWIYHTQGYFPDWQONYTPGPGIRYPLTFGWCFKLVPVEPEKVEEANEGENNSLLHP
MSLHGMEDPEKEVLEWKFDSRLIAFHHMARELHPEYYKDC

Con el objeto de evaluar la funcionalidad y la estructura de candidatos a vacuna
obtenidos a través de nuestra técnica, se utilizaron varias herramientas bioinformaticas
sobre la secuencia mencionada. La importancia de que el candidato sea similar a una
proteina Nef existente en la naturaleza radica en que nuestro candidato se ha creado
artificialmente, y se desconoce a priori si se plegard como es debido, o si serd una
proteina que mantenga las caracteristicas de la original. A continuacién, se explicaran
los andlisis mds relevantes; para encontrar el estudio completo, acudir a Martinez et al.
2019.

La longitud de esta cadena obtenida fue 206, que coincide con la longitud de la
cadena de referencia establecida para la proteina Nef (O’Neill et al., 2006), y que
ademds estd muy cerca de la media de las 169 longitudes consideradas como cadenas
objetivo (esto es, variantes de las proteinas del virus), que fue de 207.11. A
continuacion, analizamos si nuestra solucién mantenia las regiones mas conservadas del
virus, comparando nuestra solucion con las secuencias de O’Neill et al., 2006. En
particular, buscamos las regiones que se habian conservado en al menos un 90% de los
casos, y comprobamos que nuestra solucion contenia a dichas regiones.

Después, estudiamos la estructura terciaria (esto es, la disposicion
tridimensional) de nuestro candidato a través de la herramienta bioinformatica I-Tasser
(Zhang, 2008). En resumen, este método primero compara la secuencia en cuestion con
las proteinas disponibles en las bases de datos, con el objeto de identificar estructuras
similares, alineando dichas secuencias de amino-4cidos. Después estima la estructura de
las secuencias no alineadas ab initio (desde cero, sin utilizar plantillas), y finalmente
realiza una simulacién de posibles ensamblamientos para las secuencias alineadas y no
alineadas, creando un conjunto de posibles estructuras. Entonces, selecciona las de
menor energia libre de Gibbs (esto es, las secuencias a las que les “cueste menos”
mantenerse unidas), y realiza una segunda ronda de los pasos mencionados, con el
objeto de refinar el resultado. Una vez obtenidas las estructuras mds probables, I-Tasser
nos ofrece un parametro de bondad de predicciéon denominado C-score, que estd
comprendido entre -5 y 2, donde un C-score mayor de -1.5 puede considerarse una
prediccion fiable. En nuestro caso, el candidato mencionado obtuvo un C-score de 1.42,
muy cerca del maximo, lo que indica que la estructura que obtendriamos al sintetizar el
candidato seria muy probablemente la descrita por I-Tasser, ilustrada en el panel a de la
Figura 1.2. Por otro lado, para cotejar la prediccion de I-Tasser, utilizamos otro
programa para estimar la estructura terciaria, Phyre-2 (Singh et al., 2011). En la Figura
1.2b puede verse el resultado obtenido a través de este software, donde puede apreciarse
que el plegamiento es muy similar.
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Figura 1.2. Estructuras terciarias obtenidas con I-Tasser y Phyre-2. En las figuras se
muestran las diferentes conformaciones predichas de las proteinas. En rosa se representan
las alpha hélices, y en amarillo las beta 1dminas. Como puede observarse, la estructura de
las tres es muy similar.

Finalmente, predijimos la estructura terciaria de una secuencia de Nef de
referencia (la secuencia 2XI1 de Protein Data Bank) a través de I-Tasser, ilustrada en la
Figura 1.2c. Como puede verse, su estructura es muy similar a las obtenidas
anteriormente para nuestro candidato, y en particular, a la que aparece en el panel a,
obtenida con I-Tasser. Esta comparativa refleja que nuestro método es capaz de generar
cadenas que se asemejan mucho a las originales (consecuencia de la optimizacion del
alineamiento).

A continuacién, con el objeto de probar que el método aqui propuesto ofrece
mejores candidatos a vacuna que los métodos descritos en la literatura, realizamos una
comparativa analizando tanto la inmunogenicidad de clase I (IEDB Class-I
Immunogenicity) de cada candidato, como su desalineamiento promedio (esto es,
cudanto difieren las posiciones de los aminodcidos respecto de la cadena de referencia de
la proteina Nef). Para ello, obtuvimos tres nuevos candidatos: el primero se extrajo de
nuestro trabajo anterior (Martinez et al., 2015) de A-supercadenas no ponderadas; el
segundo se obtuvo a través de la técnica Epigraph (LANL’s Epigraph website); y el
tercero a través de la técnica Consensus (LANL’s Consensus website).

En la Tabla 1.3 pueden encontrarse los resultados para los 4 candidatos (el
obtenido a través de las A-supercadenas ponderadas, y los 3 mencionados en el parrafo
anterior). Como era de esperar, el mayor valor de inumogenicidad lo consigue nuestro
candidato ponderado, sugiriendo que generarfa una mayor respuesta inmunitaria. Por
otro lado, la proporcién de aminodcidos desalineados fue similar en todos los
candidatos, con la excepciéon de las A-supercadenas no ponderadas, lo cual era
presumible, ya que, a diferencia de los demds métodos, éste tltimo no tiene en cuenta el
alineamiento.

Ademas, con el objeto de comparar el algoritmo genético que disefiamos para
este trabajo con otras técnicas heuristicas, desarrollamos un algoritmo hill-climbing
mutiobjetivo, como el descrito en (Diaz & Sudrez, 2001). Los resultados obtenidos
indicaron que la aproximacion al frente de Pareto utilizando este método fue mucho
peor que la obtenida utilizando nuestro algoritmo (los valores obtenidos y un grafico
representado el frente de Pareto pueden encontrarse en Martinez et al., 2019).
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Tabla 1.3. Comparacion entre los candidatos obtenidos a través de distintos
métodos

Inmunogenicidad Promedio de AA desalineados
Lambda-supercadena 1.8685 0.5115
ponderada
Lambda-supercadena no 1.8409 1
ponderada
Epigraph 1.2307 0.5114
Consensus 1.4103 0.5109
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Investigacion n°2: Primer diseiio de una vacuna contra el
SARS-CoV-2 usando A-supercadenas

R.2.1. Relevancia

El COVID-19 es la mayor amenaza global de nuestro tiempo, y para combatirlo se han
utilizado enormes esfuerzos tanto desde el ambito publico como desde el privado. Sin
embargo, y a pesar de los avances en vacunas contra esta enfermedad, la eficacia a largo
plazo de éstas no estd clara. Por lo tanto, es aconsejable continuar desarrollando vacunas
contra este virus, que a su vez sean lo mds eficaces posible contra sus variantes
venideras.

En este trabajo, hemos disefiado una serie de vacunas contra el SARS-CoV-2
aplicando nuestra técnica de A-supercadenas ponderadas, y, ademds, hemos probado
experimentalmente su eficacia, lo cual refuerza como prueba de concepto, nuestra
metodologia.

R.2.2. Diseno de la vacuna

Con el objeto de disefiar una vacuna contra el SARS-CoV-2, nuestra proteina
objetivo (a partir de la cual obtener nuestros antigenos y disefiar nuestra vacuna) ha sido
la proteina Spike, ya que, ademds de hacer de intermediaria entre el virus y las células
del anfitrion a través del receptor ACE2, es una proteina que se expone en la superficie
(Samrat et al., 2020; Zhang et al., 2020), lo cual es una virtud para que el sistema
inmunitario pueda detectarla cuanto antes.

Para obtener las cadenas objetivo, hemos utilizado todas las secuencias de dicha
proteina (22 secuencias) que estaban disponibles en GenBank (GenBank website) y
GISAID (GISAID website) hasta el 4 de marzo del 2020. A continuacién, se
seleccionaron como potenciales antigenos (Target strings, T) los 9-meros contenidos en
cualquiera de esas 22 cadenas, y estimamos su inmunogenicidad y afinidad al complejo
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mayor de histocompatibilidad de clase I (HLA-I en humanos). Dichas estimaciones
fueron combinadas para dar lugar a una funcién peso w(s) que serd la que
maximicemos, y que se describe a continuacion:

1. Se calcula la inmunogenicidad estimada i(s) del antigeno s utilizando el “T cell
class I pMHC immunogenicity predictor” de IEDB (como se ha hecho en la
investigacion n°l).

2. Después, nos restringimos a las cadenas que cuentan afinidad para con alelos
que superan la barrera del 1% en la estimacion de afinidad de MHC-I “Peptide
binding to MHC class I molecule” (esta caracteristica indica el grado de afinidad
con las moléculas de histocompatibilidad de clase I. A mayor afinidad, mas
probable es que el sistema reconozca el antigeno y genere una respuesta
inmunitaria). A este grupo lo denotaremos como AI(s).

3. A continuacién, con el objeto de hacer una vacuna lo mas universal posible y dar
mads importancia a los alelos mds frecuentes en la poblacion, se ponderan los
alelos por su frecuencia global estimada (obtenida del “The Allele Frequency
Net Database”), y se obtiene un valor de la afinidad a través de bI(s) =
Yicai(s) f (@), donde f(a) indica la frecuencia del alelo a.

4. Ahora, normalizamos dichos pesos de la manera siguiente:

o iy(s) = i(s_):si, donde minger i(s) y M; = maxger i(s);
* bly(s) = M, donde my,; = minger bI(s) y Mp; = maxger bI(S);

Mp—mpy
5. Finalmente, obtenemos el peso del antigeno s a través de:

_ 3iy(s) + bly(s)
= m _

w(s)

La sobreponderacion de la inmunogenicidad se debié a que ésta es una
estimacion determinista, mientras que la de afinidad de unién es una estimacion
probabilistica, en la que no todos los alelos posibles se han considerado, si no que solo
se han tenido en cuenta los més frecuentes.

Una vez obtenidos los pesos, utilizamos el programa CPLEX Optimizer (IBM
ILOG CPLEX Optimization Studio website) para ejecutar el algoritmo de programacién
entera descrito en la seccion de métodos (ver Material y Métodos, M.4), obteniendo los
resultados 6ptimos (esto es, con maximo valor de A posible) para longitudes desde 9
hasta 280. En la Fig 2.1, representamos el ajuste de un modelo de regresion lineal para
ajustar el A en funcién de la longitud del candidato: A =-0.579005 + 0.446982 - [ (los
resultados de la regression se encuentran en la Tabla 2.1). El R? obtenido por el modelo
fue 0.999668, lo que indica un ajuste muy bueno, y sugiere que la pérdida del valor de 4
no sufre grandes cambios a medida que la longitud de la vacuna aumenta.
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Fig 2.1. Scatterplot para A. El eje de abcisas indica la longitud del candidato, mientras que
el eje de ordenadas muestra el valor del A correspondiente.

Tabla 2.1. Resultados de la regresion lineal

Estimacion del parametro Error standard P-valor
Constante —0.579005 0.0815211 1.08742 x 10~ 11
Coef. de 0.446982 0.000495704 1.07761 x 10~*71

A continuacidn, para llevar a cabo las pruebas experimentales, se seleccioné una
de las soluciones del algoritmo (esto es, uno de los potenciales candidatos a vacuna).
Para ello, se utiliz6 el algoritmo de VaxiJen (VaxiJen database), que sirve para estimar
la potencialidad de los candidatos a generar respuesta. En particular, aquellos que
obtienen una puntuacién superior a 0.4 se consideran potencialmente inmunogénicos.
Ese fue el caso de los candidatos de longitudes 22, 24, 67, 68, 69, 70, 175 y los de una
longitud mayor de 184. Entre ellos, el que mayor puntuacién obtuvo (un valor de
0.5545) fue el de longitud 22, a saber, el péptido STQDLFLPFFSNVTWFHAIHVS.
Por lo tanto, dicha cadena fue la seleccionada como nuestro candidato a testar
experimentalmente.

R.2.3. Ensayos experimentales de la eficiencia de la vacuna

Una vez seleccionado el candidato (denotado como CoVPSA), lo primero fue
sintetizar el péptido, para realizar las pruebas de inmunogenicidad y eficiencia in vivo.

Las primeras pruebas se llevaron a cabo midiendo el retardo en la respuesta a la
vacuna. Por un lado, se cargaron las células dendriticas (DC) con el candidato a vacuna,
y por otro, los ratones fueron expuestos durante 7 dias intraperitonealmente con
péptidos del COVID-19. A continuacion, se inoculd la vacuna en la pata izquierda del
ratén, y se uso la pata derecha como control. Finalmente, se midid, cuarenta y ocho
horas después, la respuesta generada en la pata izquierda, en comparacion con su pata
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derecha. Ademas, se utilizaron como control adicional células dendriticas cargadas con
péptidos de bacterias no relacionadas con el COVID-19. Los resultados (barras azules
de la Figura 2.2) indicaron respuestas inmunes mucho mayores cuando las DC se
cargaron con la vacuna, que en los otros dos casos.
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Fig.2.2. Inmunogenicidad del péptido CoVPSA. Las patas de los ratones (cepa C57BL/6,
n = 5), fueron inoculadas con las células dendriticas (10° células por ratén) cargadas con
diferentes péptidos (DC: sin péptido; DC-CoVPSA: con el candidato a vacuna; DC-CONT:
con el péptido de control no relacionado). Se compararon los grosores de las patas medidos
en mm (mediat+SD) con un test apareado. Después, se extrajeron los nédulos linféticos de
los ratones y se analizaron las poblaciones de células de interés, a través de citometria de
flujo.

Los resultados de las diferentes poblaciones de células estudiadas indicaron que
cuando se utilizé la vacuna, hubo una clara induccidn del sistema inmune, involucrando
formacion de anticuerpos y la estimulacion de células B, DC, y CD4* T.

Después, se analizé la produccién de citoquinas antivirales (Figura 2.3). En

particular, se observaron altos niveles de IFN-y e IL-12, involucrados en la eficiencia de
las vacunas y la respuesta antiviral, respectivamente.
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Fig 2.3. Niveles de citoquinas en ratones inoculados con células dendriticas. Los niveles
de citoquinas se cuantificaron en suero del ratén, y fueron medidos utilizando un quit
multiparamétrico Luminex desarrollado por Merck. Los resultados estin expresados en
pg/mL. * El nivel de citoquinas debe multiplicarse por 10. ** el nivel de citoquinas debe
dividirse por 2.
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Investigacion n°3: Evaluacion experimental de una
vacuna personalizada contra el melanoma diseriada a
través de optimizacion combinatoria

R.3.1. Relevancia

A pesar del creciente uso de las herramientas bioinformaticas, la comunidad biomédica,
a dia de hoy, ain se muestra reacia a confiar en los algoritmos y la computacién para
disefiar vacunas. Prueba de esto puede ser el desarrollo de las principales vacunas contra
el virus del Covid-19, donde a pesar de los avances en computacién, se han utilizado en
el disefio y elaboracion, una vez mads, técnicas bioldgicas (ya sean vacunas de ARN
mensajero o basadas en adenovirus). Es por eso que consideramos que son
especialmente importantes los trabajos donde vacunas disefiadas computacionalmente
muestran su potencial sobre datos experimentales.

Aqui, se presenta un estudio donde se han llevado a cabo todos los pasos hasta la
comprobaciéon ex vivo de la efectividad de una vacuna personalizada contra el
melanoma, basada en pardmetros bioinformaticos y optimizacion.

R.3.2. Seleccion de los neoantigenos
R.3.2.1. Obtencion de muestras para los ensayos ex vivo

Inicialmente, el andlisis parti6 de la informacién de seis pacientes con melanoma
cutdneo en diferentes estadios (que se corresponde con en andlisis de la investigacion
n°4), pero de cara a la prueba experimental de la vacuna, dadas las limitaciones para
obtener sangre reciente de los pacientes (ya que varios habian fallecido para cuando se
iban a comenzar los ensayos) y teniendo en cuenta las limitaciones econdmicas, se
procedi6 con uno de los pacientes (al que nos referiremos como B057). Dicho paciente,
fue diagnosticado con melanoma cutdneo en 1995, cuando tenia 32 afios, y no contaba
con antecedentes familiares de dicha enfermedad. El tumor primario fue clasificado
como un melanoma nodular localizado en el tronco, en estadio IIB (de acuerdo con la
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clasificacion del American Joint Cancer Committee). El tumor tenia una profundidad de
4.4mm de acuerdo con el Indice de Breslow, sin ulceracién, y presentaba la mutacién
BRAF-V600E. Se procedi6 a extirpar el tumor primario, y 54 meses después, se detectd
metéstasis linfatica y se procedi6 a la operacion.

R.3.2.2. Obtencion de los posibles neoantigenos

Una vez obtenido el genoma de los pacientes, el siguiente paso fue el de determinar la
estructura de los posibles neoantigenos partiendo de la mutacién de DNA y su mutacién
correspondiente en el péptido asociado. Para ello, consideramos las mutaciones
localizadas en el centro de un péptido de 15 aminodcidos, dejando a cada lado 7
aminodcidos no mutados. Nuestro andlisis se limité a las mutaciones en las cuales el
péptido quedaba univocamente determinado por su mutacion en el DNA,
independientemente de las posibles transcripciones que puedan asociarse a los péptidos
a partir de las cadenas de DNA. Asi, a pesar de que en la mayoria de los casos exista un
unico frame de lectura, esto es, una tnica posibilidad de “pasar” de DNA a
aminodcidos, esto no fue siempre el caso, y, por lo tanto, se consideraron a priori tres
frames de lectura (recuérdese que tres bases se corresponden con un aminoécido, por lo
que las cadenas, leidas como nucledtidos, tendrian una longitud de 45 bases). Para cada
mutacién situada en el i-€simo nucledtido (donde el coddn de lectura se ha coloreado en
rojo) se consideraron los tres posibles frames de lectura como sigue:

w1—=21,i—20,i—19,...,i,i+1,i+2,...,i+21,i + 22,i + 23 ...
w1—=22,i—21,i-20,...,i—1,,i+1,..,i+20,i + 21,i + 22 ...
wi1—=23,i—22,i-21,...,i—2,i—1,i,..,i1 +19,i + 20,i + 21 ...

Cada una de ellas corresponde a una transcripcidon posible, que daria un péptido
de longitud 15 con la mutacién en el aminoacido central. Para obtener los transcritos
finales se utilizé el comando “genomeToTranscript” del paquete ensembldb del
programa R.

R.3.2.3. Estimacion de las caracteristicas de los neoantigenos utilizando
herramientas bioinformaticas

Una vez determinado cada neoantigeno n de 15 aminodcidos, se calcularon, para cada
uno de ellos los siguientes siete valores:

* Estimacién de la inmunogenicidad de Clase 1. Para cada uno de los 7 péptidos de
longitud 9 contenidos en n, calculamos la estimacién de su inmunogenicidad
utilizando la herramienta “T cell Class-I immunogenicity predictor” de IEDB
Analysis Resource (IEDB Class-I Immunogenicity), y sumamos los 7 valores,
obteniendo para cada i-ésimo neoantigeno, un valor {imm;} que fue almacenado
en forma de vector, de longitud igual al nimero de neoantigenos total. Después,
se normalizaron los valores del vector {imm;} a partir del valor minimo y
maximo de las inmunogenicidades estimadas, esto es, se obtuvo un nuevo vector

imm;—-m

{Nimm;}, donde Nimm,; = —, siendo m y M el minimo y méximo de

{imm;}, respectivamente. Un valor alto en este estadistico indica que el péptido,
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una vez reconocido, generaria previsiblemente una respuesta alta del sistema
inmune.

¢ Estimacion de la afinidad de unién al HLA-I. En este caso, consideramos los
péptidos de longitud 9 contenidos en n del percentil 1 de la herramienta “Peptide
binding to MHC class I molecules” (IEDB MHC-I binding) de IEDB, junto con
sus correspondientes alelos. Para cada una de dichas combinaciones alelo-
péptido, se calcul6 —0.5 p + 1, donde p indica el percentil, y a continuacién se
sumaron, para cada péptido, todos los valores de las combinaciones alelo-
péptido asociadas, obteniendo el vector de valores {HLAI;}. De esta manera, se
dio més peso a los neoantigenos mds probables. Finalmente, se normalizé el
vector {HLAI;} como se ha explicado antes, obteniendo el nuevo vector
normalizado {NHLAI;}. Un valor alto en este indicador se traduciria en que las
células con moléculas de unién de clase I reconocerian con mayor probabilidad
este neoantigeno.

e Estimacion de la afinidad de union al HLA-II. Para esta unién, se tuvieron en
cuenta los neoantigenos de longitud 15 directamente, y nos quedamos con los
alelos del percentil 10 de la herramienta “Peptide binding to MHC class II
molecules” (IEDB MHC-II binding). Para cada una de las combinaciones alelo-
péptido, se calcul6 —0.05 p + 1, donde p indica el percentil, y a continuacion se
sumaron, para cada péptido, todos los valores de las combinaciones alelo-
péptido asociadas, obteniendo el vector de valores {HLAII;}. Por ultimo, se
normalizé el vector {HLAII;}, obteniendo el nuevo vector normalizado
{NHLAII;}. Como en el caso anterior, un valor alto indicaria en que las células
con moléculas de unién de clase II reconocerian con mayor probabilidad este
neoantigeno.

* Frecuencia de la variante mutada. En este caso, calculamos el vector {vf;}, a
partir de los valores de la frecuencia de la mutacién con respecto a su variante
no mutada, y a continuacién lo normalizamos como en los casos anteriores,
obteniendo el vector {Nvf;}. De esta manera, se busc6 dar mas peso a las
mutaciones que mads aparecieran en el tumor, facilitando asi que el sistema
inmune los reconozca.

* Probabilidad de actuar como antigeno. Utilizando la herramienta VaxiJen
(VaxiJen database), estimamos la probabilidad de una secuencia de ser
considerada por el sistema inmunitario como antigeno, y en particular, como
antigeno tumoral. Finalmente, normalizamos el vector entre 0 y 1 como en caso
anteriores, obteniendo {Nap;}. Asi, se foment6 la seleccion de las secuencias
con mayores posibilidades de actuar como neoantigeno y de generar una
respuesta inmune.

e Hidrofobicidad. Primero, se calculé el vector {gr;} a partir de los valores
correspondientes al indice GRAVY para cada neoantigeno, utilizando la
herramienta ProtParam (ExPASy database). Después, normalizamos el vector
entre 0 y 1, y por ultimo, dado que nuestro estadistico se corresponde con la
hidrofobicidad, y se busca maximizar la hidrofilicidad (ya que interesa un
péptido lo més expuesto posible para que las células puedan reconocerlo), se
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calcul6 la resta Nhpl; =1 — Ngr;, donde {Nhpl;} es nuestro vector final, y
Ngr; el obtenido después de normalizar el indice GRAVY.

* TAP (transporte para la presentacion de antigenos) y proteasoma. Para el calculo
de esta variable, se utiliz6 la herramienta “Proteasomal cleavage/TAP
transport/MHC class I combined predictor” (IEDB TAP/transport), y a
continuaciéon se normalizé entre O y 1, obteniendo el vector {NTAP;}. Al
maximizar esta caracteristica, aumentan las probabilidades de que el
neoantigeno sea presentado y degradado con éxito por las células presentadoras
de antigenos.

R.3.2.4. Optimizacion y diseiio de la vacuna

Una vez estimadas las caracteristicas de cada neoantigeno, una 7-tupla

v(n)
= (Nimm;(n), NHLAI;(n), NHLAII;(n), Nvf;(n), Nap;(n), Nhpl;(n), NTAP,(n))

fue asociada a cada cadena n. A continuacion, se considero la funcidn:

f(n) = 0.2 Nimm;(n) + 0.2 NHLAI;(n) + 0.2 NHLAIL;(n) + 0.1 Nvfi(n)
+ 0.1 Nap;(n) + 0.1 Nhpl;(n) + 0.1 NTAP;(n),

y la funcién objetivo F(S) = Y.,,es f(n), donde S es un subconunto de cardinal 6 del
conjunto de los N neoantigenos. Esto es, se obtuvieron 6 péptidos {n, n,, n3, nyns, ne}
tales que F ({nl, Ny, N3, Ny Ns, n6}) = maxscy,|sj=6F (S) (lo que a su vez es equivalente
a seleccionar lo seis neoantigenos con mayor valor para f(n)). Como puede observarse,
las caracteristicas principales (inmunogenicidad de Clase I y afinidad de unién al HLA-I
y HLA-II) fueron sobreponderadas con respecto al resto, dado que son las variables mas
comunmente utilizadas en la literatura (Sahin et al., 2017). Finalmente, para la prueba
experimental, esta solucién fue agrupada en dos péptidos: el primero fue la
concatenacion de ny,n, y nz, y el segundo, la de nyns y ng.

Los resultados obtenidos para los 6 neoantigenos con mayor valor f(n) para el paciente
B057 estan representados en la Tabla 3.1.
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Tabla 3.1. Valores de las caracteristicas bioinformaticas para los 6 neoantigenos
seleccionados para el paciente B057

Neoantigeno Nimm NHILAI NHLAII  Nhpl NTAP Nap Nvf
DWLEWLRQL 0.56 0.88 1 0.37 0.72 0.52 0.20
SLELLK

FRDQSLSYHH 0.34 1 0 0.50 0.56 0.45 0.30
TMVVQ

IGRFANYFRN 0.85 0.67 0.53 0.41 0.57 0.56 0.33
LLPSN

MRHSFFSEVN 0.88 0 0.45 0.54 0.72 0.43 0.34
WQDVY

RLFMHHVFL 1 0.37 0.43 0 0.60 0 0.76
EPITCV

CSRRFYQFTK 0.52 0.56 0.79 0.40 0.61 0.38 0.47
LLDSV

R.3.3. Evaluacion ex vivo de la respuesta inmune

Una vez seleccionados los neoantigenos, estos fueron agrupados en dos péptidos no
solapados de longitud 45 (compuestos por tres péptidos consecutivos de longitud 15
cada uno):

Péptido 1: DWLEWLRQLSLELLKFRDQSLSYHHTMVVQIGRFANYFRNLLPSN
Péptido 2: RHSFFSEVNWQDVYRLFMHHVFLEPITCVCSRRFYQFTKLLDSV

Después, estos péptidos fueron sintetizados y encapsulados en dos nanoparticulas
(NPs), y posteriormente fueron testados ex vivo.

El objetivo final es el de activar las células T contra el antigeno seleccionado.
Una vez los neoantigenos encapsulados son captados por las células dendriticas (DCs),
éstas se transforman en células dendriticas maduras, lo que les permite presentar el
antigeno a otras células para su posterior reconocimiento. En este proceso, las DCs
sobre-expresan una serie de marcadores de superficie (HLA-DR, CD80, CD83 y CD86)
(Aerts-Toegaert et al., 2007; Lu et al., 1997). Para determinar el efecto de la maduraciéon
de las células dendriticas, se estudidé la expresion de dichos marcadores en cinco
condiciones distintas: en células tratadas directamente con los neoantigenos libres
(Aggos7), tratadas directamente con péptidos de control (Agew), tratadas con los
neoantigenos encapsulados (NPgos7), tratadas con péptidos de control encapsulados
(NPcw), y, por ultimo, tratadas con la nanoparticula sin péptido (NPpiank). Los resultados
de este estudio pueden verse en la Figura 3.1, a partir de lo cual se deriva que los
neoantégenos, y en particular, los neoantigenos encapsulados, indujeron la maduracion
de las DCs.
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Fig. 3.1. Estudio de la expresion de los marcadores bajo las cinco condiciones. Cinco
dias después de aislar la sangre del paciente, las DCs inmaduras (iDC) fueron incubadas
junto con los neantigenos y las nanoparticulas, y su maduracién fue evaluada el sexto dia
(estudiando el nimero de CD80*-HLA-DR* DCs, CD83*-HLA-DR* DCs y CD86*-HLA-
DR* DCs). a Citometria de flujo de las DCs después de la maduracién. b Porcentaje de
marcadores de maduracién celular y media de la intensidad de la fluorescencia (MFI). ¢
Resultados del ELISA para medir la secrecién de TNF-a y IL-10. Todas las muestras
fueron analizadas por triplicado, y para representar la signiticatividad estadistica, se utilizé
la notacién: ## p<0.01 y ### p<0.001 con respecto a las iDCs; **p<0.01 y ***p<0.001 con
respecto a los antigenos libres; $$$ p<0.001 con respecto al resto de grupos).

Aparte del nimero de células que expresaron cada marcador, se estudié la media
de la intensidad de la fluorescencia (MFI) de los marcadores de maduracién, que son un
indicativo de la cantidad de marcador expresado en cada célula. Los resultados
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mostraron un patrén similar, pero se observé una mayor expresion del marcador de
maduracion para la nanoparticula con neoantigeno dirigida al paciente (NPgos7).

Para analizar a la secrecion de citoquinas de las DCs, se estudiaron el TNF-a
(factor de necrosis alpha) y la IL-10 (interleucina 10). El TNF-a es un pir6geno
endégeno que regula la respuesta inmune y cuyos efectos incluyen la inhibicién de la
tumorgénesis (Wajant, 2009). Ademds, el TNF-a induce la migracion de las DCs a los
nodos linfaticos, donde se encuentran las células T (Tough, 2008). Por lo tanto, la
nanoparticula que transporta los neoantigenos del paciente produce efectos beneficiales
en la maduracién y activacién de las DCs, potenciando la respuesta inmune innata y
facilitando también el inicio de una respuesta especifica al fomentar la migracién de las
DCs y su interaccion con las células T. Por otro lado, la IL-10 es una citocina con
propiedades antiinflamatorias relacionada con mecanismos de inmunosupresion (y en
particular con la supresion de citocinas de células T) (Schiilke, 2018; Tucci et al., 2019).
En este caso, no se observo un incremento significativo de este marcador en ninguno de
los grupos, lo que se consideré como un factor positivo.

Después, se pasé a estudiar el efecto de la vacuna en la proliferacién y secrecion
de citocinas de las células T a través del estudio de los linfocitos T CD4* y CD8*
(necesarias para una correcta supresion del tumor, siendo las células CD8" las células
citotoxicas, y las CD4" las necesarias para su correcta activaciéon (Ostroumov et al.,
2018)).

La proliferacion de las células T (tanto CD4* como CD8") se vio incrementada
cuando se utilizaron los neoantigenos del paciente. En el caso de las CD4*, los
neoantigenos libres parecieron inducir mayor proliferaciéon que los encapsulados, y, por
otro lado, los neoantigenos propios generaron mayor proliferacién que los péptidos de
control (Figura 3.2) (Flores et al., 2019). Por otro lado, tanto los neoantigenos libres
(Aggos7) como los encapsulados (NPgos7) fueron capaces de inducir proliferacién de las
células CDS8*, y de una manera significativamente mayor que los antigenos de control
(Figura 3.2).

Como se muestra en la Figura 3.2, la secrecion de IL-2, inductor del crecimiento,
proliferacion y supervivencia de los linfocitos (Boyman et al., 2010) fue
significativamente mayor para NPgos7. Ademas, el IFN- y (interferén gamma, activador
de la respuesta inmunitaria) también fue significativamente mayor para NPgos7 que para
en el resto de grupos.

Estos resultados prueban que los neoantigenos encapsulados en nanoparticulas
(NPgos7) son capaces de producir la proliferacion de células T CD4" y CD8*, esenciales
para obtener inmunidad antitumoral (Ostroumov et al., 2018), ya que ambas son
necesarias para obtener una respuesta citotoxica 6ptima (Borst et al., 2018).
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Fig. 3.2. Estudio del efecto de la vacuna en la proliferacion y secrecién de citocinas. a y
b citometria de flujo de las células T CD4* y CD8* T, respectivamente. ¢ porcentaje de
proliferacion de la respuesta de linfocitos CD4* y CD8* inducida por las DCs. d Liberacién
de IL-2 e IFN-y. Las proliferaciones se analizaron por triplicado, y las citoquinas por
duplicado (# p<0.05 y ### p<0.001 para las iDCs; ***p<0.001 para los antigenos libres;
&&& p<0.001 para el control).
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Investigacion n4: Andlisis de la capacidad de deteccion
de neoantigenos a través de las herramientas
bioinformdticas

R.4.1. Relevancia

En las dltimas décadas, la importancia de los neoantigenos a la hora de desarrollar
vacunas antitumorales ha crecido considerablemente. Este tipo de antigenos, en teoria,
generan una fuerte respuesta inmunitaria, mientras que, su versidon no mutada, que
habitualmente difiere solamente en un aminoécido, no genera respuesta alguna. Por otro
lado, cada vez se utilizan mds herramientas bioinformadticas para estimar la respuesta
inmunitaria que generard un potencial antigeno. Inevitablemente, surge una pregunta,
(son las herramientas bioinformdticas capaces de detectar esta diferencia de un
aminoicido, de manera que la respuesta estimada de la version mutada sea
significativamente distinta?

Para responderlo, en este trabajo se han obtenido experimentalmente los
neoantigenos de seis pacientes diagnosticados con melanoma cutineo, y se han
comparado las estimaciones de afinidad de unién de las moléculas HLA 1y II de la
version mutada y no mutada.

R.4.2. Obtencion de la muestra

Como se ha mencionado en la investigacion n°3, este estudio partié de la muestra de las
biopsias de seis pacientes diagnosticados con melanoma cutdneo en los hospitales de
Basurto y Cruces. Con el objeto de obtener una diversidad mutacional suficiente, pero
también una cantidad de mutaciones alta, se escogieron dichos pacientes con diferentes
estadios del cancer, pero a su vez, se seleccionaron fases avanzadas de éste. En
particular, se escogid un paciente en estadio IB (hasta 2 centimetros de profundidad del
tumor y sin ulceracion), dos en estadio IIB (profundidad entre 2 y 4 centimetros con
ulceracion, o mayor de 4 cm sin ulceracion; uno de estos pacientes fue para el cual se
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disefi6 la vacuna personalizada en la investigacién n°3), y por dltimo dos pacientes en
estadio IIC (profundidad mayor de 4 cm y ulceracién) (Thompson, 2002).

A continuacién, dado que el andlisis de todo el mutanoma de los pacientes era
demasiado costoso, nos centramos en las regiones con mayor variabilidad en este tipo
de cdnceres, entre las que se encuentran las relacionadas con las regiones que codifican
las proteinas BRAF, NRAS, MAP2K1 o MAP2K2 (Edlundh-Rose et al., 2006;
Nikolaev et al., 2012). Para seleccionar las mutaciones propias del tumor y descartar las
que suceden como consecuencia de la division celular (presentes tanto en células
cancerosas como no cancerosas), secuenciamos también las regiones de células
regulares de sangre, y nos quedamos con aquellas que solo estaban presentes en el
tumor.

Después, extrajimos los neoantigenos siguiendo el procedimiento descrito en la
investigacion n°3 (punto R.3.2.2.), con la salvedad de que se consideraron cadenas de
longitud 17, con la mutacién en el noveno aminoécido. Notese que en este estudio se
utilizaron cadenas con 2 aminodcidos mds que en la investigacion anterior. Esto se debe
a que, para la investigacion n°3, se busco evitar que la mutacion pudiera quedar en el
extremo de la 9-tupla al dividir el péptido en ventanas de 9 aminodcidos, ya que, al
buscar el reconocimiento por el sistema inmunitario, los aminodcidos de los extremos
suelen servir de “anclaje”, y a priori podria ser mas dificil su reconocimiento. Sin
embargo, para este estudio no es relevante, ya que estos tecnicismos no son
considerados por los algoritmos analizados. Al tomar cadenas de longitud 17, como
hemos dicho, nos aseguramos de que cogiendo ventanas de 9 aminodcidos (que es el
nimero de aminodcidos para el cual los programas bioinformaticos han sido
optimizados), la mutacién quede dentro. Por otro lado, el hecho de aumentar la longitud
sirvié para aumentar la muestra de “fragmentos mutados” de longitud 9 que serian
posteriormente considerados.

Antes de poder evaluar la afinidad de unién de los neoantigenos obtenidos, dado
que los complejos HLA son altamente polimérficos y varian dependiendo del individuo,
se secuenciaron los genes responsables de codificar el complejo mayor de
histocompatibilidad (que se encuentra en el sexto cromosoma (Moutaftsi et al., 2006)),
y se identificaron los alelos HLA de clases I y II correspondientes a cada paciente.

Finalmente, se utilizaron las herramientas de IEDB (Zhang et al., 2008) para
estimar la afinidad de unién de las moléculas HLA-I y II, escogiendo para la primera las
longitudes de 9 a 14, y para la segunda, longitud 15.

R.4.3. Comparacion de las cadenas

Una vez obtenidas las estimaciones de afinidad para cada cadena, siguiendo las
indicaciones de IEDB, utilizamos la variable “percentile rank™ para separar las cadenas
con potencial de unién, de las que no lo tenian. Como se ha mencionado en la
investigacion n°3, se considerd que tenian potencial de unién aquellas cadenas que
obtuvieron un percentile rank < 1% para las estimaciones de clase I, y < 10% para las
de clase II. En la tabla 4.1 se muestran el nimero de cadenas que potencialmente se
unirfan a las moléculas de los complejos de histocompatibilidad I y II, dividido por
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pacientes. Ademads, en la Figura 4.1, se muestra la distribucién de dichos valores a
través de un diagrama de caja.

Tabla 4.1. Nimero de cadenas con potencial de uniéon a moléculas HLA-I y II,
divididos por nimero de paciente. Ademas, M indica analisis sobre cadenas
mutadas (esto es, el neoantigenos), y NM sobre su versiéon no mutada

1° paciente  2° paciente  3° paciente 4° paciente 5° paciente 6° paciente

HLA-IM 57 88 8 121 20 26
HLA-INM 49 70 4 114 20 30
HLA-IIM 51 229 26 144 47 21

HLA-II NM 45 193 22 118 33 22
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Fig. 4.1. Diagrama de caja representando la distribucion de péptidos que superaron el
umbral del “percentile rank”. La linea roja indica la mediana, M indica versién mutada, y
NM versién no-mutada.

Ademads, se analizaron las medias + desviacién estdndar de los porcentajes de
péptidos que pasaron el corte. El porcentaje de péptidos mutados que pasaron el corte de
la herramienta para las moléculas de clase I fue 0.69% =+ 0.31%, variando de 0.27% a
0.98%; para los no-mutados, fue 0.65% =+ 0.36%, variando entre 0.14% y 1.13%; en
el caso del HLA-II, para los mutados se obtuvo que pasaron el corte el 15.24% +
2.96%, variando de 10.63% a 19.88%; y finalmente, para los no-mutados, los

resultados fueron 13.02% + 2.93%, variando de 9.38% a 16.75%.
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Después, para estudiar la hipétesis de este trabajo, esto es, para analizar si el
nimero de péptidos mutados es significativamente mayor que el de no-mutados de
acuerdo con las herramientas bioinformaticas (comparando los resultados de la Tabla
4.1), se realizaron dos contrastes, uno comparando los resultados del HLA-I, y otro
comparando los del HLA-II.

Primero, para utilizar los test estadisticos apropiados, se analiz6 la normalidad de
la distribuciéon de las variables, obteniendo unos p-valores de 0.837, 0.978,
0.43y0.476, para HLA-I mutado, HLA-I no-mutado, HLA-II mutado y HLA-II no
mutado, respectivamente. Por lo tanto, no se rechazé la hipétesis de normalidad, y se
aplicaron t-test apareados para cada comparativa.

Para el primer test estadistico, se utilizé la hipdtesis nula de que la diferencia
entre las medias del nimero de potenciales antigenos mutados por paciente era menor o
igual que la de los no-mutados, el p-valor para la comparativa del HLA-I fue 0.068, con
un t-estadistico de 1.78, y un intervalo de confianza de CI:%,, = (—0.74, ). Por lo
tanto, no se rechazé la hipétesis nula, y no pudo concluirse que para el HLA-I, el
nimero de antigenos no-mutados detectado fuera menor que los mutados.

Finalmente, se hizo la misma prueba para el nimero de péptidos que pasaron el
corte en el caso del HLA-II, obteniendo un p-valor de 0.03, un t-estadistico de 2.43, y
un intervalo de confianza de CI)%, = (2.44,). En consecuencia, se rechazé la
hipétesis nula, aceptando que, de acuerdo a las herramientas bioinformaticas utilizadas,
los neoantigenos se unirian con mayor afinidad a las moléculas HLA-II que su versién

no mutada.
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Conclusiones

A pesar de que la sinergia entre las matemadticas y las ciencias biomédicas ha crecido
durante los siglos, hoy en dia sigue habiendo barreras que las separan y las mantienen
como dos dreas independientes. En esta tesis, se ha buscado avanzar en el camino de la
unificacién de estos campos, profundizando en un campo particular, a saber, el disefio
de vacunas a través de técnicas de optimizacién. Las conclusiones derivadas de las
investigaciones previamente presentadas se recogen a continuacién. Ademads, al final de
este documento, se expone una seccion con posibles lineas futuras de investigacion.

C.1. A-supercadenas ponderadas en el disefio computacional de
vacunas

1. El criterio de A-supercadenas ponderadas mejora el criterio de A-supercadena,
permitiendo maximizar no solo el nimero de antigenos, si no eligiendo los mejores en
funcion del peso definido (inmunogenicidad, afinidad de unién, alineamiento, etc.).

2. El método propuesto acerca las técnicas de optimizaciéon combinatoria a la
realidad bioldgica, al tener en cuenta la inmunogenicidad generada por los antigenos y
el alineamiento con las proteinas originales.

3. Nuestra propuesta es capaz de conseguir practicamente el mismo alineamiento
que los métodos mds utilizados para el diseiio computacional de vacunas, pero puede
ofrecer candidatos con mayor inmunogenicidad, y, ademads, afiade la propiedad de ser A-
supercadenas, y, por lo tanto, de proteger contra todas las variantes consideradas.

4. La programacién entera utilizada dio mejores resultados que el algoritmo
genético, que a su vez mejord los del Hill-Climbing. Sin embargo, consideramos que,
para desarrollar vacunas contra virus con alta tasa de mutacién, el mas apropiado seria
el algoritmo genético, ya que la programacion entera depende mucho de la capacidad
del equipo, y aumenta considerablemente el coste computacional.
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C.2. Primer disefio de una vacuna contra el SARS-CoV-2 usando A-
supercadenas

1. Las A-supercadenas son un método eficaz y prometedor de disefio de vacunas.

2. La vacuna gener6 una respuesta inmune proinflamatoria con alta estimulacion
de células involucradas en la generacién de anticuerpos.

3. La vacuna es capaz de incrementar las citoquinas beneficiosas para una
respuesta eficaz.

4. Las pruebas tanto en ratones como en humanos (para mas informacion ver el
trabajo completo en el anexo) fueron exitosas.

C.3. Evaluacion experimental de una vacuna personalizada contra el
melanoma disefiada a través de optimizacion combinatoria

1. La fase in silico llevada a cabo a través de herramientas bioinforméticas
permite una seleccion eficiente de neoantigenos.

2. La proliferacion de células T se ve aumentada al utilizar neoantigenos
especificos del paciente.

3. La liberacion de citocinas es mayor al utilizar neoantigenos encapsulados en
nanoparticulas que al utilizar neoantigenos libres, lo que conlleva una mejor activacién
de los linfocitos T.

4. La respuesta inmune es antigeno y paciente especifica, ya que las células T no
reconocieron los antigenos de control ni las nanoparticulas sin péptido.

5. Las herramientas bioinformadticas y la optimizacién combinatoria son eficaces
a la hora de disefiar vacunas antitumorales personalizadas.

C.4. Anadlisis de la capacidad de deteccion de neoantigenos a través de
las herramientas bioinformaticas

1. El porcentaje de neoantigenos que superd el umbral para ser considerados con
potencial de unién a las moléculas HLA-I y II fue mayor que el porcentaje de péptidos
no-mutados que superaron dicho umbral.

2. De acuerdo con los resultados obtenidos por la herramienta que estima la

afinidad de unién de las moléculas HLA-I, no puede concluirse que el nimero de
antigenos no-mutados detectados sea menor que el nimero de los mutados.
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3. De acuerdo con los resultados obtenidos por la herramienta que estima la
afinidad de unién de las moléculas HLA-II, los neoantigenos se unen con mayor
afinidad a las moléculas HLA-II que su versién no mutada.

Lineas futuras sobre vacunas universales contra enfermedades infecciosas

Actualmente, como continuacion de estos trabajos, el concepto de A-supercadena
ponderada ha sido ampliado para poder aplicarlo disenando combinaciones de cadenas
cortas, en vez de obtener una cadena larga como candidata a vacuna, lo cual también ha
dado buenos resultados experimentales, y tiene la ventaja de ser menos susceptible a
que futuras variantes puedan escapar de la vacuna. Como resultados, también debemos
mencionar la patente que figura en el Anexo, obtenida a partir de los conceptos
mencionados. A futuro, se continuard trabajando con este concepto, acercandolo mas a
la realidad bioldgica y a las necesidades sociosanitarias.

Lineas futuras sobre vacunas personalizadas antitumorales

Los trabajos de vacunas personalizadas surgieron como una colaboracion
multidisciplinar en un proyecto Elkartek. Como trabajo futuro, se nos ha concedido un
nuevo proyecto donde probar, con un nimero mayor de pacientes, la eficiencia de las
vacunas personalizadas utilizando nuestro método. Ademads, se contempla la posibilidad
de extender nuestra metodologia para trabajar con pacientes de cancer renal.

Finalmente, me gustaria terminar este trabajo con una conclusion: las
matematicas no podran ayudar a la humanidad si no las extendemos y aplicamos a otras
areas, mientras que la biomedicina no serd capaz de dar respuestas eficientes sin incluir
criterios objetivos, obtenidos a través de las matemadticas. Gracias a la convergencia
entre estos campos, en un futuro no tan lejano seremos capaces de mejorar los
diagnosticos médicos, entender mejor las enfermedades, u optimizar los tratamientos, lo
que en definitiva se traducird en un aumento en la calidad de vida de toda la sociedad.
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Anexo: trabajos publicados

Para concluir, ademds de las publicaciones de las investigaciones desarrolladas en esta
tesis en su version integra, se ha incluido, el registro y descripcién de una patente para
una vacuna contra el SARS-CoV-2 disefiada a partir de las técnicas cuantitativas y
algoritmos basados en la metodologia de las A-supercadenas. Finalmente, como se
indica en la normativa, especificamos los indicios de calidad de las revistas donde se
han publicado los tres trabajos:

Weighted lambda superstrings applied to vaccine design fue publicado en PloS
one en 2019. De acuerdo con SCOPUS, dicho aifio ocupaba la posiciéon 10 de
111 revistas del area Multidisciplinary, con un factor de impacto de 1.023 de
acuerdo con el SJR.

First computational design using lambda-superstrings and in vivo validation of
SARS-CoV-2 vaccine fue publicado en Scientific Reports en 2022. De acuerdo
con SCOPUS, en 2020, el ultimo afio para el cual hay datos, ocupaba la posicién
8 de 110 revistas del drea Multidisciplinary, con un factor de impacto de 1.240
de acuerdo con el SJR.

Analyzing the Immune Response of Neoepitopes for Personalized Vaccine
Design fue publicado en Lecture Notes in Computer Science en 2020. De
acuerdo con SCOPUS, dicho afio ocupaba la posicién 91 de 120 revistas del area
Mathematics: Theoretical Computer Science, con un factor de impacto de 0.249
de acuerdo con el SJR.
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AVISO IMPORTANTE

Las tasas pagaderas al solicitar y durante la tramitacion de una patente o un modelo de utilidad son las
que se recogen en el Apartado "Tasas y precios publicos" de la pagina web de la OEPM
(http://www.oepm.es/es/propiedad_industrial/tasas/). Consecuentemente, si recibe una comunicacion
informandole de la necesidad de hacer un pago por la inscripcién de su patente o su modelo de utilidad
en un "registro central" o en un "registro de internet" posiblemente se trate de un fraude.

La anotacion en este tipo de autodenominados "registros" no despliega ningun tipo de eficacia juridica
ni tiene caracter oficial.

En estos casos le aconsejamos que se ponga en contacto con la Oficina Espafola de Patentes y
Marcas en el correo electronico informacion@oepm.es.

ADVERTENCIA: POR DISPOSICION LEGAL LOS DATOS CONTENIDOS EN ESTA SOLICITUD
PODRAN SER PUBLICADOS EN EL BOLETIN OFICIAL DE LA PROPIEDAD INDUSTRIAL E
INSCRITOS EN EL REGISTRO DE PATENTES DE LA OEPM, SIENDO AMBAS BASES DE DATOS
DE CARACTER PUBLICO Y ACCESIBLES ViA REDES MUNDIALES DE INFORMATICA.

Para cualquier aclaracion puede contactar con la O.E.P.M.

/Madrid, Oficina Receptora/
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Abstract

We generalize the notion of A-superstrings, presented in a previous paper, to the notion of
weighted A-superstrings. This generalization entails an important improvement in the appli-
cations to vaccine designs, as it allows epitopes to be weighted by their immunogenicities.
Motivated by these potential applications of constructing short weighted A-superstrings to
vaccine design, we approach this problem in two ways. First, we formalize the problem as a
combinatorial optimization problem (in fact, as two polynomially equivalent problems) and
develop an integer programming (IP) formulation for solving it optimally. Second, we
describe a model that also takes into account good pairwise alignments of the obtained
superstring with the input strings, and present a genetic algorithm that solves the problem
approximately. We apply both algorithms to a set of 169 strings corresponding to the Nef
protein taken from patiens infected with HIV-1. In the IP-based algorithm, we take the epi-
topes and the estimation of the immunogenicities from databases of experimental epitopes.
In the genetic algorithm we take as candidate epitopes all 9-mers present in the 169 strings
and estimate their immunogenicities using a public bioinformatics tool. Finally, we used
several bioinformatic tools to evaluate the properties of the candidates generated by our
method, which indicated that we can score high immunogenic A-superstrings that at the
same time present similar conformations to the Nef virus proteins.

Introduction

Infectious and transmissible diseases cause deaths of millions of people every year. The best
immunological measures to prevent such diseases are vaccines. Therefore, the main efforts of
immunologists are focused towards improving our predictions of effective epitopes that would
confer protection against pathogens [1] and towards enhancing our ability to select appropri-
ate epitopes for inclusion in an efficient vaccine [2]. Protective immunity requires humoral or
cellular immunity depending on the pathogen.
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Humoral immunity implies the production of antibodies by B cells that interact with sur-
face or secreted toxins of pathogens. Each antibody binds to an epitope, defined as the three-
dimensional structure of amino acids that can be contacted by the variable region of an anti-
body. There are two types of B-cell epitopes: (i) linear or continuous epitopes, which are short
peptides that correspond to a fragment of a protein, and (ii) conformational epitopes, com-
posed of amino acids not contiguous in primary sequence of the protein but brought in close
proximity within the folded 3D structure. The length of these epitopes is variable, ranging
from 8 to 20 amino acids [3].

Cellular immunity depends on T-cell epitopes generated in other cell types, the antigen pre-
senting cells (or APC) that generate linear epitopes from pathogen degradation or protein syn-
thesis. These short linear amino acids generated from intracellular degraded or synthesized
proteins from the microorganisms bind to two types of major histocompatibility complexes
(MHC), class I MHC that attach epitopes of 8-9-mer lengths and class II MHC that fit epitopes
of 12-15-mer lengths [4]. CD4+ T cells recognize class Il MHC epitopes and CD8+ T cells rec-
ognize class I MHC epitopes in APC.

Bionformatics methods that predict B-cell epitopes are based on certain correlations
between some physicochemical properties of amino acids and the locations of linear B-cell epi-
topes with protein sequences [5]. Therefore, hydrophilicity, flexibility, turns, and solvent
accessibility generated propensity scales for B-cell epitope prediction. However, propensity
scale predictions have failed to predict B-cell epitopes since they are mainly based on fixed
lengths and require flexibility [6].

Mapping of T-cell epitopes has been based on using complete sets of overlapping peptides
or biochemical elution methods from MHC molecules. Both methods, when applied to a clas-
sical T cell-mediated pathogen as Listeria monocytogenes were costly, time consuming and,
more importantly, failed to generate predictive rules [7], [8]. More recently, bioinformatics
methods have also been applied to T-cell epitopes via their ability to bind MHC molecules [9].
However, they have not been able to predict efficient epitopes for vaccine design. Therefore, a
mathematical method of epitope prediction able to be applied either to B or T-cell epitopes is
important in the immunology field of vaccination. This has been highlighted in the last out-
breaks of world wide infectious diseases, such as flu every year or Ebola in the most recent
years.

Martinez et al. [10] introduced the notion of a A-superstring along with an optimization
problem associated to it, and gave an application to the computational design of vaccines.
Given two sets of strings, a set of host strings, which models a set of instances of a protein
(which in our case will be amino acid sequences of the protein for a given pathogen), and a set
of target strings, which models a set of epitopes, a A-superstring was defined to be a string that
models a candidate vaccine containing, as substrings, at least A target strings from each host
string. This means that the vaccine covers at least A epitopes in each patient. The associated
optimization problem was to find a A-superstring of minimum length, which means to find a
candidate vaccine as short as possible. The aforementioned problem in [10] was shown to gen-
eralize both the shortest common superstring problem and the set cover problem, and in order
to solve it they gave two approaches, one to find exact solutions and the other one to obtain
approximate solutions. The approach giving exact solutions was based on an integer program-
ming formulation of the problem, under the assumption that no two target strings are compa-
rable with respect to the substring relation.

Motivated by the necessity of selecting the most effective epitopes mentioned at the begin-
ning of this section, we give in this paper a generalization of the notion of A-superstring and of
the corresponding optimization problem, which is more biologically meaningful. We consider
a weight function for the target strings, which represents the immunogenicity of each epitope.
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A weighted \-superstring is then defined as a string such that for every host string, the sum of
the weights of all target strings covered simultaneously by the string and the host string is at
least A (i.e., the minimum of the sums of predicted immunogenicities of the epitopes in each
protein variant considered is at least 1). Note that, in principle, the model allows for negative
weights. On one hand, the more negative the immunogenicity of an epitope is, the less we pre-
fer the corresponding target string to be a substring of a weighted A-superstring. However, it
could happen that a short weighted A-superstring necessarily contains target strings represent-
ing epitopes of large positive immunogenicity (indicating that its epitopes will likely induce an
immune response), which together cover a target string representing an epitope of negative
immunogenicity (meaning that it is very unlikely for those covered epitopes to generate an
immune response). Furthermore, in the Materials and Methods section we will present a
model that also takes into account good pairwise alignments of the obtained superstring with
the host strings, in which case target strings with negative weights could be essential. There-
fore, we cannot simply disregard target strings with negative weights from the model.

We give two methods for obtaining short weighted A-superstrings in the Materials and
Methods Section. In the first subsection, a mathematical formulation of the problem is pre-
sented. In the second subsection, following the approach of [10], a graph theoretic formulation
of the problem is given, from which an integer program is derived leading to optimal solutions
to the problem of finding shortest weighted A-superstrings. Next, in the third subsection, a
genetic algorithm is introduced to obtain suboptimal solutions in the case when the integer
programming approach cannot be used due to the large number of variables in the IP formula-
tion. This algorithm, besides getting the A-superstring criterion closer to biological reality, con-
siders an additional objective to be optimized simultaneously, the alignment of the protein. By
optimizing the alignment, we can obtain vaccine candidates that resemble the virus proteins
that are recognized by the immune system, and therefore, build a pseudo-protein that will
have a stable structure, recognizable by the MHC-complex. Our genetic algorithm is based on
the NSGA-II algorithm [11], which is one of the most used heuristic techniques for solving
multi-objective problems, which stands out due to its high speed, elitism, and non-necessity of
specifying a sharing parameter for the optimization. In the Results section we give an applica-
tion to the design of a weighted A-superstring for a set of target strings corresponding to the
Nef protein of HIV-1. We chose Nef because it is highly immunogenic [12] and plays an
important role in HIV pathogenesis [13]. In order to evaluate the goodness of our candidate in
silico, we have used several bioinformatic tools such as Blast, VaxiJen, I-Tasser and Phyre-2. In
addition, we have studied the mismatch proportion, and compared our candidate to a candi-
date obtained by LANL’s Epigraph, a consensus sequence and to one of the solutions using the
unweighted algorithm from [10]. Finally, in the Discussion section, the main conclusions are
presented and some future lines of research are outlined.

Materials and methods
The shortest weighted A-superstring problem

In this subsection, we give a mathematical formulation of the problem. We first recall some
notation and terminology for finite strings (that is, finite sequences) over a finite alphabet A.
We denote by € the empty string, and by A* the set A* = | J~, A" U {e} of all finite strings
over A. It is well known (and can be easily seen) that the set A* forms a semigroup with respect
to the operation + of concatenation (s, . .., $,,) + (f1, . ., £) = (S15 « - o Sy £l - - o> B). Given a
string s = (sy, . . ., 5,) € A*, we denote by £(s) the length of s, that is, n. We say that a string sis a
substring of another string t, and denote this relation by s C t, if t can be written ast =u + s +
v for some strings u and v over A. We also use C to denote the proper substring relation, that
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is, s C tifand only if s C tand s # t. Given two strings s = (sy, . . ., $,)), t = (t1, . . ., t,,,) in A*, the
degree of overlapping of s and t is defined as

ov(s,t) = max{i € {0,1,..., min{m,n}} |s, ., =t forj=1,...,i}.

n—itj —
The operation of the overlapping sum+' in A* is defined by
(Str s S by £) = (e 15y + (s o8

We remark that this operation is not associative.

The combinatorial approach to the design of vaccines described in [10] is based on the
notions of A-superstrings and A-cover superstrings, which we now recall. Given two finite sets
H, T C A* of host and target strings (modeling the set of instances of the chosen pathogen pro-
tein and the set of epitopes), respectively, and a positive integer A, a A-superstring for (H, T) is a
string v € A* such that for every host string h € H, there exist at least A strings in T that are
common substrings of both h and v. Similarly, given a collection C of finitely many finite sets
of strings over A (thatis, C = {X|,...,X,} where X; C A" for alli € {1, .. ., n}) and a positive
integer A, a A-cover superstring for C is a string v € A* such that for every X € C, atleast A
strings in X are substrings of v.

We now generalize these notions and the corresponding optimization problems to the
weighted case.

Definition 1 Let H, T C A* be two finite sets of host and target strings, respectively, let each
target string t € T be equipped with a weight w(t) € R, and let A € R. A weighted \-superstring
for (H, T, w) is a string v € A* such that for every h € H, the sum of the weights of the target
strings that are common substrings of both h and v is at least \.

More formally, denoting by CS(s, t) the set of all common substrings of two strings s and t,
a weighted A-superstring for (H, T, w) is a string v € A* such that

w(t) > Aforallh € H.

teCS(h.v)NT

Clearly, if w(t) = 1 for all t € T, then a string v is a weighted A-superstring for (H, T, w) if
and only if v is a A-superstring for (H, T).
The corresponding optimization problem (Box 1) is the following:

The restriction of the SHORTEST WEIGHTED A-SUPERSTRING problem to instances such that
w(t) =1 forall t € T'is equivalent to the SHORTEST A-SUPERSTRING problem defined in [10].

Definition 2 Let C be a collection of finitely many finite sets of strings over A, let T = Uy X,
letw: T — R, and let . € R. A weighted A-cover superstring for (C, w) is a stringv € A” such
that for every X € C, the sum of the weights w(t) of the strings t € X that are substrings of v is at
least L. Formally, for every X € C, we have Texrcy W(t) > A.

Box 1

SHORTEST WEIGHTED A-SUPERSTRING

Instance: A finite set of H C A* of host strings, a finite set of T C A* of target strings, a
weight function w : T — R, a covering requirement . € R.

Task: Find a weighted A-superstring for (H, T, w) of minimum length.
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ZQj;I,IJc>£;‘ONE

Weighted lambda superstrings applied to vaccine design

Box 2

SHORTEST WEIGHTED A-COVER SUPERSTRING

Instance: A collection C of finitely many finite sets of finite strings over alphabet A, a
weight function w : Uy .X — R, a covering requirement A € R.

Task: Find a weighted A-cover superstring for (C, w) of minimum length.

Clearly, the case of unit weights corresponds to the notion of a A-cover superstring. The
corresponding optimization problem (Box 2) is the following;:

The restriction of the SHORTEST WEIGHTED A-COVER SUPERSTRING problem to instances such
that w(t) = 1 for all t € U, _.X is equivalent to the SHORTEST A-COVER SUPERSTRING problem
defined in [10]. In that paper, it was proved that the SHORTEST A-SUPERSTRING problem is poly-
nomially equivalent to the SHORTEST A-COVER SUPERSTRING problem. This equivalence extends
straightforwardly to the weighted versions of the problems. Moreover, since the weighted ver-
sions of the problem generalize the unweighted ones, hardness results from [10] immediately
carry over to the weighted ones. In particular:

Theorem 3 1. For every € > 0, there is no polynomial time algorithm approximating the
SHORTEST WEIGHTED A-SUPERSTRING problem within a factor of (1 — €)ln |H|, unless P = NP, even
for the case of the binary alphabet A = {0, 1}, a constant weight function w = 1, and L. = 1.

2. For every € > 0, there is no polynomial time algorithm approximating the SHORTEST
WEIGHTED A-COVER SPERSTRING problem within a factor of (1 — €)In |C| unless P = NP, even for
the case of the binary alphabet, a constant weight function w =1, and A = 1.

The corresponding hardness results from [10] are stated with a multiplicative constant of
¢ > 0.2267 instead of 1 — €. However, exactly the same approach as the one used to prove Theo-
rem 3.9 and Corollary 3.10 in [10] can be used to derive Theorem 3; one only needs to use the
more recent, stronger inapproximability result on the set cover problem due to Dinur and
Steurer [14] instead of the one due to Alon et al. [15].

Theorem 3 suggests that most likely the two problems cannot be solved optimally or
approximately by efficient algorithms, and motivate the development of exact exponential
time algorithms and of suboptimal heuristic approaches. This is what we do in the next two
subsections.

Graph theoretic and integer programming formulations of the shortest
weighted A-cover superstring problem

In this section, we extend the graph theoretic and integer programming (IP) formulations of
the SHORTEST A-COVER SUPERSTRING problem from [10] to the weighted case. (For background
on integer programming, see, e.g., [16]). Following [10], we model the problem as a generaliza-
tion of the generalized Traveling Salesman Problem. In this problem, the set of vertices of a
given complete directed edge-weighted graph is divided into clusters and the objective is to
find a minimum-cost tour passing through at least one node from each cluster.

The graph theoretic model for the SHORTEST A-COVER SUPERSTRING problem from [10] is
based on a derived complete edge-weighted directed graph G with vertex set T = Uy _.X plus
one special vertex. Roughly speaking, the main idea is the following. Given a A-cover super-
string v for C, one can identify a set of substrings of v that are pairwise incomparable with
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respect to the substring relation and contain, as substrings, at least A strings from each cluster
X € C. Sorting these strings in order of their first appearance in v yields a directed path in G
that can be extended to a directed cycle in G through the special vertex. By construction, the
vertices of this cycle “cover” (in the sense of substring relation, when viewed as strings) at
least A vertices from each cluster X € C. The weights of the edges are defined so that the
length of the resulting cycle does not exceed the length of v. And conversely, every directed
cycle in G through the special vertex satisfying the above covering property and such that no
two strings corresponding to (non-special) vertices of the cycle are comparable with respect
to the substring relation can be transformed into a A-cover superstring v, by taking the over-
lapping sum of the strings corresponding to the non-special vertices of the cycle. The weights
of the edges are defined so that the length of the cycle equals the length of the obtained
superstring.

We now formalize these notions and explain the extension to the weighted case. Consider
an instance (C, w, 1) of the SHORTEST WEIGHTED A-COVER SUPERSTRING problem, and let
T = Uy_.X. Following [10], we construct a complete directed edge-weighted graph G = (V, E,
¢), called the distance graph. To distinguish the edge weights from the weights from the input
weight function w, the weights on edges will also be referred to as costs and will be specified
with a function ¢ : E — Z, . The construction is the same as in [10]:

e V=TU{s*}.

« For every two distinct vertices s, t € T, add the arc (s, t) to E and assign to it the cost c(s, t) =
£(s) — ov(s, t). Clearly, the costs are well defined and non-negative.

o For every vertex s € T, add the arc (s, s*) to E and assign to it cost c(s, s*) = €(s).
o For every vertex s € T, add the arc (s%, s) to E and assign to it zero cost, c(s*, s) = 0.

We emphasize that in what follows, we identify the vertices of G other than s* with the cor-
responding strings from T. In particular, for i, j € V(G) \ {s*}, notation i C j means that iis a
substring of jand i C j that i is a proper substring of j. One more definition is needed to express
the problem as a graph problem. A subgraph H of G is said to cover a string s € T if there exists
avertex t € V(H) N T such that s C t. For X € C, we will denote the set of all strings in X cov-
ered by H by Xj;. The cost of a directed cycle Cin G is defined as ¥, x(c) c(e).

Definition 4 A directed cycle C in the distance graph G is said to be w-feasible if it satisfies
the following conditions:

1. s* € V(C).
2. For every two distinct vertices s, t from V(C) N T, s is not a substring of t.
3. Forevery X € C, we have ), w(t) > \.

Proposition 5 Let (C, w, \) be an instance to the SHORTEST WEIGHTED A-COVER SUPERSTRING
problem, and let G be its derived distance graph. Then, there exists a weighted A-cover superstring
for (C,w) of length at most € if and only if G contains a w-feasible directed cycle C of cost at
most €.

We give a proof of Proposition 5 in S1 Appendix.

Proposition 5 leads to the following IP formulation for the SHORTEST WEIGHTED A-COVER
SUPERSTRING problem. The program has three types of binary variables: x;;, where (i, j) ranges
over all ordered pairs of distinct elements of V, y;, where i ranges over all elements of V, and z;,
where i ranges over all elements of T. Recall that ¢ : E — R, is the cost function on the edges
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of the distance graph G.
min Zc(i7 7)x;
i
s.t. Yo =1
> %=y Viev
iV : i)
Z X; =Y VieV
JEV : j#i
Zw(i)z,. >\ VX el
ieX
Yy>z VieT
iCj
yity <1 Vi,j € Tsuchthati C j
0<x; <1, x; integer
0<y <1, y,; integer
0<z <1, z; integer

The feasible solutions of the IP described above are in correspondence with subgraphs H of
G containing s* that consist of one or more subtours (vertex-disjoint directed cycles) in which
the vertices other than s* correspond to a set of strings that are pairwise incomparable with
respect to the substring relation and such that the covering requirement

> w(t) > .

teXy

is satisfied.

To be able to apply Proposition 5, we are only interested in solutions that consist of a single
directed cycle. As discussed in [10], this can be achieved in several ways (see, e.g., [17]), for
instance using the Miller-Tucker-Zemlin (MTZ) formulation [18], the subtour formulations,
or with a combined approach resulting in a cutting-plane algorithm.

In Fig 1, we represent an ilustrative sketch linking the combinatorial optimization problem
to the graph problem.

A genetic algorithm

In this section we will present a genetic algorithm well suited to find solutions to a problem
with potential applications to vaccine design posed, for unweighted A-superstrings, in the con-
cluding section of [10]. The problem is the following: Given a set of host strings of approxi-
mately similar lengths corresponding to the same protein with different mutations in a set of
patients, find a A-superstring of about one-gene length with A as big as possible when the set T
of target strings is formed by all the substrings of a given length ¢ of the set of host strings,
while keeping, as much as possible, the relative order of the elements in T. In other words, the
goal is to design a synthetic protein enriched in the sense that it covers many epitopes in each
host string. In our more general setting of weighted A-superstrings we require these epitopes to
be very immunogenic. As the second objective of our multi-objective optimization program,
we have chosen to optimize the amino acid resemblance with the virus peptides. By using the
alignment as target to be optimized, we will be able to choose candidates that have a structure
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weight
0 1

Fig 1. Graphical interpretation of the connection of the combinatorial optimization problem to the graph problem. The
clusters associated to the host strings are shown in ovals with the corresponding target strings inside them. Each target string has

an associated weight, which is shown in this example using a color code from light blue to strong blue, with extreme values
corresponding to 0 and 1, respectively. The A-superstring is represented with a closed ribbon which travels among the clusters. It is
closed because one of the strings forming it corresponds to the artificial vertex s*, which is not a host string, but can be viewed as an
empty string gluing the extremes of the A-superstring. The condition that for each one the clusters, the sum of the weights of the
target strings that are both in the A-superstring and in the cluster is at least A is imposed in the feasible solutions. The length of the A-
superstring is minimized, and this length can be obtained by summing up the c(i, j) values of the strings forming the A-superstring.
The c(i, j) values are shown in the figure as the length of the part of the vertex labelled by i not overlapping with the next vertex in the
A-superstring, which is labelled by j.

https://doi.org/10.1371/journal.pone.0211714.9001

similar to those which already interacted with HIV patients, and therefore will likely be recog-
nized by the immune system.

We opt for a genetic algorithm in this case because the high number of target strings makes
the use of integer programming impractical; employing heuristic methods of optimization is
thus a good alternative. We do sacrifice on optimality; nevertheless, suboptimal solutions can
be satisfactory in practice.

We are faced with a multi-objective optimization problem. To solve such problems, multi-
objective functions f: P — R" are considered, where P is the set of feasible solutions, that assign
to each element x € P an n-tuple (fi(x), . . ., f,,(x)) with real entries, each of which indicates a
partial objective function. Without loss of generality, we can assume that we want to maximize
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each partial objective function, because minimizing fi(x) is equivalent to maximizing the oppo-
site function —f;(x). Obviously, it is not possible in general to get a solution x € P in which all
partial objective functions f; attain maximum value. Instead, optimality of a solution is estab-
lished in terms of Pareto domination: given two feasible solutions x, y € P, we say that x =

(%15 . . . x,,) is dominated by y = (y1, . . ., y,,) if x; < y; for every i and x; < y; for some j. The
Pareto front is formed by the elements in P which are not dominated by any element of P.

Very often evolutionary algorithms are used to evolve an initial population Py C P to obtain
a sequence P; of populations which get closer to the Pareto front, and it is desirable to obtain
wide-spread sets of solutions. In particular, several genetic algorithm approaches have been
proposed for these kinds of problems. One of the most reliable and quick ones among them is
NSGA-II [11], and we have used it for our optimization problem. For definitions and results
on genetic algorithms we refer the reader to [19].

We outline here the structure of the NSGA-II algorithm. We refer to [11] for details.

Given a set P’ C P of feasible solutions, two key values are assigned to each x € P: the non-
domination rank x,, and the crowding distance Xgjsiance- The process of assignment of non-
domination ranks is as follows. The non-dominated elements, that is, the elements in the
Pareto front of P are assigned rank 1, and they form the set F,. If we take P’ — F,, the non-
dominated elements in this set are assigned rank 2, and they form the set F,, and so on. This
ordering is done using the fast non-dominated sorting described in [11]. The crowded distance
Xdistance 18 calculated by taking the average distance of two points on either side of x along each
of the 1 objectives. This leads to a strict partial order on P’ defined by

x < y lf xrank < yrank or lf ‘xrank = yrank and xdistance > ydistance'

The general process in NSGA-IT is as follows:

First, given a parameter m, a random population P of size m is constructed, and it is sorted
according to the relation < defined above. Then, a binary tournament selection is done con-
sidering the relation <. In the tournament selection it is theoretically possible, although it is
unlikely, that two different elements are not comparable with respect to the relation, because
they have the same rank and the same crowded distance. In this case, one of them is chosen
uniformly at random. After the tournament selection is completed, mutation and crossing is
done on the selected elements, to create an offspring population Q, of size m. Now a combined
population Ry = Py U Qg is formed, and the elements in R, are sorted according to their domi-
nation level. Then, a new population P, is formed by collecting the elements in R, in ascending
order of ranks, that is, we take the elements in the set F; formed by the elements of rank 1,
then the elements in F,, and so on, until all the elements of a certain set F;_; have been allo-
cated but there is no place to allocate all the elements of F;, that is, until |F,U - - - UF;_1|<m but
|F1U - - - UF;| > m. Then, we rank the elements in F; according to its crowding distance and we
select elements in non-increasing order of crowding distance until we have m elements in P;.
Now, given a parameter niter, the process is iterated niter times to obtain a population P;,,
from a population P; for any i in the same way that we obtained P; from P,

Next we will describe how we use NSGA-II for our particular problem.

We want to find a weighted A-superstring for a set H = {hy, .. ., hy,,,} of host strings, a set T
of target strings formed by all the subsequences of a given length ¢ of the strings of H, and a
weight mapping w assigning real values to elements of T. The chromosomes in the genetic
algorithm will be sequences of target strings. The phenotype of a chromosome u will be the
overlapping sum o(u) of the target strings which constitute it (according to the sequence in
which they appear in u). The fitness function that we consider for each chromosome u in the
population is taken to be f(u) = (M(w), al(u)), where:
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o A(u) is an estimate of the maximum value for which o(u) is a weighted A(u)-superstring for
(H, T), defined by

Mu) = min{ w(t):i=1,... ,spop}

teu,t substring of h;

(it is an estimate because the true value of the maximum A could, in principle, be different
from A(u) if there are elements of T covered by o(u) which are not in ), and

o al(u) is the average value of the scorings for the pairwise global alignments of o(u) and each
of the strings h;.

The specific scoring scheme may depend on the application; in the Results section we spec-
ify it for our particular biological application. (For background on string alignment, see [20]).

We have used a modified version of NSGA-II in which we take the Q; sets of a cardinality m
greater than spop, so that |R;| > 2|P,| for every i. Also, instead of taking the initial population
P, randomly, we have taken it to be formed by the sequences of target strings corresponding to
the set {hy, .. ., hy,.,} of host strings, in the order of appearance in each host string.

For the crossing of two chromosomes (u, ..., 4, ) and (v,,...,v, ), we have used a one-
point crossing in which we select randomly a crossing point ¢ between 1 and min{¢;, £,} — 1
and take (u, ..., u,v,,,...,v,)asthefirst childand (v,,...,v,u_,,...,u, ) as the second
child.

Once the crossing has been done, we have assigned a probability of mutation prmut in
each gene of each child chromosome. A mutation in the i-th position of a chromosome
u= (uy,...,u,) is done by selecting first a random integer j obtained by rounding a real
number sampled according to the normal distribution with mean i and standard deviation
defined by a parameter sd, choosing then uniformly at random a sequence (v,, ..., v, ) associ-
ated to a host string from the initial population and substituting u; with v; in the chromosome
uif 1 <j < &5 in any other case, the mutation is not done. The idea of this mutation that we
have just described is to substitute the u; with an element ‘not far from the i-th position’, in the
sense that it is close to an element in the i-th position in a chromosome of the initial popula-
tion formed by the host strings.

Results

In this section, an application of the IP-based algorithm and of the genetic algorithm is given
to find weighted A-superstrings for a set of 169 host strings whose GenBank [21] access num-
bers appear in S1 Table, corresponding to the Nef protein, and two sets of target strings (epi-
topes) chosen in a way that will be made clear soon. The 169 sequences were from HIV-1
subtype B independently infected individuals, and this specific set was first considered by
Nickle et al. in [22], and later by our group in [10]. Thus, we used this same set in order to be
able to compare the method here proposed, to our previous work [10]. This comparison can
be found at the end of this section.

Applying the integer programming formulation
We begin with the IP-based algorithm described in the Materials and methods section. We
consider the set of epitopes shown in S2 Table.

The weights corresponding to the immunogenicities of epitopes were experimentally
obtained from the data appearing in the Immune Epitope Database and Analysis Resource
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(IEDB) [23]. We selected the epitopes for the Nef protein satisfying simultaneously the follow-
ing three conditions:

1. they are covered by at least one of the 169 host strings analyzed;
2. they appear in the HIV Molecular Immunology Database [24];

3. they appear in IEDB with a positive value of p + n, where p and n are the number of positive
and negative results, respectively, in the MHC Ligand Assays section.

We took the ratio p/(p + n) as the weighting of the epitopes. Note that a non-linear rescaling
of the weights (i.e., normalizing them) would change the optimization problem. However, we
consider that to justify a rescaling we would require empirical evidence pointing that the can-
didates give better results, and that is out of the scope of this work. The main reason for con-
sidering this weighting is that the empirical response of an epitope can only be verified
through assays, so we estimated it numerically by the aforementioned ratio. Moreover, we
used the MHC Ligand Assays, because there are several works stating that there exists a corre-
lation between the generated immune response and MHC complex stability [25] or MHC
affinity [26], and it has been used to predict T Cell epitopes [27]. The values are also shown in
S2 Table.

The solutions found with the IP-based algorithm and the values of the corresponding
parameters are shown in Tables 1 and 2, which we now explain.

In the analysis whose results are shown in Table 1, the value of A was varied from 1.0 up to
3.3 in increments of 0.1, and for each value of A, the total length of the A-superstring was mini-
mized. Solutions were obtained by implementing the integer program descrived in Materials
and Methods (extended with the MTZ formulation) in Java [28] and solving it to optimality
using IBM ILOG CPLEX Optimization Studio [29]. The integer program corresponding to the
case A = 3.3 turned out to be infeasible; all the others were feasible. In the table we also show
the covering value of the obtained solution, that is, the value of min _.» ", ,w(i)z; (using nota-
tion from the Materials and methods section). Only the results not dominated by others are
shown, in the sense that in cases when for different values of A the same optimal solution
strings were found, only the highest value of A is shown.

Table 2 shows the results of a “dual” analysis in which we were maximizing the value of A
subject to imposing an upper bound on the length of a A-superstring for the given sets of host
and target strings. The results were obtained by solving a straightforward modification of inte-
ger program (and its extension with the MTZ formulation), again using Java and CPLEX. The
modification of the IP consists in treating A as a variable, replacing the objective function ¥;;
c(i, j)x;; with A and min with max, and adding the constraint ¥;; c(i, j)x;; < ¢, where £ is a given
upper bound on the string length. Clearly, since we are maximizing 2, in any optimal solution
the value of A will be equal to the covering value, that is, A = min > ., w(i)z; (again, using
notation from the Materials and methods section).

The upper bound ¢ on the length of the A-superstring was varied from 10 to 200 in incre-
ments of 10. Increasing the upper bound on the string length from 100 to anywhere up to 200
did not result in any increase in the covering value L. We therefore only display in Table 2 the
results for the values of the upper bounds up to 100. Since in this second model the length of
the obtained solution was only constrained by an upper bound and not taken into account in
the objective function, it should not be surprising that the corresponding solutions found for
upper bounds between 100 and 200 were of different lengths, despite the fact of being equally
good in terms of their covering values. A similar phenomenon occurred also for values of the
upper bound ¢ displayed in the table: the optimal covering values of the solutions correspond-
ing to the upper bounds in each of the ranges 10-20 and 70-90 were the same.
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Table 1. Optimal solutions of minimum length for a given value of A.

A=1.0
Optimal A superstring: TQGYFPDWQNYVPLRPMTYPLTFGWCEF
Optimal A superstring length: 27

Covering value of the solution: 1

A=15

Optimal A superstring: LTFGWCFKLVFPVRPQVPLRPMTYKAAVDLSHFLK
Optimal A superstring length: 35

Covering value of the solution: 1.51

A=19

Optimal A superstring: KAAVDLSHFLTFGWCFKLVFPVRPQVPLRPMTYTQGYFPDWQNY
Optimal A superstring length: 44

Covering value of the solution: 1.94

A=2

Optimal A superstring: KAAVDLSHFLKLTFGWCFKLVFPVRPQVPLRPMTYTQGYFPDWQNY
Optimal A superstring length: 46

Covering value of the solution: 2

A=25

Optimal A superstring: TQGYFPDWQNYPLTFGWCFKLVFPVRPQVPLRPMTYKAAVDLSHFLK
Optimal A superstring length: 47

Covering value of the solution: 2.51

A=2.6

Optimal A superstring: FPVRPQVPLRPMTYKAAVDLSHFLKEKGGLTQGYFPDWQNYTPGPGVRYPLTFGWCFKLV
Optimal A superstring length: 60

Covering value of the solution: 2.68

A=2.9

Optimal A superstring: TPGPGVRYPLFPVRPQVPLRPMTYKAAVDLSHFLKTPGPGIRYPLTFGWCFKLVTQGYFPDWQNY
Optimal A superstring length: 65

Covering value of the solution: 2.94
A=3.2

Optimal A superstring:
TPGPGIRYPLTPGPGVRYPLTFGWCFKLVPEKEVLVWKFDSRLAFHHQEILDLWVYFPVRPQVPLRPMTYKAAVDLSHFLKEKGGLEGLTQGYFPDWQNY

Optimal A superstring length: 100

Covering value of the solution: 3.25

https://doi.org/10.1371/journal.pone.0211714.t1001

We are interested in high covering values while keeping the length of the A-superstring
small. It is therefore interesting to analyze which of the solutions found by the above analysis
have the best (that is, highest) ratio between the covering value and the length. In this respect,
the best solution found by the above analysis is the A-superstring of length 47 achieving a cov-
ering value of 2.51 (see Table 1). The same covering value is also achieved by the string of
length 47 shown in Table 2. Only slightly worse ratios were achieved by the solutions from the
above tables corresponing to the following (length, covering value) pairs: (44, 1.94), (60, 2.68),
(65, 2.94) (all from Table 1).

Another aspect of such analysis that might be potentially interesting for vaccine design
applications would be to identify the maximum possible covering value that can be achieved
for a given set of host and target strings (without any restriction on the length of the A-super-
string), and then find a shortest substring realizing this covering value. In the instance ana-
lyzed above, this maximum covering value is equal to 3.25, and the shortest length of a\-
superstring achieving this covering value is 100.
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Table 2. Optimal solutions with maximum A for a given upper bound on the length of the string.

Upper bound on string length = 10

Optimal value of A = 0.0
Optimal A superstring: AVDLSHFL
Optimal X superstring length: 8

Upper bound on string length = 20
Optimal value of & = 0.0

Optimal A superstring: AVDLSHFL
Optimal A superstring length: 8

Upper bound on string length = 30

Optimal value of A = 1.0
Optimal A superstring: TQGYFPDWQNYPLTFGWCFQVPLRPMTYK
Optimal A superstring length: 29

Upper bound on string length = 40

Optimal value of A = 1.51

Optimal A superstring: LTFGWCFKLVFPVRPQVPLRPMTYKAAVDLSHFLKEKGGL
Optimal A superstring length: 40

Upper bound on string length = 50

Optimal value of A = 2.51

Optimal A superstring: TQGYFPDWQNYPLTFGWCFKLVFPVRPQVPLRPMTYKAAVDLSHFLK
Optimal A superstring length: 47

Upper bound on string length = 60

Optimal value of A = 2.68

Optimal A superstring: TQGYFPDWQNYTPGPGVRYPLTFGWCFKLVFPVRPQVPLRPMTYKAAVDLSHFLKEKGGL
Optimal A superstring length: 60

Upper bound on string length = 70

Optimal value of A = 2.94

Optimal A superstring: TPGPGIRYPLTQGYFPDWQNYTPGPGVRYPLTFGWCFKLVFPVRPQVPLRPMTYKAAVDLSHFLKEKGGL
Optimal A superstring length: 70

Upper bound on string length = 80

Optimal value of A = 2.94

Optimal A superstring: TPGPGIRYPLTQGYFPDWQNYTPGPGVRYPLTFGWCFKLVFPVRPQVPLRPMTYKAAVDLSHFLKEKGGL
Optimal A superstring length: 70

Upper bound on string length = 90

Optimal value of A = 2.94

Optimal A superstring: TPGPGIRYPLTQGYFPDWQNYTPGPGVRYPLTFGWCFKLVFPVRPQVPLRPMTYKAAVDLSHFLKEKGGL
Optimal A superstring length: 70

Upper bound on string length = 100
Optimal value of A = 3.25

Optimal A superstring:
QEILDLWVYTQGYFPDWQNYTPGPGIRYPLPEKEVLVWKFDSRLAFHHTPGPGVRYPLTFGWCFKLVFPVRPQVPLRPMTYKAAVDLSHFLKEKGGLEGL

Optimal X superstring length: 100
https://doi.org/10.1371/journal.pone.0211714.t002

Applying the multiobjective genetic algorithm

We used the NSGA-II multiobjective genetic algorithm described in the Materials and meth-
ods section for the same set of 169 host strings used in the previous subsection whose GenBank
IDs appear in S1 Table. The set of target strings was taken to be the set of all 9-mers present in
the host strings. Unlike in the previous subsection, immunogenicities were not obtained exper-
imentally, because of the technical difficulty and the high cost of estimating empirically the
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average
alignment

immunogenicity of a large number of sequences. In this case, the immunogenicity associated
to each of the target strings (that is, the value of the weight function w(t)) was computationally
assessed.

Several algorithms to estimate numerically the immunogenicity of epitopes have been pro-
posed in the literature, see, for instance, [30-39]. We selected in our analysis the algorithm
proposed in [34], where a tool was also given in the “T-cell” epitopes-Immunogenicity Predic-
tion” of the “IEDB Analysis Resource” [40].

We ran the genetic algorithm by using the program Mathematica [41] with the following
set of parameters:

niter = 500, spop = 169, prmut = 0.01,m = 1352 and sd = 1.

We used the Mathematica command NeedlemanWunschSimilarity, which gives
the number of one-element matches in the alignment, for calculating the scorings of the global
alignments that are averaged to obtain the values of al(u) described in the Materials and meth-
ods section.

We run 20 times the NSGA-II algorithm and collected the non-dominated solutions
obtained in each of the runs. We eliminated the dominated solutions to obtain a final estima-
tion of the Pareto front. The values are shown in Fig 2 and in Table 3. The resultant estimation
of the Pareto front gave a set of non-dominated sequences with a maximum A of 5.71 and a
minimum value of 1.2 (average + SD of 4.32+1.14). The alignments ranged between -88.47
and 163.33 (average+ SD of 87.73+67.43). The distributions of A and the alignment values are
represented in S1 Fig panel (a) and (b), respectively.

We selected and analyzed in the estimation of the Pareto front the solution with scoring
value 161.93 and A value 2.1794. We have chosen this sequence due to several reasons. First,
the) and the scoring are greater than the ones of all the members in the initial population of
169 strings, for which the mean of the A values was -1.70395, the maximum A value was
1.59422, the mean of the scores was 143.34 and the maximum score was 157.66. Second, there

150

100

W
(e

-50 F lambda

Fig 2. Estimation of the Pareto front in the genetic algorithm. The line represents the non-dominated solutions found with the
genetic algorithm. The X axis indicates the A value, while the Y axis indicates the alignment score.

https://doi.org/10.1371/journal.pone.0211714.g002
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Table 3. Numerical values for the estimation of the Pareto front in the genetic algorithm.

(1.2017,163.33) (3.7513,149.3) (4.6507,92.16) (5.3242,44.29)
(1.293,162.95) (3.7547,145.87) (4.6771,91.94) (5.3374,36.46)
(1.7287,162.79) (3.8153,144.98) (4.7089,88.77) (5.3391,36.19)
(1.8909,162.49) (3.855,142.96) (4.7308,88.71) (5.3413,27.89)
(1.8977,162.44) (3.9156,142.07) (4.7392,87.72) (5.3492,27.59)
(2.0255,161.96) (3.9461,138.79) (4.7815,85.76) (5.3959,26.6)

(2.1794,161.93) (3.9526,136.87) (4.787,82.31) (5.3974,17.13)
(2.5507,161.58) (3.9797,135.85) (4.8195,82.26) (5.4096,16.14)
(2.7806,160.63) (4.0195,134.82) (4.8925,81.32) (5.4404,15.24)
(2.8411,159.48) (4.0502,134.62) (4.9253,76.17) (5.4582,6.15)

(2.9918,159.25) (4.08,133.92) (4.9355,75.31) (5.5322,-0.18)
(2.9923,157.56) (4.0977,129.8) (5.0094,75.04) (5.57,-9.33)

(3.0863,156.8) (4.1161,128.93) (5.0147,69.88) (5.585,-16.12)
(3.1024,153.34) (4.1377,128.84) (5.0249,68.67) (5.5929,-18.14)
(3.1083,153.31) (4.1458,125.92) (5.078,64.63) (5.5988,-19.13)
(3.2322,153.22) (4.2259,125.13) (5.0834,64.36) (5.6403,-21.67)
(3.2357,152.79) (4.2286,124.14) (5.1092,62.62) (5.6454,-30.74)
(3.2449,152.69) (4.3204,120) (5.1528,62.41) (5.6671,-43.62)
(3.4688,152.4) (4.4694,116.65) (5.1562,48.33) (5.6859,-47.61)
(3.4855,150.26) (4.47,114.67) (5.2502,47.24) (5.6998,-72.72)
(3.5152,149.62) (4.602,108.9) (5.2719,46.02) (5.7141,-74.6)
(3.546,149.37) (4.6296,98.75) (5.2798,45.08) (5.717,-88.47)

https://doi.org/10.1371/journal.pone.0211714.t003

is a remarkable level of maintenance of the highly conserved regions of the protein for this
solution. Nonetheless, other solutions in the estimation of the Pareto front with greater values
of A and lower scorings could, of course, be useful in practice.

The sequence of amino acids of the selected solution is

MGGKWSKRSGVGWPTVRERMRRAEPAADGVGAV
SRDLEKHGAITSSNTAATNADCAWLEAQEEEEVGF
PVRPQVPLRPMTYKAAVDLSHFLKEKGGLEGLIYS
QKRQDILDLWIYHTQGYFPDWQNYTPGPGIRYPLT
FGWCFKLVPVEPEKVEEANEGENNSLLHPMSLHG
MEDPEKEVLEWKFDSRLAFHHMARELHPEYYKDC.

Since the main goal in this section is to study the structure and functionality of a protein
modelled by a sequence with given fixed values of A and of the average score, we performed
several bioinformatics analyses to the string showed in the previous paragraph.

The average value of the lengths of the 169 sequences whose GenBank IDs appear in S1
Table is 207.11, and the length of our sequence is 206, which is very close to that average. In
fact, 206 is the length established for Nef in [42], where the distribution of the amino acids
of 1643 Nef sequences was analyzed. This does not imply, of course, that the protein has a
well-defined length (there are deletions and insertions in certain positions for some of the
sequences) and there is not the same amino acid residue for each position in all sequences.
Given the high variability of the protein, it is more appropriate to see the protein as a non-
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deterministic distribution of residues conserving to some extent the secondary and tertiary
structures and the functionality.

In order to study to what extent our solution captures the well conserved regions of the pro-
tein, we considered the sequences of residues conserved at 90% and their starting positions
searching in the table of O’Neill et al. [42, Fig 1]. The sequences and positions are shown in S3
Table.

In our solution, all the sequences appear at the same positions as in the table, so all the oli-
gopeptides conserved at 90% are kept.

In order to analyze the structure of the candidate sequence, we have used the bioinformatics
tool I-TASSER [43], [44], which is an open source software implemented by Zhang Lab—
University of Michigan.

Among the available software, we chose [-TASSER because it has ranked several years as
the top method in Critical Assessment of protein Structure Prediction (CASP) experiment, a
worldwide test which every two years evaluates the protein structure prediction methods pro-
posed by research groups. More precisely, I-TASSER ranked n°1 in CASP7 (2006), CASP8
(2008), CASP9 (2010), CASP10 (2012), CASP11 (2014), and CASP12 (2016).

In short, the method first compares the proposed sequence with the ones in protein data-
bases to identify similar structural templates and align its amino acid sequences. Next, the
unaligned sequences are built by ab initio folding and a simulation of different assemblies with
the aligned and unaligned sequences is made by Monte Carlo simulations, creating a set of
possible candidates. Then, a selection of the lowest free-energy conformations is made and,
starting from this model, a second round of assembly simulation is performed in order to
refine the global topology [45].

To evaluate the goodness of the predictions, in addition to the TM-Score and the residual
RMSD present in the literature, Zhang Lab—University of Michigan has defined a parameter
called C-Score. When it is used to evaluate the structural properties, C is typically in the range
of [-5,2], where a higher value implies higher confidence in the structure prediction, and mod-
els with a C-Score greater than -1.5 are considered reliable predictions.

We analyzed the secondary structure of the candidate sequence. In Fig 3, the secondary
structure predicted with I-TASSER for the candidate sequence is displayed. To show the plau-
sibility of the predicted secondary structure, we emphasize that in sequence 2XI1 of Protein
Data Bank, which is based in the work by Singh et al. [46], a secondary structure for most part
of the C-terminal highly conserved domain of HIV1-Nef is showed, in which there is a high
level of agreement with our prediction. Residues 149-178 are disordered in the crystal structure
obtained in [46], and hence in that region the sequence is recorded but no coordinates are
determined. In 2XI1 the following substructures appear:

alpha helix: 83-95
alpha helix: 106-120
beta strand: 145-149
beta strand: 183-187
3/10 helix: 189-192
alpha helix: 196-200,

which are in good agreement with the structure predicted by I-TASSER.
We also analyzed the tertiary structure of the candidate sequence, which is represented
graphically in Fig 4, panel (a). The prediction obtained for our candidate is highly reliable,
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Candidate
Prediction

Candidate
Prediction

Candidate
Prediction

Candidate
Prediction

Candidate
Prediction

Candidate
Prediction

Positions 1-35
MGGKWSKRSGVGWPTVRERMRRAEPAADGVGAVSR
CCCcCccceeecccCHHHHAHHCCecceecececececce

Positions 36-70
DLEKHGAITSSNTAATNADCAWLEAQEEEEVGFPV
CHHHCCCCCCCCCCCCCHHHHHHHHCCCCCcCcceCC

Positions 71-105
RPQVPLRPMTYKAAVDLSHFLKEKGGLEGLIYSQK
cccceecececccCHHHHHHHHHHHHHACCCCCCeCcCcCHH

Positions 106-140
RQDILDLWIYHTQGYFPDWQNYTPGPGIRYPLTFG
HHHHHHHHHHCCCCCCCCCCCCCcCcceceeeeecececcce

Positions 141-175
WCFKLVPVEPEKVEEANEGENNSLLHPMSLHGMED
CCSSSCCCCCCHHHHCCccccceeeecccecccececcccc

Positions 176-206
PEKEVLEWKFDSRLAFHHMARELHPEYYKDC
CCCCsssssCcCCHHHHHHHHHHCCCHHHCCC

H:Helix; S:Strand; C:Coil

Fig 3. Prediction of the secondary structure of the candidate sequence by I-TASSER. In this graph we represent the amino acid sequence of
our candidate, and below, the secondary structure associated to each AA predicted with I-TASSER. Here, H indicates Helix, S Strand, and C

Coil.

https://doi.org/10.1371/journal.pone.0211714.9003

since the C-Score of the model is 1.42, and the cutoff value to consider a good prediction is
-1.5. Besides, the predicted structure is very similar to the one observed in the Nef protein
3TB8 of Protein Data Bank. This similarity achieved a TM-score of 0.896 in I-TASSER. The
TM-score scales the structural similarity between two protein structures. The TM-score ranges
on a scale from 0 to 1, with 1 denoting a perfect match and where a scoring greater than 0.5
means that it assumes generally the same fold [47].

In addition to the analysis done with I-TASSER, we have used Phyre2 [48] web portal for
protein folding to estimate the structure of the candidate. In Fig 4, panel (b) we illustrate the
tertiary structure obtained by Phyre2. It can be observed that the folding is very similar to the
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Fig 4. Tertiary structures by I-tasser and Phyre-2. In this molecular graph we illustrate the resemblance between the tertiary
structure of (a) the candidate with I-Tasser, (b) the candidate with Phyre-2, and (c) the sequence 2XI1 with Phyre-2.

https://doi.org/10.1371/journal.pone.0211714.9004

one obtained by I-TASSER, depicted in Fig 4, panel (a). Moreover, results of Phyre2 indicate
that 98% of the residues were modeled with a confidence >90%, using as model the 3TB8 pro-
tein, which is the same that I-TASSER used as model for its predictions. Therefore, in this
case, both predictions coincide, which reinforces the likelihood that the candidate will fold as
predicted.

Additionally, we have studied the sequence 2XI1 with Phyre2. As in the prediction of the
candidate with Phyre2, the main model to estimate the tertiary structure of 2XI1 is the protein
3TB8, with 94% of the residues modeled with a confidence >90% using this template. In Fig 4,
panel (c) we illustrate the predicted folding of the sequence 2XI1 by Phyre2, which is very simi-
lar to the one obtained with the candidate by using Phyre2, and even more similar to the fold-
ing obtained by I-TASSER.

Finally, we can see that the folding predictions done with I-TASSER and Phyre2 were based
in the same protein (3TB8) and were very similar (see Fig 4).

We did also a BLAST [49] search of the candidate sequence, and we obtained that the five
most similar sequences to the candidate sequence were the following ones:

1. AAX86040.1, with a total score of 420 and an identity of 97%. It corresponds to a synthetic
construct of a HIV-1 Clade B consensus Nef protein presented in [50], where Kavanagh
et al. transfected antigen-presenting cells (APCs) with mRNA encoding Gag-p24 and cyto-
plasmic, lysosomal, and secreted forms of Nef. They found that transfection of APCs with a
Nef construct bearing lysosomal targeting sygnals produced rapid and prolongued antigen
presentation to CD4" and CD8" T cells [50].

2. AAX39503.1, with a total score of 418 and an identity of 97%. It corresponds to a synthetic
construct of a consensus Nef protein, which was used in [51], along with other sequences,
to validate the FATT-CTL assay, which is a novel method for the measurement of CTL-
mediated cytotoxicity.

3. AAA87523.1, with a total score of 416 and an identity of 95% and AAA87527.1, with a
total score of 415 and an identity of 94%. They corresponds to 2 of the 88 sequences of Nef
protein of HIV-1, analyzed by Michael et al. in [52].

4. AAA63871.1, with a total score of 414 and an identity of 94%. It corresponds to 1 of the 90
sequences of a Nef protein of HIV-, analyzed by Huang, Zhang, and Ho in [53].

In Fig 5, we depict the alignments of the candidate with the five sequences for the BLAST
analysis. When the residues were identical, they were shaded in black; if they were not identical
but at least similar, they were colored in grey; finally, when there were no similarities among
residuals, they were shaded in white.
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AAX86040.
AAX39503.
AAA87523.
AAAB7527.
AAAG63871.
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GGKWSKRS[EVGWPTVRERMRRAEPAADGVGAVSRDLEKHGAITSSNTAARNADCAWLEA
GGKWSKRSVVGWPHVRERMRRAEPAADGVGAVSRDLEKHGAITSSNTAA
GGKWSKRSMVGWPTVRERMRRAEPAADGVGAVSRDLEKHGAITSSNTAA
GGKWSKRSMIRGW, RDEKMRRAEPAADGVGARSRDLEKHGAITSSNTAARN
GGKWSKRSIMGW RDEMRRAEPAADGVGAISRDLEKHGARTSSNTAAJN
GGKWSKRS[EVGWPTVRERMRRAEPAADGVGAVSRDLEKHGAITSSNTAJNN

OEEEEVGFPVRPOQVPLRPMTYKAAVDLSHFLKEKGGLEGLIYSQKRODILDLWEYHTQGY
OEEEEVGFPVRPOQVPLRPMTYKAAVDLSHEFLKEKGGLEGLIYSQKRODILDLWVYHTQGY
OEEEEVGFPVRPOQVPLRPMTYKAAVDLSHEFLKEKGGLEGLIYSOKRODILDLWVYHTQGY
QEEEEVGEFPVRPQVPLRPMTYKAAVDLSHFLKEKGGLEGLMY SQKRIADILDLWVYHTQGY
OEEEEVGEFPVRPOQVPLRPMTYKAAVDLSHFLKEKGGLEGLMY SOKRIRDILDLWVYHTQGY

OEEEEVGFPVRPQVPLRPMTYKBAVDLSHFLKEKGGLEGLIBISOKRODILDLWVYHTQGHE

EFPDWONYTPGPGIRYPLTFGWCFKLVPVEPEKMEEANEGENNSLLHPMSLHGMEDPEKEYV]
EFPDWONYTPGPGIRYPLTFGWCFKLVPVEPEKMEEANEGENNSLLHPMSLHGMBDPEKEYV]
EFPDWONYTPGPGIRYPLTFGWCFKLVPVEPEKMEEANEGENNSLLHPMSLHGMBDPEREV]
EFPDWONYTPGPGIRYPLTFGWCFKLVPVEPEKEEEANEGENNSLLHPMSLHGMEDPEKEV]
EFPDWONYTPGPGIRYPLTFGWCFKLVPVEPEKEEEANEGENNSLLHPMSLHGMEDPEKEYV]
EPDWEINY TPGPGIRYPLTFGWCFKLVPVEPEKEEEANEGENNSLLHPMSLHGMBDPEKEYV]

LEWKEDSRLAFHHMARELHPEYYKDC
LYWKFDSRLAFHHMARELHPEYYKDC
LuWKFDSRLAFHHMARELHPEYYKD
LEWKFDSRLAFHHMARELHPEYYKDC
LEWKEDSRLAFHHMARELHPEYYKDC

Fig 5. BLAST alignment of the candidate with AAX86040.1, AAX39503.1, AAA87523.1, AAA87527.1, and AAA63871.1. In this graph we
depict the alignments of the candidate with the five sequences for the BLAST analysis (AAX86040.1, AAX39503.1, AAA87523.1, AAA87527.1,
and AAA63871.1). When the residues were identical, they were shaded in black; if they were not identical but at least similar, they were colored
in grey; finally, when there were no similarities among residuals, they were shaded in white.

https://doi.org/10.1371/journal.pone.0211714.9g005

In addition, we used VaxiJen [54], which is a server for alignment-independent prediction
of protective antigens. It uses bacterial, viral and tumour protein datasets to derive models for
prediction of whole protein antigenicity. With our candidate sequence the overall prediction
for the antigen obtained with VaxiJen selecting “Virus” as target organism was 0.6895 (Proba-
ble antigen). The threshold value to be considered probable antigen was 0.4. For more infor-
mation about VaxiJen, we refer the reader to [55].

The overall predictions obtained in VaxiJen for the 5 strings closer to our candidate
sequence in the BLAST search were:

0.6380 for AAX86040.1
0.6409 for AAX39503.1
0.6688 for AAA87523.1
0.6747 for AAA87527.1
0.6599 for AAA63871.1
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Table 4. Comparison between the weighted, unweighted, epigraph, and consensus candidates.

Class I immunogenicity mismatch average
Weighted 1.8685 0.5115
Unweighted 1.8409 1
Epigraph 1.2307 0.5114
Consensus 1.4103 0.5109

https://doi.org/10.1371/journal.pone.0211714.t004

Next, we have compared our candidate with other sequences obtained by three different
algorithms. The first is one of the candidates obtained with the unweighted algorithm in our
previous work [10] (we selected among our solutions the candidate with the number of amino
acids closest to 206, i.e., closest to the length established for Nef [42], but without exceeding
this number); the second was obtained by using LANL’s Epigraph [56]; and the third was a
consensus sequence obtained by LANL’s Consensus [57].

In Table 4, the resultant estimated Class I immunogenicity [40] and mismatch proportion
for the four strings can be found. As expected, the estimated immunogenicity value of our
weighted candidate was better than the ones of the other three, suggesting that it would gener-
ate a more immunogenic response. The mismatch proportion was very similar (near to 0.511)
between the weighted, epigraph, and consensus candidates. This result was expected, since we
chose a candidate with high alignment, which implies a smaller number of mismatches, and
both epigraph and consensus methods are expected to resemble the natural proteins [56, 57].
Finally, since the unweighted candidate did not take into account the alignment, it scored a
very high mismatch ratio (equal to 1).

For the purpose of comparison, we have used also a hill-climbing algorithm, as we did in
[10]. In this case we used a multi-objective hill climbing algorithm analogous to the one
described in [58]. As we did in the Materials and methods section, we considered sequences u
of target strings and the corresponding phenotypes o(u) obtained by taking the overlapping
sum of the strings in u. We selected randomly 10 sequences i, , ..., h; from the set of host
strings and the corresponding sequences u, , ..., u, ~of target strings, and for each sequence
u; we performed the following procedure:

First, we initialized to {uij} the set ND; of non-dominated solutions. Then, we tried to simu-

late mutations sequentially in positions of the sequences in ND;, by replacing a target string by
another target string at the same position in some of the host strings h;, . . ., hj6o. If at some
point we get a sequence 1’ non-dominated for some sequence in ND;, then we add the
sequence u' to the set ND; and we repeat the process from the beginning. Instead of repeating
this process until no new non-dominated sequence is found, due to the excessive time to
required to attain this, we simulated a total of 10° mutations.

We took the union of the non-dominated sets NDy, . . ., ND;, and selected the phenotypes
of the non-dominated elements in this union as an approximation to the true Pareto front,
which is shown in Fig 6 and in Table 5. The approximation to the Pareto front is worse than
the one shown in Fig 2, obtained by using the genetic algorithm, in the sense that every solu-
tion shown in Fig 6 is dominated by at least one solution in Fig 2.

Discussion

In this paper, we generalized the notion of A-superstrings from [10] to the weighted case. We
developed an exact algorithm for a corresponding combinatorial optimization problem based
on integer programming, extending the model from the previous paper by introducing a
weight function on the target strings (which can take both positive and negative values). We
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Fig 6. Estimation of the Pareto front in the hill-climbing algorithm. The line represents the non-dominated solutions found with
the multi-objective hill climbing algorithm. The X axis indicates the A value, while the Y axis indicates the alignment score.

https://doi.org/10.1371/journal.pone.0211714.g006

consider that weighted A-superstring criterion could be useful to fight the high mutability and
escape mutations of viruses like HIV, HCV, or Influenza, since it gives a balanced protection
against all the variants considered, by ensuring that at the overall the immunogenicity of the
epitopes in each variant is at least .. We also described a model taking into account good

Table 5. Numerical values for the estimation of the Pareto front in the hill-climbing algorithm.

(-1.2852,146.68)
(0.10136,143.982)
(0.10365,139.213)
(0.12965,138.432)
(0.18779,138.349)
(0.21379,137.811)
(0.25488,137.55)
(0.26566,136.87)
(0.30675,135.87)
(0.32028,134.876)
(0.63875,131.544)
(0.76386,131.183)
(0.78531,127.781)
(0.80699,125.817)
(0.82376,122.917)
(0.84713,120.538)
(0.959,119.663)
(1.02748,117.893)
(1.03195,107.686)

https://doi.org/10.1371/journal.pone.0211714.t005
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pairwise alignments of the obtained superstring with the host strings, and presented a heuristic
approach based on a multi-objective genetic algorithm. By considering the alignment as a tar-
get to optimize by our algorithm, the weighted A-superstrings obtained by using the genetic
algorithm correspond to pseudoproteins structurally similar to the original ones taken from
the patients, instead of being just epitope aggregates, opening the doors to possible improve-
ments in the current methodology of epitope vaccine design.

In order to evaluate the performance of our algorithm, first, we analyzed the estimation of
the Pareto front obtained with a multi-objective hill-climbing algorithm, which gave worse
solutions than the one obtained by the genetic algorithm. Then, we selected a vaccine candi-
date from the Pareto front and studied its effectiveness in silico. Due to the weighted A-super-
string condition, and the positive A value, this pseudo-protein would likely protect against all
virus variants considered. Besides, VaxiJen analysis corroborated that the vaccine would be a
probable antigen. Next, the structure and resemblance to the native protein were evaluated by
several bioinformatic tools (such as Blast, Phyre 2 or I-Tasser), which indicated that our candi-
date was very similar to HIV-1 2XI1 and 3TB8 sequences. Then, we performed a comparison
among our weighted candidate, one of the candidates obtained with the unweighted algorithm
in our previous work [10], a candidate obtained by using LANL’s Epigraph, and a consensus
sequence. In this analysis, we observed that the mismatch proportion was worse in the
unweighted candidate, which was expected, since the algorithm in [10] did not optimize the
alignment. Besides, the estimated Class I immunogenicity [40] of the weighted candidate was
bigger than the estimated immunogenicity for the candidates found with other methods, sug-
gesting that it would generate a more immunogenic response.

Additionally, in order to study the sensitivity of the method, we have also analyzed D and G
HIV subtypes, and they yielded similar results, indicating that the method is robust. These
analyses can be found in S2 Appendix.

An important point of future work on weighted A-superstrings is to determine the extent of
practical applicability of the presented models and algorithms to vaccine design, in particular
to assess the immunological value of the resulting candidate vaccines. In this regard, we have
recently described a functional method to decipher T-cell epitopes of the bacterial and human
pathogen Listeria monocytogenes (Listeria) based on combination of bioinformatics predic-
tions of epitopes binding to MHC molecules and functional assays [59]. Our hypothesis was
based in the use of two Listeria antigens, the listeriolysin O (LLO) and the glyceraldehyde-
3-phosphate-dehydrogenase (GAPDH) that elicits strong CD4+ and CD8+ T cell responses
[60], [61]. Our method to test vaccine candidates was based in the use of predicted peptides
from the bioinformatics analysis to activate dendritic cells in vitro and elicit high delayed T
hypersensitivity (DTH) responses in vivo, combined to measurements of IL-12 production as
the cytokine that best correlates with immune protection.

In order to adapt the methodology just described to the framework of vaccine design using
weighted A-superstrings, we will use in future work the full-length sequence of LLO for the
thirteen recognized serotypes of Listeria Monocytogenes to design B and T-cell epitope vaccines
applying weigthed A-superstrings that gather the genetic diversity of the pathogen by means of
the consideration of the different serotypes, and we will compare the epitopes obtained with
those of previous studies. Next, we will use the weighted A-superstrings obtained with the
selected epitopes in our functional method of vaccine candidates testing. Finally, our success
in predicting efficient LLO epitopes for vaccination and the construction of the subsequent A-
superstrings will be relevant for other intracellular bacteria for which we currently lack avail-
able vaccines, such as Mycobacterium tuberculosis, Salmonella enteritidis, or Chlamydia tracho-
matis, among others.
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One of the lines considered as future work is to evaluate if the algorithm gives better results
when we consider near-matches of the epitopes instead of exact matches, by changing the fit-
ness function. By this approach, we would obtain vaccine candidates that induce cross-reactive
T-Cells, which could be activated during the infection of an unrelated heterologous virus.
Cross-reaction and its benefits have been widely observed in several infections [62, 63], and
since their positive effects in vaccination is promising [64, 65], we consider that this approach
might enhance the effectiveness of our method.

Moreover, we would like to consider, besides the weights corresponding to immunogenici-
ties, other kinds of weights at the same time, addressing different biologically motivated goals
with different weights. For example, one could consider weights associated to the relative fre-
quencies of the epitopes.

In summary, here we have presented two algorithms for computational vaccine design. Our
results indicate that with this methodology, we can obtain weighted A-superstrings that resem-
ble native protein structures, and protect well-balancedly against the whole group of considered
virus variants, minimizing the chances of perpetuating the infection due to escape mutations.
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lambda-superstrings and in vivo
validation of SARS-CoV-2 vaccine
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Coronavirus disease 2019 (COVID-19) is the greatest threat to global health at the present time, and
considerable public and private effort is being devoted to fighting this recently emerged disease.
Despite the undoubted advances in the development of vaccines against severe acute respiratory
syndrome coronavirus 2 (SARS-CoV-2), the causative agent of COVID-19, uncertainty remains about
their future efficacy and the duration of the immunity induced. It is therefore prudent to continue
designing and testing vaccines against this pathogen. In this article we computationally designed two
candidate vaccines, one monopeptide and one multipeptide, using a technique involving optimizing
lambda-superstrings, which was introduced and developed by our research group. We tested the
monopeptide vaccine, thus establishing a proof of concept for the validity of the technique. We
synthesized a peptide of 22 amino acids in length, corresponding to one of the candidate vaccines,
and prepared a dendritic cell (DC) vaccine vector loaded with the 22 amino acids SARS-CoV-2 peptide
(positions 50-71) contained in the NTD domain (DC-CoVPSA) of the Spike protein. Next, we tested

the immunogenicity, the type of immune response elicited, and the cytokine profile induced by the
vaccine, using a non-related bacterial peptide as negative control. Our results indicated that the
CoVPSA peptide of the Spike protein elicits noticeable immunogenicity in vivo using a DC vaccine
vector and remarkable cellular and humoral immune responses. This DC vaccine vector loaded with
the NTD peptide of the Spike protein elicited a predominant Th1-Th17 cytokine profile, indicative of
an effective anti-viral response. Finally, we performed a proof of concept experiment in humans that
included the following groups: asymptomatic non-active COVID-19 patients, vaccinated volunteers,
and control donors that tested negative for SARS-CoV-2. The positive control was the current receptor
binding domain epitope of COVID-19 RNA-vaccines. We successfully developed a vaccine candidate
technique involving optimizing lambda-superstrings and provided proof of concept in human subjects.
We conclude that it is a valid method to decipher the best epitopes of the Spike protein of SARS-CoV-2
to prepare peptide-based vaccines for different vector platforms, including DC vaccines.
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cv Candidate vaccine

DC Dendritic cell

DMEM  Dulbeccos Modified Eagle’s Medium

DTH Delayed type hypersensitivity

GM-CSF  Granulocyte-macrophage colony-stimulating factor
RBD Receptor binding domain

7-AAD 7-Aminoactinomycin D

The coronavirus disease 2019 (COVID-19) epidemic represents the greatest global threat to human health at
the current juncture, with more than 281 million people infected and more than 5.4 million mortalities world-
wide since the disease was detected two years ago'. To end this epidemic, different types of vaccines are being
developed in an accelerated manner?°.

Although new cutting-edge technologies are being used in the production of vaccines, such as the develop-
ment of mRNA vaccines” %, which speeds up the manufacturing process and reduces the cost of fabrication, they
do not take into account the mutations that arise as the pandemic progresses.

Several effective vaccines against severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2), the causa-
tive agent of COVID-19, are currently available, such as the Pfizer, Moderna, Oxford Vaccine Group/AstraZeneca,
Janssen, BIOCAD, and CanSino Biologics vaccines. Clinical trials, as well as data from ~50%-70% of vaccinated
individuals in Europe and EEUU, show that the highest protection corresponds to the Pfizer (93%) and Moderna
(90%) vaccines; the duration of this protection still requires evaluation. Thus, despite the important and promis-
ing advances that have been made in the design and development of vaccines against SARS-CoV-2, uncertainties
still remain® ', making it imperative to continue the search for new candidate vaccines (CVs).

Several tools from computational biology are being used for different tasks in the fight against COVID-19,
such as modeling'’, identifying epitope maps'?, designing protein inhibitors"?, identifying inhibitors of the inter-
action of the Spike protein with angiotensin-converting enzyme 2 (ACE2) receptor', optimizing antibodies'?,
and designing CVs'®-%.

We present here two peptide-based CVs for SARS-CoV-2 designed entirely using computational meth-
ods and advanced tools of artificial intelligence. For one of these peptides, we provide proof of concept for
immunogenicity.

Our technique is based in the concept of A-superstring, introduced by our research group in a previous
publication®. In that paper, we presented a new criterion for the selection of epitopes in the design of vaccines
that was well suited to consider all the mutations, providing a balance with respect to the number of epitopes
covered by the CV in the mutated versions of the target protein. Using this method, we consider the mutations
in the pathogen’s genome and develop a CV that performs well against all those mutations.

Specifically, we considered a set of target strings, formed by the epitopes that can be selected for the CV, and
a set of host strings, constituted by the different variants of the target protein, in which the known mutations are
considered. In that context, given the value of a parameter A, a A-superstring is a sequence of amino acids with
properties that ensure that the string covers at least A epitopes in each of the host strings.

The concept of A-superstring was generalized in our subsequent publication®! to that of a weighted
\-superstring by allowing the epitopes to be weighted by estimations of their immunogenicities. This gener-
alization entails an important improvement in the applications to vaccine design®, as this consideration of an
epitope’s immunogenicity more closely models biological and medical practice and increases the likelihood that
the obtained CV's are effective. In fact, the use of weighted A-superstrings could be useful in response to the high
mutability of viruses such as human immunodeficiency virus (HIV), hepatitis C virus (HCV), and influenza,
and the generation of escape mutations.

Peptide-based vaccines against SARS-CoV-2 are developed using recombinant technology, which is the most
widely used vaccine strategy. In fact, 50 protein or peptide constructs are in pre-clinical trials and 8 out of these
50 are in clinical trials, being the receptor binding domain (RBD) region of the Spike protein a common epitope
of COVID-19 vaccines?, as well as an epitope detected in antibodies and T cells from COVID-19 patients® .
These studies also indicated that the RBD region was not the only B or T cell epitope detected in patients, with
other parts of the Spike protein also being detected. Therefore, peptide-based vaccines for SARS-CoV-2 should
include other epitopes of the Spike protein to maximize the broad spectrum of cellular immune responses they
might elicit.

The success of peptide-based vaccines relies on three criteria: (1) easy to manufacture, (2) cost-effective
production, and (3) high safety profile compared with whole virus vaccines®?*»?°. However, such vaccines also
have limitations, including the fact that they require specific methodologies to design epitopes with high immu-
nogenicity and to test their efficacy as vaccines. To address this issue, we used two combined methods in the
development of COVID-19 peptide-based vaccines. First, a computational technique that uses advanced tools
of artificial intelligence to design the best immunogenic epitopes*”*'. Second, subcutaneous inoculation of DC
vaccine platforms loaded with these peptides to test the delayed type hypersensitivity (DTH) reactions in mice,
as an in vivo measurement of cellular immune responses that provides easy preparation for the clinic*.

To establish an experimental proof of concept of the method of using A-superstrings, in this work we used
Integer Programming to obtain the best solution for different lengths of the CV, to achieve the maximum value
of A, and therefore optimal immunological protection.

We used the Spike protein as the target, which is the best suited antigen for SARS-CoV-2 vaccine research,
because in addition to being an intermediate in the interaction with host cell binding to the ACE2 receptor, it is
also a surface-exposed protein®® %, which makes it a suitable target protein for vaccine development.
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In this way, we obtained CVs that offer potential protection against all the virus variants considered for the
study (in this case, all the sequences appearing in the GenBank?® and GISAID*’ websites until March 4, 2020).
Our objective was not only to develop an effective vaccine for the current pandemic, but also to confer protec-
tion against potential coronavirus mutations by considering sufficiently high values of X. Thus, although future
mutations might diminish the value of A when new host strings associated to mutations appear, A will nevertheless
remain sufficiently high to be medically effective and inhibit the expansion and possible resurgence of the virus.

After obtaining the sequences, to select the most promising epitopes for the vaccine, we first associated a
weight to each potential 9-mer epitope. More precisely, we used an aggregate function that combines estimations
of the immunogenicity and the HLA-binding affinity of class I of these potential epitopes. The procedure is out-
lined briefly below, but is described in more detail in the “Methods” section. We used the “T cell class I pMHC
immunogenicity predictor”* of IEDB for the estimation of immunogenicity, and the “Peptide binding to MHC
class I molecules™ tool of IEDB for the estimation of HLA-I binding affinity. Since we had no specific informa-
tion about the alleles of the different patients (whose number is much greater than the number of host strings)
and our vaccine is not a personalized vaccine, we weighted each allele with its frequency appearing in “The Allele
Frequency Net Database™*? that corresponds to the alleles of the HLA-I allele reference set previously published **.

We chose these two variables, immunogenicity and HLA-I binding affinity, because of the key need to
engage T cells in the development of an effective vaccine response against SARS-CoV-2 to ensure long-lasting
immunity**.

We did not consider estimations of HLA-II binding affinity for three reasons. First, antigen presentation of
viral proteins is mainly restricted by HLA-I molecules. Second, the computational complexity of the Integer
Programming problem increases considerably, and it becomes impractical to obtain solutions in the range of
lengths that we have considered. Moreover, it takes a prohibitive time for the algorithm to finish and requires a
large amount of computer RAM. Third, prediction algorithms for MHC class II presentation are less accurate
compared with class I algorithms®.

Besides, although HLA-II binding affinity was not considered in the optimization, the experimental results
have shown a strong humoral immunity elicited by the CV; as is indicated in the “Methods” section.

To assure the antigenicity of our CVs we used the VaxiJen®® tool, which is a server for alignment-independent
prediction of protective antigens that uses bacterial, viral and tumour protein datasets to derive models for
prediction of whole protein antigenicity. We selected from among the 272 candidates those that exceeded the
threshold to be considered probable antigens for the VaxiJen viral model.

As a result of our computations, we present in this work a map of optimal CVs with lengths varying from 9 to
280 amino acids, which on one hand optimize both immunogenicity and HLA-binding affinity, and on the other
hand, confer balanced protection against all of the sequenced variants of COVID-19 surface protein obtained
up to the moment at which the data were collected.

Then, to test the efficacy of our method, we first selected from this map a peptide of 22 amino acids contained
within the NTD domain of the Spike protein (50-71 amino acids in the surface glycoprotein in the NCBI Refer-
ence Sequence YP_009724390.1). We selected a 22-mer of the NTD domain since it has a length feasible to be
synthesized at high purity, it is an optimal length for loading onto DCs that admit epitopes lower than 30-mer*,
and because a 22-mer of Listeria monocytogenes has previously shown high immunogenicity as CV; as well as
effective protection®?. Next, we incorporated the peptide into DC-based vaccine vectors to explore the epitope
safety and immunogenicity, and to determine the type of peptide-induced immune response.

Finally, we performed a small proof of concept experiment in COVID-19-vaccinated volunteers and detected
high levels of neutralizing IgG COVID-19 antibodies against the NTD domain that indicated a protective
response.

Methods
Setting of the problem. Given two sets H and T of strings, called host strings and target strings, respec-
tively, and given a mapping w : T — IR, we say that a string s is a weighted A-superstring® if, for everyh € H,
the inequality >, o5 n1 W(t) > 4 holds, where CS(h, s) is the set of common substrings of # and s.

We solved in this work an instance of one of the combinatorial optimization problems settled in?": given a
fixed length, find a A-superstring with the maximum value of A.

Extraction of the sequences. The sequences were taken from two sources, the GenBank database?® and
GISAID® (using the sequences available up to March 4, 2020).

To search the GenBank database, the search term “Severe acute respiratory sindrome coronavuirus 2” AND
“Homo sapiens” was applied for a nucleotide search. The results of the search were saved as Coding Sequences
in the FASTA protein format to obtain information about the corresponding amino acids. Then, in the gener-
ated file, sequences corresponding to “surface” or to “spike” protein (which both refer to the same protein)
were selected.

To search GISAID, the term “Human” was selected in the host window and “complete” (>29000 bp) was also
selected to obtain only complete genomes in human hosts. Information about the surface protein was extracted
from the genomes using the GeneWise®” tool, by inserting the sequence of aminoacids corresponding to the sur-
face glycoprotein (YP_009724390.1) product in the reference genome (NC_045512.2) into the protein window.

Duplicated sequences were removed, as well as sequences containing ambiguous characters such as “X”, “B’,
27T <07 “U% 7 Y7 An anomalous short sequence of 35 amino acids was also discarded.

The resulting 22 sequences were taken as host strings, constituting the set H. The multiple alignment of the
sequences, obtained using BioEdit, can be found in Additional file 1.
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Weighting of the epitopes. The set T of target strings was taken to be the set of 9-tuples of elements of A
(where A is the set of 20 amino acids) that are contained in at least one host string and that correspond to resi-
dues 1 to 1208, located before the transmembrane domain®.

The weight w(s) associated to a target string (epitope) s was calculated is as follows:

(1) The estimation i(s) of the immunogenicity of s was calculated with the “T cell class I pMHC immunogenic-
ity predictor” of IEDB.

(2) 'Theset AI(s) of alleles of the HLA-I allele reference set with the “Peptide binding to MHC class I molecules”
tool of IEDB which pass the threshold was computed, and the number bI(s) = >, 41(s f (@) was calculated,
where f(a) is the estimated global frequency of allele a in “The Allele Frequency Net Database”

Next, the normalized families were computed as follows:

. i(s) —m o .
iN(s) = ———, where m; = mingeri(s) and M; = maxseri(s),
M,’ — mj
bI(s) —
bIn(s) = M, where my; = minserblI(s) and My = maxscrbl(s).
Mpr — mypy

Finally, the weight of epitope s was taken as

_ 3in(s) + bIN(s)

w(s) 1

The ponderation of the immunogenicity was taken to be larger than that of the binding affinity to favor the
former, taking into account that it is a deterministic estimation, while the latter is a probabilistic estimation based
on the frequencies of the most frequent alleles, and it does not cover exhaustively all possible alleles.

The target strings and weights can be found in Additional file 2.

Optimization with CPLEX. CPLEX Optimizer* was used with an Intel(R) Xeon(R) CPU E5-4620 v2 @
2.60 GHz Processor with 512 GB of RAM to solve the Integer Programming algorithm described previously *' to
maximize the value of A for a fixed length, with the set of host strings described in “Extraction of the sequences”
and the set of target strings and weights described in “Weighting of the epitopes”

The Integer Programming is founded in a graph theoretic formulation of the optimization problem based in
a generalization of the Traveling Salesman Problem.

Ranking the candidates with Vaxijen. The bioinformatics tool Vaxijen®® was used with each one of the
candidates obtained in the optimization with CPLEX. “Virus” was selected as the target organism. The over-
all prediction for the protective antigen was calculated for each sequence and those over the threshold of 0.4
established for this model were selected, which is the threshold of the highest accuracy value beyond which the
sequence is considered to be a probable antigen.

Peptides. The sequence of different peptides from the Spike protein of SARS-CoV-2 were confirmed accord-
ing to the published reference cryo-EM structure of the protein®®. The peptide comprising amino acids 50-71 of
the Spike protein with the sequence STQDLFLPFESNVTWFHAIHVS, which is contained in the NTD domain
(here designated as CoVPSA), as well as a non-related peptide of the same length selected from another patho-
gen unrelated to SARS-CoV-2, namely the Lmo 2459 virulence factor of L. monocytogenes, here referred as con-
trol peptide (CONT) with the sequence MTVKVGINGFGRIGRLAFRRIQ, or the RBD peptide of SARS-CoV2
Spike protein S1 from amino acids 330-530, were all synthesized by Genescript with a purity>99% by HPLC.

Preparation and safety of DC vaccines loaded with COVID-19 peptides. Bone-marrow-derived
DCs were obtained from femurs of 8-12-week-old female mice and were cultured at 2x 10° cells/mL in six-
well plates in Dulbecco’s Modified Eagle’s Medium (DMEM) supplemented with 20% fetal calf serum, 1 mM
glutamine, 1 mM nonessential amino acids, 50 ug/mL gentamicin, 30 pug/mL vancomycin (DMEM complete
medium), and 20 ng/mL granulocyte-macrophage colony-stimulating factor (GM-CSF). On Day 7, cells were
harvested and analyzed by fluorescence-activated cell sorting (FACS) to evaluate cell surface markers. Differenti-
ated DCs showed a phenotype of 98% CD11c"MHC-II*CD11b"*CD40"CD86" cells and were used in vivo for T
cell responses.

The safety of DC vaccines loaded with peptides was explored with two assays to assess cell viability and
apoptosis. Safety was considered optimal if the percentages of cell viability were higher than 95% and apoptosis
induction was no higher than 6%-7%. Cell viability was explored after DC incubation with synthesized peptides
at a concentration of 50 ug/mL for 16 hours, cells were then washed and stained with trypan blue. Results were
expressed as the percentage viability compared with non-treated DCs of triplicate experiments+ SD (P <0.05).
Apoptosis was measured after labeling with the DNA fluorescent intercalating probe 7-aminoactinomycin D
(7-AAD, BD Biosciences, San Jose, CA, USA) and cell surface analysis of the apoptotic marker, Annexin V con-
jugated with allophycocyanin (APC) fluorochrome, followed by incubation of DCs with peptides for 16 hours.
Staining of DCs with 7-AAD corresponded to normal cell death and staining of DCs with annexin-V alone
indicated the percentage of apoptotic cell death. The results were expressed as the mean +SD (P <0.05).
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T cell responses elicited by DC-vaccines loaded with COVID-19 peptides. For DTH analysis,
C57BL/6 mice that had been primed for 7 days intraperitoneally with COVID-19 peptides (50 pg/ml) were
inoculated into the left hind footpad with DC vaccines (10° cells/mouse) pre-loaded with COVID-19 peptide or
a control peptide protective against another unrelated infection (a 22-mer of the glyceraldehyde-3-phosphate-
dehydrogenase of L. monocytogenes)*>. DC vaccines were formulated in the presence of DIO-1 (2 pg/mL)*.
Negative controls were the right hind footpads, since they were not inoculated. After 48 hours, the footpad
thickness was measured with a caliper and the results were expressed in millimeters as the mean of three differ-
ent experiments. Next, the popliteal lymph nodes were collected and homogenized, and cell homogenates were
passed through cell strainers to analyze CD4* and CD8" T cells by flow cytometry. The results are expressed as
the percentage of positive cells+ SD.

Cytokine measurements. Cytokines in mice sera, DCs, or mouse DC supernatants were quantified using
multiparametric Luminex kits. In brief, interferon gamma (IFN-y), IL-2, IL-4, IL-6, IL-10, IL-12 (p70), IL-17A,
KC/CXCL1, MIP-2, and TNF-a levels in mice serum samples were quantified using the Luminex 200 platform
with a magnetic system (Milliplex MAP Mouse High Sensitivity T Cell Magnetic Bead Panel, EMD Millipore
Corporation, Billerica, MA, USA) following the manufacturer’s instructions. Cytokine concentrations are
expressed as the average of three replicates in pg/mL + SD. Similarly, cytokines in the human sera of COVID-19
patients, and vaccinated or control volunteers were quantified using the multiparametric Luminex kit (Milliplex
human 1xI HSTCMAG-28SK including the following cytokines: IFN-y, IL-10, IL-17A, IL-2, IL-4, IL-6, IL-8,
TNF-a, EMD Millipore Corporation) following the manufacturer s instructions.

ELISA measurements of antibodies. Neutralization COVID-19 IgG antibodies were measured with the
cPass™ kit from GenScript supplied by IES Medical (Leioa, Bizkaia, https://www.iesmedical.es) that measures
the percentage of antibodies able to neutralize the SARS-CoV-2 virus in human sera. Antibodies of IgG isotype
against the peptides RBD, CoVPSA, or CONT were assessed according to previously reported methods*. In
brief, ninety-six well plates were coated with the different peptides (RBD and CoVPSA from the Spike protein
and CONT from the Lmo2459 virulence factor) at a concentration of 50 pug/mL in carbonate buffer (pH 8.0) at
4°C overnight, and were then washed and incubated with 1 mg/mL of BSA (fraction V) for blocking non-spe-
cific sites. The sera of COVID-19 patients with non-active infection (four patients: COV-1: NAT, COV-2: MAR,
COV-3: AMA, COV-4: MABR), vaccinated volunteers with different COVID-19 vaccines (three with Pfizer
and one with Moderna) (four volunteers: VAC-1: HEC, VAC-2: DAV, VAC-3: CAR, VAC-4: EDU), and healthy
donors that were non-infected, non-vaccinated, and tested negative in a COVID-19 antigen test (four volunteers:
CONT-1: CAD, CONT-2: AND, CONT-3: VIC, CONT-4: EFG) were 1/10 diluted and peptide-coated plates
were incubated with the diluted sera for two hours at room temperature. Reactions were developed with goat
anti-human IgG and the absorbances analyzed at 450 nm and expressed as optical units (OD) from the mean val-
ues + SD of triplicate experiments (P <0.05). Only results with OD > 0.2 £0.01 were considered positive in Fig. 4.

Statistical analysis. For statistical analysis, the Student s ¢-test was applied to all mouse assays and ELISA
assays. All samples were evaluated in triplicate and experiments were performed at least three times. GraphPad
software was used for the generation of all graphs presented.

Ethics statement. This study was carried out in accordance with the Guide for the Care and Use of Labora-
tory Animals of the Spanish Ministry of Science, Research and Innovation. The Committee on the Ethics of Ani-
mal Experiments of the University of Cantabria approved the protocol (Permit number: PI-10-17) that follows
the Spanish legislation (RD 1201/2005). All surgeries were performed by cervical dislocation, and all efforts were
made to minimize animal suffering. For the human data from COVID-19 patients and vaccinated non-infected
donors, the study was approved by the Ethical Committee of Clinical Research of Cantabria at Instituto de
Investigacién Marqués de Valdecilla (Santander, Spain), reference number Acta 13/2021. All participants signed
the Informed Consent documents and received and Information Document about the project. These documents
are in the custody of physicians in accordance with Spanish Law (Ministry of Health). Similarly, for the use of
human data on sera from COVID-19 patients, vaccinated volunteers, and healthy donors, all participants signed
an Informed Consent form and received a General Project Information document, following approval from the
Committee of Clinical Ethics of Cantabria (CEm) entitled: Trained immunity in the design of COVID-19 nano-
vaccines (reference INNVAL20-01).

Results
As described in the “Methods” section, the problem of finding optimal weighted A-superstrings with a maximum
value of A for a given length that can serve as CV's against SARS-CoV-2 was solved using an Integer Programming
algorithm (Methods, “Optimization with CPLEX”). This algorithm was fed with three elements, the host string
set H, the target string set T and the weighting function w, obtained as follows:

First, the set H of host strings was taken as the 22 distinct sequences corresponding to the Surface protein of
SARS-COV-2 that appear in the Genbank® and GISAID* databases (Methods, “Extraction of the sequences”).

Next, we took as the set T  of target strings (i.e., as potential epitopes), the 9-mers contained in some of the 22
host strings in positions corresponding to residues before the transmembrane domain.

Then, we assessed the weights of the epitopes using a function w in which the estimation of their immuno-
genicities and the estimation of the binding affinity to HLA-I was taken into account (Methods, “Weighting of
the epitopes”).
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Figure 1. Scatterplot for \. The abscissa axis shows the length of the candidate peptides, the ordinate axis shows
the value of \.

Estimate Standard error | P-value

1 —-0.579005 0.0815211 1.08742 x 10711

x 0.446982 0.000495704 |1.07761 x 10~47!

Table 1. Inference for the intercept and slope constants.

Then, we used the algorithm to calculate a weighted A-superstring with maximum X for each length between
9 and 280. A scatterplot for the value of A as a function of the length of the CV is shown in Fig. 1. It can be well
fitted by a least square line with the regression line L = —0.579005 4 0.446982 - [, where [ is the length of the
candidate. The intercept and slope of the line were accurately determined, with a low standard error and a low
P-value, as shown in Table 1. The R-squared value of the fit was 0.999668, and the closeness of this value to
1 indicates a good fit. Thus, each one-unit increase in length is associated approximately with an increase of 0.4
in A all along the range from 9 to 280. Therefore, the map is robust and there is no significant loss in the A increase
per unit length in the considered interval of lengths.

Furthermore, we calculated the VaxiJen overall prediction for each CV (Methods, “Ranking the candidates
with Vaxijen”). These optimal weighted A-superstring, as well as the corresponding A values and VaxiJen predic-
tions, are shown in the table in Additional file 3. The threshold of 0.4 indicated in VaxiJen for the viral model
was surpassed by the candidates with lengths of 22,24,67,68,69,70, and 175, as well as those with a length of at
least 184 amino acids (candidates shown in green in the above-mentioned table).

Each A-superstring can be naturally divided as it constitutes a union of a small number of peptides located
in different regions of the protein. These peptides are enumerated, for each A-superstring, in the fourth column
of the table. When a peptide has some intersection with a domain of the protein, the domain is annotated next
to the peptide. For the A-superstrings with lengths from 176 to 183, the third peptide intersects two domains,
namely NTD and RBD, and for those with lengths from 237 to 247, the fourth peptide also intersects the same
two domains.

The two CVs with the maximum value in the VaxiJen overall predictions are shown in Table 2. The first CV
(22 amino acids in length) is contained in the NTD domain, and the second CV (277 amino acids in length) can
be divided, as previously described, as it originates a multipeptide of five peptides. In particular, the third and
fifth peptides intersect the NTD and RBD domains, respectively, making them appropriate targets for vaccine
development against SARS-CoV-2%.

We selected the first CV in Table 2 for further biological assays because it showed the maximum value in the
overall prediction in VaxiJen. This peptide STQDLFLPFESNVTWFHAIHVS is 22 amino acids in length, and is
contained in the NTD domain, therefore being a valid candidate antigen for vaccine development?”***, with
an overall prediction of 0.5545 in VaxiJen.

After analyzing our results computationally, we synthesized the 22-amino acid SARS-CoV-2-NTD pep-
tide (designated here as CoOVPSA) and performed in vivo experiments to test its immunogenicity and putative
efficiency.
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Length | Lambda | Prediction | Sequence
22 8.03 0.5545 1:STQDLFLPFFSNVTWFHAIHVS(NTD)

1:QSAPHGVVFLHVTYVPAQEKNFTTAPAICHDGKAHFPREGVFVSNGTHWEFVTQRN-
FYEPQIITTDNTFVSGNC(CD)
2:TEVPVAIHADQLTPTWRVYSTGSNVFQTRAGCLIGAEHVNNSYECDIPIGAGICASYQTQ
277 122.44 0.5190 3:DLFLPFFSNVTWFHAIHVSGTNGTKREDNPVLPFNDGVYFASTEKSNIIRGWIFGT-
TLDSK(NTD)

4. FLPFQQFGRDIADTTDAVRDPQTLEILDITPCSFGGVSVITPGTNTSN
5:FRVQPTESIVRFPNITNLCPFGEVENATRFASVYA(RBD)

Table 2. Optimal weighted A-superstring, A values, and VaxiJen overall prediction for the two candidate
vaccines with the maximum A value. Column 1, the number of amino acids in the CVs; column 2, the value
of \; column 3, the VaxiJen overall prediction for antigenicity; column 4, the peptides whose union forms the
\-superstring.

Condition* Cell viability® Apoptosis*
NT 99+0.3% 3+0.3%
CoVPSA 98+0.2% 4+0.2%
DC-peptide CONT 97+0.5% 4.5+0.4%

Table 3. Safety of DC vaccines loaded with COVID-19 peptides. *DC cells were incubated with 50 pg/mL

of peptides for 16 hours. ®Cell viability was explored after trypan blue staining and microscopy was used to
count viable (non-stained) and non-viable (blue stained) cells. Results are expressed as the percentage of viable
versus total cells (viable and non-viable cells). Apoptosis is detected after DC staining with the DNA marker
7-AAD-PE and the apoptotic marker Annexin-V-APC. Results show the percentage of apoptotic cells £ SD of
triplicate samples. All experiments were performed at least three times.

A first proof of concept was related with the immunogenicity of CoVPSA, and it was determined using a
previously described procedure® that evaluates the best immunogenic epitopes for preparing vaccines.

Safety was also examined by a cell viability assay after Trypan blue staining and apoptosis induction. Safety
for DC vaccine vectors is considered as a percentage of cell viability higher than 95% and apoptosis induction
lower than 7%-8%. Table 3 shows that DC vaccines loaded with CoVPSA peptides, or the unrelated bacterial
peptide used as negative control, presented 98%-99% cell viability and lower than 4%-5% apoptosis. Therefore,
we concluded that the DC vaccines loaded with peptides presented good safety profiles.

Next, we performed immunogenicity assays to measuring the DTH response of the vaccine vector. DCs
were loaded with the peptide, then, mice were primed for 7 days intraperitoneally with COVID-19 peptides and
then inoculated with the vaccine formulation (DC-CoVPSA) into the left hind footpads, with the non-inoculated
right hind footpads acting as basal controls. Forty-eight hours later, we measured the DTH response as the swell-
ing of the left hind footpads compared with the right hind footpads.

We also included empty DCs in these experiments and DCs loaded with a bacterial peptide unrelated to
SARS-CoV-2 but with high CV efficiency against the bacterial pathogen®’. Analysis of DTH responses (blue
bars in Fig. 2) indicated that DCs loaded with COVID-19 designed peptide (DC-CoVPSA bars) elicited sig-
nificantly stronger immune responses than DCs loaded with the control bacterial peptide (DC-CONT bars) or
empty DCs (DC labelled bars). This may be explained by the fact that mice primed and DC-vaccinated with the
same COVID-19 peptide produced high DTH responses, while mice primed and DC-vaccinated with different
peptides were not able to elicit significant DTH responses (DC-control in Fig. 3). Next, we collected the popliteal
lymph nodes and cultured them in vitro with 1 pg/mL of each peptide, CoVPSA, control peptide, or saline for
72 hours to examine the main immune cell populations by flow cytometry.

We observed that the highest percentages of immune cells corresponded to CD19* cells (25,63%) that usually
correspond to B cells, followed by MHC-II" cells (27, 45%) that usually label DCs and macrophages, next CD4*
T cells (10,39%) and CD8" T cells (14,61%).

The control peptide (CONT) produced no significant immune responses, as we observed only a small percent-
age of CD19" cells (5,3%) and moderate numbers of MHC-II* cells (13,5%) (DC-CONT bars in Fig. 2). Empty
DCs (DC bars in Fig. 2) induced no significant numbers of immune cells.

These results indicated the clear induction of immune cells by DC vaccines loaded with CoVPSA peptide, with
immune cells involved in antibody formation, such as B cells, DCs, and CD4* T cells, being stimulated. While
not predominant, cytotoxic immune responses caused by CD8" T cells were also induced by DC vaccines loaded
with CoVPSA peptide. These results were not surprising since CD4" and CD8" T cell epitopes are recovered from
patients with mild and severe COVID-19 that are specific for the Spike protein®’.

A second proof of concept was related with the production of cytokines, either anti-viral cytokines, such as
TNF-a, IFN-y, IL-2, KC, and IL-12, or acute Th2 cytokines, such as IL-4, IL-6, MIP-2, or IL-10. The COVID-19
cytokine storm observed in patients with severe disease correlates with high levels of TNF-a, IL-6, IL-4, and
IL-10, as well as with a clear deficiency in the production of IFN-related cytokines (i.e., IFN-a, I[FN-y, or IL-12)*.
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Figure 2. Immunogenicity of the CoVPSA peptide in vaccine platforms. The hind footpads of mice (C57BL/6,
n=>5) were inoculated with the DC vaccine (10° cells/mouse) loaded with different peptides (COVID-CoVPSA
or peptide control, CONT) or remained as empty DCs in formulations with the adjuvant DIO-1 (40 ng/mL).
After 48 hours, footpad swelling was measured with a caliper (dark blue bars) and expressed as the difference in
mm between left and right hind footpads. Results are the mean +SD of three different experiments (*P<0.05).
Popliteal lymph nodes were then isolated from the legs of the mice and after homogenization, immune cell
populations were analyzed by flow cytometry. The percentages of CD4* (red bars), CD8* T cells (green bars),
CD19 + (B cells, purple bars), and MHC-II + positive cells, mainly DCs or macrophages (light blue bars), are
shown. Results are expressed as the percentage of positive cells + SD of three different experiments (P <0.05).
Experiments were performed six times.
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Figure 3. Cytokine levels of mice inoculated with DC vaccine platforms. Cytokine levels were detected in the
sera of mice, as described in Fig. 2 , and were measured using a multiparametric Luminex kit from Merck.
Results are expressed as pg/mL of each cytokine + SD of triplicate samples (P<0.05). Asterisk: Levels of
cytokines should be multiplied tenfold. Double asterisk: Levels of cytokines should be divided twofold. Cytokine

experiments were performed five times.

Our results in Fig. 3 show that DCs loaded with CoVPSA peptide produced mainly Th1-Th7 cytokines, IL-12,
IL-17A, and IL-2. However, this DC-CoVPSA vaccine platform did not induce cytokines participating in the
COVID-19 cytokine storm, such as IL-6, IL-10, or TNF-a (bars labelled with DC-CoVPSA in Fig. 3).

Interestingly, DC-CoVPSA vaccines induced high levels of IFN-y (blue bars in Fig. 3) but barely detectable
levels of MIP-2, an inflammatory cytokine that recruits inflammatory macrophages (grey bars in Fig. 3). The lack
of significant levels of IL-4 (orange bars in Fig. 3) but high levels of IL-2 (red bars) strongly suggested the induc-
tion of Th1-Th17-type immune responses, but with no exacerbation of other cytokines, such as TFN-a or MIP-2.

In summary, the high levels of IFN-y and especially IL-12, involved in vaccine efficiency and anti-viral
responses, respectively, prompted us to suggest that CoVPSA peptide might function as an immunogenic epitope.
CoVPSA peptide might be a good candidate to prepare vaccine platforms that induce not only antibody produc-
tion but strong anti-viral T cell responses. We also confirmed these results in samples of human sera that served
as a third proof of concept of our vaccine design. We recruited four asymptomatic patients with non-active
COVID-19, four vaccinated volunteers (three with the Pfizer vaccine and one with the Moderna vaccine prepared
against the RBD region of Spike protein), and four healthy donors that were non-vaccinated and tested negative
in a COVID-19 antigen test. We collected blood from these 12 volunteers and compared the titers of different
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Human 2Percentages of bAnti- bAnti-RBD qL-17A
Samples neutral-RBD CoVPSA

COV-1 54% £0.4 0.38+0.05 0.1+0.01 0.14+0.01 #7,97£0.1 7.61%£0.2 1.66+0.1 *191.7+0.4 *25.29%0.2 *36.68 0.2
COV-2 70% * 0.6 0.31+0.04 0.04 £0.02 0.59 £0.02 #8.25+0.1 5.56+0.2 1.32+0.1 *76.7+0.2 8.15+0.1 *15.89+0.2
COV-3 95% 0.8 0.28 £ 0.02 0.08 £0.03 0.44+£0.03 #9.89+0.1 5.06+£0.1 240+0.1 *311.7%0.2 *105.5+0.3 *196.1+0.3
COovV-4 26% 0.4 1.01+0.04 0.10 £0.02 0.74£0.02 #6.40%0.1 3.52%0.1 1.29+0.1 *137.1104 *49.4+0.3 *182.25%0.3
VAC1 94% £ 0.7 0.28 £ 0.02 0.11£0.03 0.44 £0.02 22.0%0.2 15.01£0.2 4.42+0.1 17.65+0.2 3.10+0.1 6.30+0.1
VAC2 95% £ 0.6 0.37 £0.02 0.11+0.01 0.45+0.03 17.8+0.2 10.72+0.2 4.13+0.1 10.99+0.2 1.11+0.1 4.26+0.1
VAC3 95% 0.5 0.28+0.03 0.07 £0.01 0.37 £0.02 13.8+0.1 85%0.2 3.64%0.1 23.21+0.2 248+0.1 1.37+0.1
VAC4 95% £ 0.4 0.53£0.01 0.07 £0.01 0.34+0.2 11.21%0.2 5.33+0.2 2.55%0.1 10.90+0.2 0.69+0.1 1.31+0.1

CONT1 6% + 0.5 0.12+0.01 0.01 £0.02 0.08 £0.01 4.231+0.1 2.16+0.1 0.2+0.1 5.51%£0.1 04 0.1 21%0.1

CONT2 20% £0.7 0.16 £ 0.02 0.1+0.01 0.07 £0.02 8.50+0.2 25501 0.27 0.1 7.11%0.2 1.17+0.1 3.48+0.1

CONT3 25% 0.8 0.18+0.01 0.07 £0.03 0.04 £0.01 8.22+0.1 4.4310.1 0.12+0.1 6.23+0.1 2.99+0.1 7.4310.2

CONT4 24% 0.5 0.20 £ 0.02 0.02 £0.01 0.02+0.01 7.61%0.1 3.54+0.1 0.67 £0.1 5.97%0.1 231%0.1 4.4510.2

aNeutralization kit for RBD antibodies (IES Medical) expressed as percentages

bELISA peptide expressed as OD,g, > 0.2 + 0.01 (anti-CoVPSA, anti-CONT and anti-RBD)
Citokine concentrations expressed as pg/mL

*Cytokine storm concentrations

#FN-g low concentration

Figure 4. Correlation between neutralization IgG antibodies, anti-CoVPSA antibodies, and Th1-Th17
cytokines in COVID-19-vaccinated volunteers. The sera of 12 volunteers (four asymptomatic non-active
COVID-19 patients: COV-1, COV-2, COV-3, and COV-4; four vaccinated volunteers who tested negative

for SARS-CoV-2: VAC-1, VAC-2, and VAC-3 who received the Pfizer vaccine, and VAC-4 who received the
Moderna vaccine; four control donors who were unvaccinated and tested negative for SARS-CoV-2: CONT1,
CONT?2, CONT3, and CONT4) were tested for IgG neutralization antibodies (IES Medical kit, first column),
IgG anti-CoVPSA antibodies (second column), and IgG anti-RBD antibodies (third column). Reactions were
developed with goat anti-human IgG and the absorbances (OD) were analyzed at 450 nm. Results are expressed
as percentages of neutralization + SD (*column), or as the mean + SD of triplicate data.

IgG COVID-19 antibodies as follows: (i) IgG antibodies able to neutralize the virus (neutral-RBD column in
Fig. 4) were assessed by a neutralization antibody assay, (ii) anti-RBD antibodies that correspond to IgG anti-
bodies recognizing the whole Spike protein including the RBD region binding to the ACE2 receptor (anti-RBD
column), and (iii) anti-CoVPSA antibodies that reflect the IgG antibodies against our designed peptide in the
NTD region (anti-CoVPSA column). As expected, COVID-19 asymptomatic patients presented medium and
varied titers of IgG viral neutralization antibodies and low but significant levels of whole Spike protein anti-RBD
antibodies, as previously reported**~*¢. These COVID-19 patients also presented medium anti-CoVPSA IgG
antibody titers (compare columns 1, 2 and 4 of Fig. 4). Interestingly, volunteers vaccinated with mRNA vaccines
prepared against the RBD region of the Spike protein presented not only the highest titers of IgG viral neutrali-
zation antibodies that correlated with significant antibody titers against the RBD region*~*¢, but also significant
responses against the CoVPSA peptide. Analyses of the cytokine concentrations in the sera of these volunteers
indicated that COVID-19 patients presented a storm cytokine pattern with high levels of IL-4, IL-6 and IL-8 and
low or insignificant levels of IFN-y, as previously published*’. Interestingly, vaccinated volunteers presented
high levels of IFN-y as well as significant levels of IL-2 and IL-4. This indicates that mRNA vaccines induce good
antibody responses, as well as significant anti-viral cellular responses, as measured with neutralizing anti-RBD
antibodies, antibodies against other Spike protein regions, such as the NTD region, and high levels of anti-viral
cytokines, such as IFN-y, IL-17A and IL-2.

Discussion
In this work, we established a proof of concept for our computational vaccine design method using A-superstrings,
and we demonstrated the feasibility of this method to obtain effective CVs.

Unlike previous studies in the medical literature, we did not start from a single genome in our analysis, instead
we considered several genomes corresponding to different mutated versions. Furthermore, unlike most of the
vaccines currently developed, our candidate is a peptide vaccine that does not consider the entire Spike protein,
but rather a set of computationally selected overlapping epitopes.

In our study, we first found a map of CVs against SARS-CoV-2 targeted to the Spike protein, in which the
length of the candidates ranged from 9 to 280 amino acids. Then, we filtered the candidates of this map to those
considered protective antigens according to the VaxiJen bioinformatics tool, and finally synthesized the candi-
date peptide with the highest value from the overall prediction. This peptide was 22 amino acids in length and
comprised the sequence STQDLFLPFFSNVTWFHATIHVS, which is contained in the NTD domain of the protein.
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To experimentally validate the viability of the candidate, we performed several in vivo assays. The result of
these experiments was positive for the following reasons:

(1) The selected CV elicited a robust immune response in mice with Th1-Th17 pro-inflammatory features and
strong stimulation of cells involved in antibody production.

(2) 'The selected CV elicited the production of anti-viral cytokines. The cytokine profile obtained was adequate
because it mainly involved anti-viral cytokines IL-12, IL-17A, and IL-2, not cytokines participating in the
COVID-19 cytokine storm, such as IL-6 or IL-10.

(3) The DC vaccines loaded with peptides showed good safety profiles.

(4) mRNA vaccines recognizing the RBD region of Spike protein induce a wide anti-Spike protein immune
response, since we also observed significant levels of antibodies against other parts of the Spike protein,
such as the NTD region (the CoVPSA peptide).

(5) Antibodies against the selected CV peptide, COVPSA, were detected at good titers in COVID-19 patients,
although the profiles varied (COV-4 patient was a good responder, whereas COV-1, COV-2 and COV-3
patients were medium responders, column 2 in Fig. 4). Interestingly, the vaccinated group that was inocu-
lated with the RBD antigen (RNA against the SARS-CoV-2 RBD region) and not with the CoVPSA anti-
gen, also presented significant levels of antibodies to anti-CoVPSA antigen (VAC-4 volunteer was a good
responder, whereas VAC-1, VAC-2 and VAC-3 volunteers were medium responders, column 2 in Fig. 4).
This supported the conclusion that CoOVPSA might be a relevant antigen to incorporate in COVID-19
vaccines to induce high levels of anti-viral cytokines, such as IFN-y, IL-17A, and IL-2.

(6) COVID-19-vaccinated volunteers presented high titers of anti-COVID-19 neutralization antibodies, var-
ied responses to all regions of the Spike protein (RBD or NTD (CoVPSA peptide) regions), and anti-viral
Th1-Th17 cytokines. These three features are characteristic of efficient vaccines.

Taken together, these results confirm the use of A-superstrings as an effective means of detecting feasible
vaccines against SARS-CoV-2.

It is worth noting that we also showed that peptides targeting the NTD region of the Spike protein, which
were already known to be a good target for antibodies**=’, can also induce potent cellular immunity. However,
our techniques selected specific parts of the NTD region based on our combinatorial optimization method that
considers all of the generated variants at once, and not the complete NTD region. Moreover, the selection of this
area was not premeditated, but the respective weights of the peptides and the consideration of the whole virus
variant directed the algorithm to choose epitopes in that region.

In future studies, it would be worthwhile testing the second CV in Table 2, which is a multipeptide, and
also the other CVs indicated in green in Additional file 3, which are those that pass the threshold established
in VaxiJen to be considered as probable antigens. This would increase the range of potentially effective vaccines
against SARS-CoV-2 that would cover a high percentage of the population. The uncertainty surrounding the
future effectiveness of currently available vaccines means that such endeavors may prove valuable.

In summary, we have proven that our methodology for designing CV's that utilizes A-superstrings represents
an efficient alternative approach to peptide-based vaccine design for SARS-CoV-2. This may aid the design of
further safe and efficient COVID-19 vaccines in the near future.

Data availability
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Abstract. In the last few years, the importance of neoepitopes for the devel-
opment of personalized antitumor vaccines has increased remarkably. This kind
of epitopes are considered to generate a strong immune reaction, while their
non-mutated version, which sometimes differs only in a single amino-acid, does
not generate a response at all. In order to study if, regardless the immune
tolerance, neoepitopes are quantitatively more immunogenic than the original
strings, we have obtained samples of mutated and non-mutated epitopes of six
patients with cutaneous melanoma in different stages, and then we have com-
pared them. More precisely, we have used several bioinformatic tools to study
certain properties of the epitopes such as the HLA binding affinity of classes I
and II, and found that some of them are in fact increased in their mutated
versions, which supports the hypothesis, and also reinforces the use of
neoepitopes for cancer vaccine design.

Keywords: Neoepitope + Vaccine design - Bioinformatics -+ HLA
immunogenicity

1 Introduction

In the last few years, personalized antitumoral vaccination has been increasingly
proposed as a novel and encouraging approach to treat several types of cancers [1-4].
The main reasons for choosing personalized vaccination against cancer cells is that, on
one hand, tumors contain a large amount of mutations, and on the other hand, it is that
in a patient’s tumor, approximately 95% of the mutations seem to be unique to that
tumor [5]. Therefore, these mutations make ideal oncological targets for efficiently
targeting individual tumors [6], and more precisely, for personalized vaccination.

© Springer Nature Switzerland AG 2020
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Nevertheless, even if the amount of mutations in tumors is considerable, in order to
make an effective vaccine, first we need to distinguish between the mutations that only
appear in the tumor, and the ones that happen in the rest of our non-oncogenic cells.
Here is where we introduce the concept of neoepitope, which is a class of peptide
which bounds to the Major Histocompatibility Complex (MHC, that in humans was
denoted as HLA, referring to Human Leucocytic Antigen) and emerges from tumor-
specific mutations [7]. This kind of epitopes have not been encountered before by the
immune system, and as a consequence, the system will not apply the tolerance
mechanisms against them [8].

However, even if targeting neoepitopes has resulted in clinical benefits [9, 10],
when we consider the whole mutation spectrum of a tumor (known as mutanome), the
amount of potential neoepitopes is too vast, and if we pick them blindly when we
develop our vaccine, there is no guarantee of obtaining a highly immunogenic
response. Generating an immune response against a mutated peptide depends directly
on the capacity of the patient’s HLA to bind the neoepitope and present it to lym-
phocytes [11], and therefore, selecting those epitopes which will bind more effectively
the cells of the immune system seems like a reasonable first criterion.

In order to do this, and since the individual evaluation of every neoepitope in a
tumor is too expensive in both time and cost, there have been developed several
bioinformatic tools for in silico prediction of immunogenicity, HLA-1 and HLA-2
binding affinity, TAP transport, etc. [12—14]. These tools have been widely used to
identify potential epitopes [15], but as a consequence an inevitable question arises:
since a mutated peptide is capable of generating a strong immune response while their
non-mutated version, which sometimes differs only in a single amino-acid (aa), does
not generate a response at all, are these tools capable of quantitatively detect these
differences? Or in other words, is it true that mutated versions of peptides are more
immunogenic than the non-mutated ones, according to bioinformatic tools?

With the aim of giving response to this question, first, we have experimentally
sequenced part of the mutanome of six patients affected with cutaneous melanoma.
Cutaneous melanoma is a type of skin cancer that is located in the epidermis, and it
arises from the pigment-containing cells known as melanocytes [16]. In Spain, the
percentage of cases yearly increases by 7%, and happens more often in women (cor-
responding to the 2.7% of the cancers) than in men (where it represents the 1.5% of the
male cancers). More importantly, besides being considered very invasive, and meta-
static [17], this kind of cancer presents a lot of mutations, which makes it a good
candidate for addressing our problem.
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Secondly, after identifying the amino-acid sequence of the peptide corresponding to
the detected DNA mutations, we have studied the predicted HLA binding affinity of
classes I and II with the IEDB predicting tool [13] of the total of 152 potential
neoepitopes, and their respective non-mutated versions.

Finally, we have compared both groups and our results have indicated that bioin-
formatic tools support the hypothesis indicating that neoepitopes are more immuno-
genic than the original strings, which as a consequence reinforces the use of
neoepitopes for cancer vaccine design.

2 Methodology

In order to analyze in silico characteristics of potential neoepitopes, the first step was to
obtain tumor samples of patients with cutaneous melanoma. Tumor biopsies of six
patients from Cruces University Hospital and Basurto Hospital (Spain) were obtained,
and sequenced. With the objective of obtaining sufficient mutational diversity (and
therefore an advanced stage of tumor development), but also a heterogeneous staging
sample (where different severities of tumor could be analyzed), we selected cases with
several cancer stages, but without metastasis. Particularly, the stage of the studied cases
was: one IB (up to 2 mm thick without ulceration), one ITA (from 1 to 2 mm thick with
ulceration or from 2.01 to 4 mm thick without ulceration), two IIB (from 2.01 to 4 mm
thick with ulceration or greater than 4 mm thick without ulceration), and two IIC
(greater than 4 mm thick with ulceration) [18].

Next, since performing an analysis of the whole mutanome of patients was out of
our scope, we targeted the regions with most variability in this kind of cancer, which is
related to the regions which codify proteins such as BRAF, NRAS, MAP2K1 or
MAP2K2 [19, 20]. In order to select only the mutations appearing in the tumor and
discard the ones derived as mistakes of normal cellular division (and present in non-
oncogenic cells), we also sequenced regular blood cells and studied their mutations,
and afterwards, we only kept as mutation candidates the ones appearing solely in the
tumor.

Once mutations that potentially could originate neoepitopes were detected, the next
step was to define the length of the neoepitopes that we were going to consider, or in
other words, the amount of amino-acids around the mutated base (and its respective
amino-acid). There are several approaches regarding this issue, for example, Sharin
et al. [3] used 27-mer peptides with the mutation in the center (i.e., in the 14™ position),
while Ott et al. [21] used variable lengths, ranging from 15 to 30, but maintaining the
mutation in the center. One reason to maintain the mutation in the center and these
range of lengths, is that class I MHC usually fit epitopes of 8-9-mer lengths while class
I MHC attach epitopes of 12-15-mer lengths, and regardless the processing of the
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antigens presented by the Antigen Presenting Cells (APC) such as dendritic cells or
macrophages [22], the mutation will likely be included in one of the presented peptides.
In our case, we considered epitopes of length 17, with the mutation in the 8™ amino-
acid. This way, on one hand, if we perform a sliding window for peptides with length 9
(which has been used traditionally as standard length for HLA-I restricted T-cell epi-
topes [23]), the mutation will be included in all of them. On the other hand, this length
is long enough to allow us to estimate computationally the HLA-II binding affinity.

After fixing the potential neoepitopes, and in order to evaluate the binding affinity
of both classes, since HLA complexes are highly polymorphic and vary from each
patient, we also sequenced the genes responsible for coding the MHC, which are
located in the 6™ chromosome [24], and identified the allele variants corresponding to
each patient. In Tables 1 and 2, we depict, divided by patient, the obtained HLA alleles
of class I and II respectively.

Table 1. In the first row, the patient number; in the second, the first or second allele (one
obtained from the father and the other one from the mother); in the rest of the rows, the respective
class I HLLA alleles: HLA-A, HLA-B and HLA-C.

H | 1% Patient | 2" Patient | 3" Patient | 4™ Patient | 5™ Patient | 6™ Patient
L lst 2nd 1st 2nd lst 2nd 1 st 2nd lst 2nd lst 2nd

A | 01: | 02: | 02: | 32: | 24: | 32: | 02: 11: | 24: | 24: | 03: | 26:
01: | O1: | O1: | O1: | 02: | O1: | O1: | O1: | 02: | 02: | O1: | OI:
01 01 01 01 01 01 01 01 01 01 01 01

01: | 27: 11: | O1: | 02: | Ol: | O5: | O1: | O1: | O1: | 02: | Ol:
01 01 01 01 01 01 02 02 01 03 01 01

01: | 04: | 02: | O1: | 02: | 02: | 02: | 04: | 04: | O1: | 02: | 02:
01 01 02 01 01 01 01 01 01 01 02 01

Finally, we estimated the MHC class I and II binding affinity predictions with the
respective tools of the Immune Epitope Database Analysis Resource [13]. The pre-
diction method used was “IEDB recommended 2.22”, the selected species “human”,
and in length, for class I prediction we selected “all lengths” (which ranged from 8 to
14), while for class II we selected “default”, (which fixed the epitope length to 15).
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Table 2. In the first row, the patient number; in the second, the first or second allele (one
obtained from the father and the other one from the mother); in the rest of the rows, the respective
class II HLA alleles: HLA-DPA1, HLA-DPB1, HLA-DQAI1, HLA-DQB1, HLA-DRB1, HLA-
DRB3, HLA-DRB4 and HLA-DRBS5.

H | 1% Patient | 2" Patient | 3" Patient | 4" Patient | 5% Patient | 6" Patient
L 1 st 2nd 1 st 2nd 1 st 2nd 1 st 2nd 1 st 2nd 1 st 2nd
A-

II

D | 01: | 02: | O1: | O1: | O1: | O1: | O1: | O1: | O1: | O1: | O1: | 02:
P | 03: | O1: | 03: | 03: | 03: | 03: | 03: | 03: | 03: | 03: | 03: | Ol:
A | 01 01 01 01 01 01 01 01 01 01 01 01
1

D | 02: | 14: | 02: | 04: - -- 04: | 06: | 04: | 04: | 02: | 11:
P 01: | O1: { O1: | O1: | :01: | :01: | O1: | O1: | O1: | O1: | O1: | OI:
Bl | 02 01 02 01 -- -- 01 -- 01 01 02 01
D | 01: | O1: | O1: | O5: | O1: | O1: | 03: | 04: | O1: | 04: | O1: | O5:
Q | 02: | 04: | 02: | 05: | 02: | 03: | Ol: | O1: | O1: | O1: | 03: | 0O5:
A | 02 01 01 01 01 01 01 01 01 01 01 01
1

D | 05 05 03 06 06 06: | 03: | 04 04 05 03 06
Q | 02 03 01 02 02 03: | 02: | 02 02 01 01 03
B1 | 01 01 01 01 01 01 01 01 01 01 01 01
D | 16 14 15 11 15: | 13: | 08 04 01 08 -- --
R | 01 54 01 04 01: | 01: | 01 04 01 02 -- -
Bl | 01 01 01 01 01 01 -- 01 01 01 -- --
D | 02 -- 02 -- o1: | -- -- -- -- -- 01 01
R | 02 -- 02 - 01: | -- -- -- -- - 01 01
B3 | 01 -- 01 -- 02 -- -- -- -- -- 02 02
D -- -- - - - -- 01: | 01 -- -- - -
R -- -- - - - - 03: | 03 -- - - --
B4 | -- -- -- -- -- -- 01 01 -- -- -- --
D | 02 -- or: | -- 01 - -- -- -- - - -
R | 02 -- or1: | -- 01 -- -- -- -- -- -- --
B5 | -- - 01 - 01 - -- -- -- - - --

3 Results

In order to compare the MHC binding affinity (correlated to the generated immune
response [25]) of potential neoepitopes and their non-mutated version, we estimated the
MHC class I and II binding affinity using the bioinformatic tools offered by IEDB [13]
described in Methods section. After obtaining the estimations, following the recom-
mendations from IEDB, we used the “percentile rank” variable to filter the potential
binders from the ones that predictably would not be good binders. To cover most of the
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immune responses, IEDB recommends to select the strings with “percentile rank™ of
< 1% for MHC class I [26, 27], while for MHC class II the recommended “‘percentile
rank” would be <10%. In Table 3, we depict the number of potential HLA-I and
HLA-II binders, divided by patients, while in Fig. 1, we illustrate the distribution of
these values in a box plot.

Table 3. Number of possible epitopes according to their predicted binding affinity, with
“percentile rank” < 1% for MHC-I and <10% for MHC-II, for both mutated (M) and non-
mutated (NM) versions.

1 patient | 2™ patient | 3" patient | 4™ patient | 5™ patient | 6™ patient
HLA-I M 57 88 8 121 20 26
HLA-I NM |49 70 4 114 20 30
HLA-IIM |51 229 26 144 47 21
HLA-II NM |45 193 22 118 33 22
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Fig. 1. Box plot of the number of peptides that pass the threshold. Box plot illustrating the
distributions of the number of peptides that passed the respective cutoft points ( < 1% for HLA-I
and < 10% for HLA-II binding affinity). M indicates mutated peptides, while NM references the
non-mutated ones. The maroon boxes represent the distribution of the central 50% of the values
and the red lines represent the medians. The rest of the values are represented by the arms. (Color
figure online)
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Before studying the main hypothesis, we analyzed the relative percentages of each
group. In the case of mutated peptides which would potentially bind HLA-I molecules,
the average * standard deviation was 0.69% =+ 0.31%, ranging from 0.27% to 0.98%;
for their non-mutated version, the results were 0.65% =+ 0.36%, ranging from 0.14% to
1.13%; when HLA-II was analyzed, the mutated peptides were the 15.24% =+ 2.96%,
ranging from 10.63% to 19.88%; and finally the non-mutated ones were the
13.02% =+ 2.93%, ranging from 9.38% to 16.75%.

Next, to verify the work hypothesis, i.e., to answer if is it true that the mutated
versions of peptides are more immunogenic than the non-mutated ones, we performed
two comparisons:

1. The first, studying if the number of predicted HLA-I mutated peptides is greater
than the non-mutated amount.

2. The second, studying if the number of predicted HLA-II mutated peptides is greater
than the non-mutated amount.

To make these comparisons, first we need to study if our variables are normally
distributed. The p-values of the normality tests were 0.837, 0.978, 0.43 and 0.476, for
HLA-I mutated, HLA-I non-mutated, HLA-II mutated and HLA-II non-mutated,
respectively. Thus, normality was accepted in all cases, and we performed a paired T-
test for each HLA couple.

Being the first null hypothesis that the difference between the average of mutated
potential epitopes minus the average of non-mutated was greater than or equal to 0,
with a significance of 5%, the p-value was 0.068, the confidence interval
Clgfg 4, = (=0.74,00), and the t-statistic 1.78. Therefore, according to this data, no
significant differences were found between the amount of mutated and non-mutated
potential HLA-I peptides.

Finally, we performed the same comparison for the number of HLA-II peptides. In

this case, the p-value was 0.03, the confidence interval CI)®2 = (2.44,00), and the
t-statistic 2.43. Thus, we can conclude that mutated versions of peptides will bind

significantly better to HLA-II molecules than non-mutated ones.

4 Discussion

In this work, for the first time, we have performed the comparison between potential
neoepitopes and the corresponding peptides without the mutation, in experimental data
obtained from six patients suffering from cutaneous melanoma in diverse stages (IB,
IIA, IIB and IIC). To perform such study, we started sequencing both tumor and blood
cells, selecting only mutations that happened in the tumor, and next, we identified the
amino-acid sequence that surrounds the mutations, which gave us possible neoepitopes,
for which we set the maximum length to 17aa. Then, we estimated the binding affinity
for HLA classes I and II with the bioinformatic tools provided by IEDB, and for each
case, enumerated the ones below the significance threshold.

Our results indicated that, even if the number of mutated strings (i.e., potential
neoepitopes) presented higher binding affinity in almost every case, the difference was
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not significant when we compared HLA-I binding affinity (p-value: 0.068), while in the
case of HLA-II, the number of mutated vs non-mutated was significantly bigger (p-
value: 0.03). Thus, we consider that this study answers, at least partially, the question
raised by the medical community, which considered that mutated versions of peptides
are more immunogenic than the non-mutated ones.

However, we want to acknowledge that our sample size is relatively small (n = 6),
and since the differences between the number of possible HLA binders are also small,
we hypothesize that increasing the sample size would lead to more significance in the
results, and even also to difference between HLA-I binding mutated and non-mutated
candidates.

In summary, here, we have performed a comparison between potential neoepitopes
and their respective original peptides, and found that the mutated ones have signifi-
cantly more HLA-II binding affinity, which supports the hypothesis indicating that
mutated strings are indeed more immunogenic than their more common versions.
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