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RESUMEN 
El cáncer sigue siendo uno de los principales problemas de salud pública en el mundo, que afecta a 
un gran número de personas de cualquier edad. El término cáncer, comprende un grupo de 
enfermedades cuyo número de personas afectadas y muertas, aumenta cada año. Este grupo de 
enfermedades comparten un comportamiento en donde se da una división anormal de las células 
afectadas que tienen la capacidad de diseminarse y eventualmente llegar a lugares distantes dentro 
del cuerpo (proceso denominado metástasis). Además, presentan características similares entre ellas, 
por ejemplo: una independencia de factores del crecimiento, alargamiento de los telómeros, evasión 
de la muerte celular, evasión de la respuesta inmune entre otras. En el presente trabajo se usaron 
distintas estrategias y enfoques teóricos, aplicados a una serie de datos de expresión de genes de 
pacientes afectados por estas enfermedades, los cuales fueron obtenidos de distintas bases de datos y 
se encuentran públicos en sus respectivos repositorios.  El trabajo de investigación se enfocó 
principalmente en cuatro tipos de cáncer, dentro de los cuales se incluyen: El hepatocarcinoma, el 
carcinoma de células escamosas de pulmón, el cáncer de páncreas y el melanoma. Cada uno de estos 
tienen una gran relevancia dado la mortalidad y número de pacientes afectados. El análisis permitió 
encontrar y proponer distintos conjuntos de genes dentro de cada uno de estos, que teóricamente 
pueden tener una gran relevancia dada la función biológica que tienen los productos de estos. También 
se propuso un nuevo término conceptual, cuya finalidad es apoyar para una mejor interpretación del 
análisis de redes cuyo origen es biológico y que en este trabajo logró fungir como un filtro adicional 
para determinar genes cuya importancia fuera relevante en el desarrollo del carcinoma de células 
escamosas de pulmón. 
 
ABSTRACT 
Cancer is one of the main public health problems in the world since it affects many people of any 
age; the word cancer refers to a group of diseases whose numbers of affected and death people 
increase every year. This group of diseases share a behavior where there is an abnormal division of 
the affected cells that have the ability to spread and eventually reach distant places within the body. 
In addition, they have similar characteristics among them, for example, an independence of growth 
factors, telomere elongation, avoidance of cell death, evasion of the immune response, among others. 
In this work, different strategies and theoretical approaches have been applied to a series of gene 
expression data from patients affected by these diseases, which were obtained from different 
databases and are publicly available in their respective repositories. The focus has been mainly on 
four types of cancer, including: hepatocarcinoma, squamous cell carcinoma of the lung, pancreatic 
cancer, and melanoma. Each of these are highly relevant given the mortality and number of affected 
patients. The Analysis found and proposed different sets of genes that theoretically have great 
relevance given their biological function that the products of these have. We propose a new 
conceptual term whose purpose is to support a better interpretation of the analysis of networks whose 
origin is biological. In this work we used it as an additional filter to unveil genes which importance 
are relevant for the squamous cell carcinoma of the lung development.  
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INTRODUCCIÓN GENERAL 
 
El cáncer es uno de los principales problemas de salud pública de la humanidad. La Organización 
Mundial de la Salud (OMS), menciona que el cáncer es la segunda causa de muertes a nivel mundial. 
Cifras mostradas por la OMS en 2018 le atribuyen 9.6 millones de muertes. En México el cáncer es 
considerada la tercera causa de muerte (El Cáncer En El Mundo y México, s/f). 

En estados Unidos, el Instituto Nacional del Cáncer (NCI, por sus siglas en inglés), define al 
cáncer de la siguiente manera: “Un grupo de enfermedades relacionadas en donde algunas de las 
células del cuerpo presentan una división anormal sin detenerse la cual llega a diseminarse en los 
tejidos adyacentes” (What Is Cancer?, s/f). Típicamente, hay una mayor tasa de división, una 
desregulación en el crecimiento y tiene la capacidad de diseminarse a los tejidos circundantes y, 
finalmente, a los tejidos distantes. (What Is Cancer?, s/f; WHO | Cancer, s/f). A través del tiempo 
gracias a las diversas investigaciones realizadas se han logrado develar una serie de características y 
procesos denominados “hallmarks” (palabra en inglés cuyo significado en español es “sellos”) que 
comparten esta serie de enfermedades denominadas como cáncer. Los llamados hallmarks del cáncer, 
son considerados como pilares fundamentales para el desarrollo de esta enfermedad los cuales a su 
vez han sido utilizados para el desarrollo de estrategias farmacéuticas para el tratamiento. Seis 
hallmarks son los que en un inicio fueron contemplados y son los siguientes: proliferación sostenida, 
evasión de los supresores del crecimiento, invasión y metástasis, inmortalidad replicativa, 
angiogénesis y resistencia a la muerte celular. Adicionalmente se han propuesto dos nuevos 
hallmarks: desregulación del metabolismo celular, evasión de la eliminación por el sistema inmune, 
inestabilidad genómica y la inflamación promotora del tumor (Hanahan & Weinberg, 2011). Cada 
uno de estos hallmarks involucran una serie de vías y procesos biológicos, que en conjunto permiten 
el desarrollo y eventual diseminación de la enfermedad en un organismo. Las distintas maneras que 
aborda la investigación, para esta serie de enfermedades, han sido experimentales, sin embargo, con 
el advenimiento de la era informática, genómica y el avance científico y tecnológico en distintas áreas 
del conocimiento, una nueva serie de herramientas y estrategias se han ido incorporando de manera 
gradual para el apoyo en la investigación. Una de las nuevas ramas de la ciencia, que se crearon con 
dichos avances, fue la biología de sistemas la cual es una rama de la ciencia que integra técnicas de 
las matemáticas, física, química, ciencia de la computación, ingeniería y teoría de la información para 
modelar diversos fenómenos biológicos desde un punto de vista integral. El objetivo de la biología 
de sistemas es el entendimiento de un sistema biológico a través de modelos matemáticos y 
computacionales. Para el estudio de este sistema compuesto, es necesaria la identificación de las 
diversas interacciones entre los componentes del sistema; para cumplir dicho propósito la teoría de 
redes es una pieza fundamental (Marcus, 2008; Singh & Dhar, 2015). Las propiedades de las redes 
pueden ser modeladas y analizadas usando métodos computacionales, sin embargo, estos son 
indiferentes hacia lo que representan los nodos y las conexiones. Existen diversas mediciones 
estadísticas que permiten la comparación y caracterización de las redes complejas. Es posible 
determinar las implicaciones biológicas de la estructura de una red, la posible conexión entre el rol 
de una proteína dentro de la red y su importancia biológica como una medida de su esencialidad en 
la supervivencia de un organismo (Dehmer, 2011). Para esto último, es necesario un conocimiento y 
un dominio específico de la naturaleza, de lo que representan los nodos y las uniones entre estos 
(Ghasemi et al., 2014; Prokop & Csukás, 2013; Raman, 2010). Muchos de estos sistemas biológicos 
considerados como complejos, exhiben umbrales críticos (puntos de inflexión) en los cuáles la 
dinámica cambia abruptamente de un estado a otro. Ejemplos en medicina son: las fallas sistémicas 
espontáneas como los ataques de asma o las crisis epilépticas en donde se puede detectar un cambio 
súbito en la varianza de las señales obtenidas desde un electroencefalograma antes de que suceda un 
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episodio. Existen diversos sucesos que pueden ocurrir en una gran clase de sistemas conforme se 
aproximan a un punto crítico, y que son independientes de los detalles de cada sistema. Un ingrediente 
básico para un punto de inflexión es una retroalimentación positiva, esto quiere decir, que una vez 
que se ha alcanzado un punto crítico, éste impulsa el cambio hacia un estado alternativo (M. Scheffer 
et al., 2012; Marten Scheffer et al., 2009). Una red, tiene dos componentes básicos: nodos; los cuales 
pueden representar a un gen o una proteína, y las líneas que los unen, llamadas uniones, aristas o 
arcos, las cuales representan las interacciones entre los nodos (Dehmer, 2011). En la mayoría de las 
redes existen nodos que son más importantes o influyentes que otros. Dicha importancia puede ser 
cuantificada usando las medidas de centralidad u otras métricas (Borgatti, 2005; Ghasemi et al., 2014; 
Singh & Dhar, 2015). En el cáncer, el uso de redes ha permitido mejorar la comprensión de distintas 
vías moleculares, la relación entre distintos componentes de estas, y el proponer posibles usos para 
los hallazgos encontrados. Una de las medidas que ha resultado de utilidad en el análisis de redes en 
cáncer ha sido la entropía de la información, cuya definición conceptual proviene de la teoría de la 
información  y la cual está relacionada al concepto de entropía en mecánica estadística (Cover & 
Thomas, 2006). La entropía puede definirse: como la auto-información de una variable aleatoria, una 
medida de la incertidumbre promedio de una sola variable en bits, el número de bits en promedio que 
se requieren para describir a una variable aleatoria o el número de preguntas necesarias para 
identificar a una variable (Cover & Thomas, 2006). Algunos de los trabajos que fungen como un 
antecedente a lo realizado en las publicaciones que se muestran en este trabajo, y en donde se 
utilizaron redes para el estudio del cáncer son: 1) un trabajo en donde al usar redes de vías 
desreguladas en cáncer, se relacionó la tasa de sobrevivencia en distintos tipos de cáncer con la 
entropía resultante del análisis de las redes de alteraciones moleculares correspondientes a cada 
cáncer. Se observó, que la entropía disminuye cuando aumenta la probabilidad de sobrevivencia a 5 
años (Breitkreutz et al., 2012). Adicionalmente, usando una métrica conocida como Intermediación, 
propuso posibles blancos terapéuticos (Breitkreutz et al., 2012). 2) En otro estudio más reciente, se 
logró identificar señales de alerta temprana en las transiciones críticas durante el progreso de una 
enfermedad (sano-enfermo), usando datos de alto rendimiento del transcriptoma. En dicho estudio se 
observó un punto de inflexión (Tipping point), en el cual la entropía local de la red estudiada 
disminuye y es en esta fase donde se identificó un grupo de proteínas conocidas como red dinámica 
de biomarcadores (DNB, por sus siglas en inglés), los cuales son propuestos como los principales 
actores dentro de la estructura total de la red, dado que en estos nodos es donde existe una mayor 
disminución en la medida de entropía (Liu et al., 2012, 2012; Marten Scheffer et al., 2009). 3) En 
2014, un grupo de investigadores propuso una medición la cual denominaron signalling entropy, 
como un enfoque capaz de analizar e interpretar datos ómicos, cuyo resultado permitió la 
discriminación de diferentes células dependiendo de su estado potencial de diferenciación en cáncer. 
Así como una relación entre esta medida y la resistencia de estas células a terapias (Teschendorff 
et al., 2014). 4) En otro trabajo de investigación al realizar un análisis de la Leucemia Mieloide 
Crónica aplicando el cálculo de la entropía, permitió separar diferentes estadios de progreso en la 
enfermedad (Brehme et al., 2016). 

En el presente trabajo se ha dado uso de distintas estrategias y enfoques teóricos, aplicados a 
una serie de datos de distintas bases de datos, los cuales fueron obtenidos de manera experimental y 
se encuentran públicos en sus respectivos repositorios.  El trabajo se ha enfocado en cuatro tipos de 
cáncer: 1) el carcinoma hepatocelular (HCC); es el tipo más común de cáncer primario de hígado. En 
2018, datos del GLOBOCAN, muestran que este cáncer es la cuarta causa más común de muertes 
relacionadas al cáncer (Bray et al., 2018; Raza, 2014; Waller et al., 2015). La detección temprana, 
tiene un beneficio en la supervivencia del paciente. Sin embargo, el diagnóstico en la mayoría de las 
ocasiones se realiza en estadios avanzados (Balogh et al., 2016). El mejor tratamiento es el trasplante 
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de hígado; este tratamiento tiene una recurrencia entre el 10-20% (Waller, 2015). 2) El cáncer de 
páncreas; es uno de los tipos de cáncer más letales. En 2018, fue reportado como la séptima causa 
más frecuente de muertes relacionadas con el cáncer y cuya incidencia es cada vez mayor en países 
como: Estados Unidos de América, Nueva Zelanda y Europa (Bray et al., 2018). Algunas de las 
condiciones que se consideran incrementan el riesgo para desarrollar esta enfermedad son: fumar, la 
pancreatitis crónica, obesidad, diabetes y un historial familiar de parientes con cáncer de páncreas. 
En muchos casos el diagnóstico es realizado en los estadios más avanzados de la enfermedad. Sin 
embargo, cuando el diagnóstico es realizado en las etapas tempranas, la cirugía es el mejor tratamiento 
y cuando esta no es posible o se diagnóstica en los estadios más avanzados se usa quimioterapia y/o 
radiación (Moore & Donahue, 2019). 3) El carcinoma de células escamosas de pulmón (Squamous 
cell carcinoma of the lung); es un tipo de cáncer de pulmón que representa aproximadamente el 30% 
de todos los casos de este tipo de cáncer. El cáncer de pulmón hasta 2018, era el tipo de cáncer con 
más nuevos casos y muertes en todo el mundo (Bray et al., 2018); usualmente se clasifica en dos 
grandes grupos al cáncer de pulmón: el primero es como cáncer de pulmón de células pequeñas y el 
segundo es como cáncer de pulmón de células no pequeñas (NSCLC, por sus siglas en inglés). El 
NSCLC representa el 85% de todos los cánceres de pulmón (Gridelli et al., 2015; Inamura, 2017), 
dentro de estos se encuentran el adenocarcinoma y el carcinoma de células escamosas como los más 
prevalentes (Drilon et al., 2012; Gandara et al., 2015). La tasa de supervivencia de los pacientes con 
cáncer de pulmón es inferior al 5% después de cinco años, y tienden a metastatizar, por lo que el 
diagnóstico precoz es importante, sin embargo, la mayoría de las veces el diagnóstico se realiza en 
los estadios avanzados (Derman et al., 2015; Heist et al., 2012). El mejor tratamiento es la cirugía, 
pero su efectividad está ligada a su uso en los estadios tempranos de la enfermedad (Herbst et al., 
2018; Hirsch et al., 2017). El fumar cigarro está fuertemente asociado a la aparición de este tipo de 
cáncer (Gandara et al., 2015). 4) El melanoma; es un tipo de cáncer dermatológico que solo representa 
una pequeña proporción de todos esto, pero es la principal causa de muerte debido a cáncer de piel, 
con aproximadamente 80% del total. Además, ha tenido una tasa de incidencia creciente en los 
últimos años, la cuál ha sido asociada la exposición al sol que es considerado como el  principal factor 
de riesgo (Miller & Mihm, 2006; Schadendorf et al., 2015). Es un tipo de cáncer que es detectable de 
manera visual sin la necesidad de una inspección invasiva y que una simple escisión puede curarlo 
en las etapas más tempranas. La auto examinación ha mostrado ser un método efectivo para apoyar 
el diagnóstico de esta enfermedad (O’Neill & Scoggins, 2019).  

El principal objetivo de este trabajo fue encontrar algún suceso que funcionara como alerta 
temprana para la detección de cáncer, así como proponer moléculas cuyo posible uso fuera como 
blanco terapéutico o biomarcador. Lo anterior se realizó haciendo uso de los distintos repositorios de 
información públicos para su análisis. La primera publicación presentada en este trabajo, verso sobre 
un análisis in silico de datos de expresión genética de pacientes, obtenidos por microarreglos, en los 
cuatro tipos de cáncer previamente mencionados: hepatocarcinoma, cáncer de páncreas, melanoma y 
carcinoma de células escamosas de pulmón. En este trabajo, se hizo uso de la métrica conocida como 
entropía de la información para el descubrimiento de un posible grupo de genes que podrían estar 
involucrados en la transición precancerígena-cancerígena, así como en cada uno de los estadios del 
proceso carcinogénico. Estudios previos de algunos de los genes propuestos, han mostrado, que la 
modificación de su regulación puede tener consecuencias en el desarrollo de los respectivos tipos de 
cáncer en donde fueron estudiados. Además, se realizó una propuesta de genes totalmente nuevos, 
cuya función biológica normal indicaba que estos también pueden formar una parte importante para 
el desarrollo de la enfermedad; se espera que estos resultados puedan ayudar para captar el interés 
sobre estos genes para posteriores investigaciones a nivel experimental.  La segunda publicación se 
centró en un análisis de datos de pacientes con el carcinoma de células escamosas de pulmón, este 
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hasta la fecha de su publicación y bajo el conocimiento de los autores, fue el primer tipo de análisis 
in silico realizado a este tipo de cáncer contemplando cada una de las fases del proceso carcinogénico, 
este análisis permitió comprender un poco más cada uno de los estadios, a través de la obtención de 
un grupo de genes desregulados en cada estadio. También permitió conocer con más detalle cuales 
son los procesos biológicos y funciones moleculares que teóricamente tienen una mayor relevancia 
dentro de cada estadio; también se introdujo un nuevo concepto el cual fue llamado network 
gatekeepers a través del análisis de una red generada mediante el apoyo de bases de datos de 
interacción proteína-proteína y sus valores de expresión. 

 
Justificación del proyecto, hipótesis, objetivo general y objetivos particulares 
 
 El proyecto nace de la necesidad general que existe en el cáncer de encontrar nuevas formas 
que permitan la detección temprana, el tratamiento personalizado y moléculas de monitoreo, ya sea 
para el apoyo en el diagnóstico o tratamiento. El proyecto principalmente se centró en cuatro tipos de 
cáncer, los cuales en los últimos años han tenido un incremento en el número de casos y muertes 
debidos a estos.  

La hipótesis que se formuló para este proyecto fue la siguiente: Si el cáncer es un sistema 
complejo, cuya expresión de genes e interacciones proteína-proteína (PPI) cambian dependiendo del 
estadio, entonces existe la posibilidad de detectar señales que funcionen como alertas tempranas 
integrando dichos datos en redes. 

El objetivo general fue la búsqueda de una señal que permitiera la detección temprana en 
estos cuatro tipos de cáncer. Los objetivos particulares fueron dos: 1) la búsqueda de grupos de genes 
que permitieran la detección temprana y que pudieran participar en el desarrollo del cáncer. 2) 
Encontrar grupos de genes en cada una de las etapas del proceso carcinogénico cuya función biológica 
en su forma proteica pudieran estar relacionados con el desarrollo de dicha etapa y el avance a la 
siguiente. 
 
Principales hallazgos encontrados en el Capítulo 1 y 2 
 En el capítulo 1 se utilizan los datos de expresión de genes de los diferentes estadios que 
conforman el proceso carcinogénico para cuatro tipos de cáncer. Usando un enfoque de redes aunado 
con un análisis de expresión diferencial y la medición de una medida conocida como entropía de la 
información, se logró proponer diferentes grupos de genes que pudieran estar relacionados con el 
cambio de transición entre los estadios pre-cancerígenos/cancerígenos; además por sí misma la señal 
obtenida de la entropía funciona como un apoyo para detectar el cambio. Los grupos de genes 
propuestos hasta ese momento no habían sido reportados de importancia para cada uno de los tipos 
de cáncer, sin embargo, estos no fueron los únicos detectados; otros grupos de genes previamente 
reportados se utilizaron como un apoyo de validación para los resultados. 
En el capítulo 2 se realizó un análisis bioinformático enfocado al proceso carcinogénico del carcinoma 
de células escamosas de pulmón. Dicho análisis hasta ese momento y de acuerdo con nuestro 
conocimiento, fue el primero en su tipo al abordar todo el proceso carcinogénico de la enfermedad. 
En este proyecto se logró describir cada uno de los estadios basados en los grupos de genes y procesos 
biológicos que encontramos enriquecidos en el análisis aunado con un análisis de redes. 
Adicionalmente se realizó la propuesta de un grupo de genes acuñando el término de gatekeepers en 
el análisis de redes, para genes cuya importancia está en su función sobre el desarrollo del cáncer; 
sugerimos que estos genes funcionan como puertas para diferentes vías dada la conexión que tienen 
entre estos. 
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Abstract: There is an important urgency to detect cancer at early stages to treat it, to improve the
patients’ lifespans, and even to cure it. In this work, we determined the entropic contributions of genes
in cancer networks. We detected sudden changes in entropy values in melanoma, hepatocellular
carcinoma, pancreatic cancer, and squamous lung cell carcinoma associated to transitions from
healthy controls to cancer. We also identified the most relevant genes involved in carcinogenic process
of the four types of cancer with the help of entropic changes in local networks. Their corresponding
proteins could be used as potential targets for treatments and as biomarkers of cancer.

Keywords: multivariate entropy; cancer; protein-protein networks; gene expression; local networks;
average network entropy; biomarkers; early warning

1. Introduction

Cancer is a generic term given to a collection of related diseases that can arise in every part of
the organism. Typically, there is an increased division rate, dysregulation in growth and the capacity
to spread into surrounding tissues and eventually on distant tissues. The latter process is known as
metastasis, and is the main cause of death by cancer [1,2]. Entropy can be defined as the measure of
the average uncertainty of a single random variable in bits, whereas the differential entropy is the
entropy of a continuous random variable with an important characteristic that it only depends on the
probability density of the random variable [3]. Unlike discrete entropy, the differential entropy can
be negative [3]. Differential entropy can be conceived as the logarithm of the equivalent side length
of the smallest set that contains most of the probability. Hence, low entropy implies that the random
variable is confined to a small effective volume and high entropy indicates that the random variable is
widely dispersed [3]. Entropy can be used as a descriptive and comprehensive measure of multivariate
variability especially when data are non-Gaussian, since it can capture higher-order statistics and
information content of the data [4].

Liver cancer is one of the main causes of cancer-related deaths worldwide [5]. Hepatocellular
carcinoma (HCC) is the most common type of primary liver cancer and the third most common cause
of cancer-related deaths [6,7]. Its incidence and mortality continue to rise, chronic viral hepatitis and
cirrhosis being some risk factors. Early screening has a survival benefit for patients. Available methods
for HCC screening are radiographic, but unfortunately diagnosis is often made at advanced states
of the disease, when effectiveness of treatment has poor prognosis. Sorafenib is the recommended
treatment with patients in advanced stages, but due to its side effects it is difficult for the patient to
tolerate it [8]. It is a disease with 10 to 20% recurrence even in patients with liver transplantation,
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which is the most successful treatment [6]. There was a previous work in which entropy was used to
detect an early warning in HCC, where the transition occurs at a very early stage of HCC [9].

Pancreatic cancer is one of the deadliest types of cancer. It was reported as the fourth cause of
death cancer-related in developed countries in 2012. The GLOBOCAN estimations of new cases were
94,700 and 92,800 and estimated deaths were 93,100 and 91,300, in males and females, respectively.
In 2015 for ductal adenocarcinoma, the most common type of pancreatic cancer, 367,000 new cases
were diagnosed, and 359,000 patients died that same year. A pancreatic adenoma is followed by
a neoplasm which leads to a carcinoma [10]. For diagnosis, there is currently no proper biomarker
with enough specificity and sensitivity, yet the detection of the earliest stages of pancreatic cancer are
urgently needed to improve the outcomes of resection, which is so far, the best treatment. Surgery is
the only option for cure but only 10–15% of the newly diagnosed patients are eligible [11]. Due to the
resistance of pancreatic cancer to therapy, even with resection, most of the patients will relapse and
eventually succumb to the disease [12].

Lung cancer has the highest mortality rate. The rate of survival of patients with lung cancer
is less than 5% after five years, and it tends to metastasize, thereby early diagnosis is important.
Squamous cell carcinoma represents approximately 30% of all the cases [13,14]. Usually the stages
of carcinogenesis are: squamous metaplasia → dysplasia → carcinoma in situ → squamous cell
carcinoma of lung [15,16]. Squamous cell carcinoma (SCC) of the lung is the most common histologic
subtype of non-small cell lung cancer (NSCLC). It accounts for 400,000 new cases annually worldwide,
with cigarette smoking as the principal risk factor. For advanced stages, the standard care consists
of a platinum-based doublet as a palliative systemic therapy [17]. Diagnosis is made by histological
analysis of small biopsies or cytological specimens as fine needle aspirates or bronchial brushings.
There are new promising therapies that improve patient’s survival [14].

Melanoma is only one among various dermatological cancers, but it is the principal cause of
death due to skin cancer, accounting for approximately 80%, and with an increasing incidence in
the last years with sun exposure as the main risk factor [18,19]. All melanomas originate from
melanocytes which represents a minority of the cell population within the basilar epidermis, but it
can also be found in hair follicles and other tissues. Melanocytes provide the pigment melanin to
their neighboring keratinocytes. Pigment production is stimulated by UV radiation-induced DNA
damage to keratinocytes [20]. The gold standard for diagnosis is histopathological assessment [19].
There is an ideal model of melanoma carcinogenesis ranging from benign naevi→ dysplastic naevi→
melanoma in situ→ invasive melanoma [20].

Teschendorff et al. [21] proposed signaling entropy as a novel approach for analyzing and
interpreting omics data, such as discriminating cells according to their differentiation potential and
cancer status. In other works, some driver genes were found to be associated with reductions in
network entropy [9,21,22]. More recently, Brehme et al. [23] carried out an analysis in chronic myeloid
leukemia using entropy dynamics and separated the progression stages. They revealed an important
difference in the chronic phase (CP) which allowed to separate it into two phases: “early” from
“late” CP [23]. That same year Park et al. [24], using an entropy-based distance metric, were able to
successfully measure the intratumor heterogeneity and propose it as a useful tool to characterize it at
the RNA level using transcriptome and network information.

Cancer research has a wide variety of approaches, mainly for therapeutics usage, ranging from
analysis of massive data, such as the genome or transcriptome, to more detailed analyses as of single
genes or proteins that are involved in cancer hallmarks [25]. A major challenge is the opportune
detection of the early stages of the disease, which is the most desirable scenario, with better options for
patients treatment and an improved outcome as seen in pancreatic cancer and lung cancer, where cancer
is commonly detected in the last stages of the disease [12–14]. Finding new therapeutics targets are
important due to cancer resistance to therapies and to have more repertoires of targets that could be
modulated by immunotherapy, miRNAs therapy, gene therapy, or other treatments [26,27].
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In general, cancer progression can be divided into three states [9]: a normal state, a pre-disease
state (or a critical state), and a disease state. In the normal state, the disease is under control (immune
system) and dynamically it has high resilience and robustness to perturbations. The pre-disease state
is defined as the limit of the normal state, which occurs before the imminent phase transition point is
reached, but it has low resilience and robustness due to its dynamical structure [9]. The disease state
represents a seriously deteriorated stage possibly with high resilience and robustness, where the system
usually finds it difficult to recover or return to the normal state even after treatment, which contrasts
with the pre-disease state. Therefore, it is crucial to detect the pre-disease state to prevent qualitative
deterioration and to further elucidate its molecular mechanism. In cancer, it is a daunting task to
predict a pre-disease state because the state of the system may change little before the bifurcation
point or the critical transition is reached. There may be slight differences between the normal and
pre-disease. The detection of early-warning signals can involve a myriad of genetic factors. There are
leading networks in critical transitions, which make the first move from a normal state to a disease
state [9]. The leading network is the first subnetwork that breaks down the limit of a normal state to
move into a disease state, which means that they are clearly related to the causal or driving genes in
a disease network, in contrast to the differential gene expression that results from the disease. Therefore,
identifying the leading networks during a critical transition can signal the emergence of a pre-disease
state to make the early diagnosis on the disease, and help to disentangle the mechanisms of disease
initiation and progression at the network level. The leading networks are dynamical signals that herald
the pre-disease state, rather than the disease state detected by the traditional static biomarkers.

Herein, we contend that multivariate entropy is a useful filter for detecting driver genes. Therefore,
we calculated the multivariate entropy of the gene expression profiles in four types of cancer, to wit,
pancreatic cancer, melanoma, HCC, and squamous cell carcinoma of the lung. For these cancers,
we also constructed their corresponding protein-protein interaction (PPI) networks considering the
disease stages. We calculated the multivariate entropy for the local networks of PPI from which we
estimated the average entropy of PPI networks. In general, the reliable identification of local leading
networks and pre-disease stages is not easy to achieve with noisy data and a small number of samples.
The identification of biomarkers and the critical states may be inaccurate. In this work, we validated
our proposed biomarkers using different statistical tests, such as double filter for the differentially
gene expression, from which we selected the genes for constructing the local networks. The Wilcoxon
rank sum test was used to test the statistical differences in the average network entropy between
the pre-disease and diseased states with the normal state. We searched the biological function of
those genes whose entropy changed and some of them are already considered potential therapeutic
targets, for example see [28]. With our analyses, we also found new potential targets whose biological
functions are relevant to the normal cell function. We successfully identified the most relevant genes
involved in the carcinogenic processes of the four types of cancer with the help of entropic changes in
local networks. Their corresponding proteins could be used as potential targets for treatments and as
biomarkers of cancer.

2. Materials and Methods

Four series of raw transcriptomic data of the carcinogenesis process were retrieved from the Gene
Expression Omnibus (GEO) of the National Center for Biotechnology Information (NCBI). The first
one: hepatocellular carcinoma with GEO accession: GSE6764, which has 75 tissue samples (platform:
Affymetrix Human Genome U133 Plus 2.0 Array [29]). The second: melanoma, GEO accession: GSE4587,
with 18 samples (platform: Affymetrix Human Genome U133 Plus 2.0 Array [30]). The third: pancreatic
cancer, GEO accession: GSE19650, with 22 samples (platform: Affymetrix Human Genome U133 Plus 2.0
Array [31]). The fourth: squamous cell carcinoma of the lung, GEO accession: GSE33479, with 122 samples
(platform: Agilent-014850 Whole Human Genome Microarray 4× 44 K G4112F).

We used the R software with Limma package [32] according to its manual and the Bioconductor
Manual to preprocess and process all the transcriptomic data. Only melanoma and squamous cell
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carcinoma of the lung were retrieved preprocessed (background corrected, normalized) from GEO.
The Limma package was used for differentially gene expression analysis obtaining the respective
adjusted p-value for False Discovery Rate (FDR) [32,33]. Differential gene expression analysis was
made between each stage and the normal one. Fold changes were also calculated, and we used
a double filter to select the differentially expressed genes. Criteria consist in selecting genes with
an adjusted p-value < 0.05 and Fold Change > 1.5 [32–35]. To create the networks of Protein-Protein
interactions (PPIs) of each cancer, we used the APID database [36] which provides protein interaction
data for a wide variety of species with a controlled quality using PPI found by experimental evidence.
We used data set from quality level 1 (all known interactions). Herein, we used the Homo sapiens data
which were processed and cleaned using the Cytoscape Software version 3.2 [37]. Cleanup consisted
in the deletion of data of other species based on its taxonomic tag, and in the deletion of duplicated
edges and nodes. The proteins retrieved from the database were the ones detected by the double
filter applied to the differentially gene expression but due to the lack of information of the Human
interactome, we only retrieved at least 50% of the proteins coded by the genes detected by the double
filter analysis. Then, we obtained the first neighbors for each node in the network using Rcy3 [38]
which allows a connection between R and Cytoscape. The result was used to create the local networks
of each node (protein). We tested the hypothesis that the distribution of expression levels across all the
selected genes for the four cancers followed a normal or a log-normal distribution (Appendix A) [39].
The density function of the multivariate normal distribution is given by [3,38]:

f (x) =
1

|2πΣ|1/2 exp{−1
2
(x− µ)′Σ−1(x− µ)}, (1)

where x is a random vector, µ is the mean vector, and Σ is the covariance matrix.
In each stage, the local networks data were matched with their respective gene expression of each

sample to create matrices of local networks where the genes expression were the rows and each column
a sample. For each local network matrix, a covariance matrix was calculated and then we applied
Equation (2) to obtain the multivariate entropy of each local network. Each sample is a set of vectors
X1, X2 and so on. The expression level of the genes are elements of the vectors.

We also group nodes (proteins) to create subnetworks. Based on the maximum and minimum
calculated entropy values of the healthy states, we established the limit from where a preset range was
applied as follows: HCC in ranges of 10 units resulting in 11 subnetworks, Melanoma in ranges of three
units resulting in eight subnetworks, Pancreatic in ranges of five units resulting in nine subnetworks,
Squamous cell lung carcinoma in ranges of 10 units resulting in 19 subnetworks. The starting point
was the 0 unit. This healthy-generated groups were kept in the four types of cancer resulting in that
each successive stage has the same groups with same nodes with a unique variation in their entropy
values. To calculate the entropy for each local network, we consider the entropy of multivariate normal
distribution given by [3,40]:

h(X1 , X2, . . . , Xn) = h(Nn(µ, K)) =
1
2

log2 (2πe)n|κ|, (2)

where |κ| is the determinant of the covariance matrix; X is the random variable (set of vectors); n is the
size of the covariance matrix.

Entropy of a local network is calculated with Equation (3), where a single value is calculated
from the data with all genes within the same local network, and colored rectangles (Supplementary
Materials) represent the entropy change for the local network.

The average network entropy, H(t) is given by:

H(t) = − 1
n

n

∑
i=1

hi(t), (3)
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where n is the number of nodes in the network (differentially expressed genes) and hi(t) is the entropy
of the local network i. Equation (3) is the same as the one used in [9], but with a negative sign to obtain
positive values of entropy and to have units of information in bits.

Gene expression entropies (Figure 2, Tables 1–4) were calculated using all selected genes by the
double filter to create a single matrix for every stage in each cancer, without using the local networks
data. The level expression of the genes are elements of the vectors. From the matrix, a covariance
matrix was calculated and then Equation (2) was applied to obtain the gene expression entropies.

For each entropy calculation, the following number of samples in each stage were used: HCC:
seven samples; melanoma: two samples; pancreatic cancer: three samples; squamous cell lung cancer:
12 samples. The identification was made by looking at the color changes in the nodes. Colors represent
a range of entropy values, so if a node has a change in color from one to another we record it.

2.1. Statistical Analysis of Local Network Entropy

Wilcoxon Rank Sum test was used to compare the results of local network entropy in each stage
of the carcinogenic process versus its respective control for the four types of cancers (see Appendix A).
Calculations were made with the R package. This probe is a non-parametric statistical test to compare
two population medians, and it allows to determine if two probes have significant differences.

2.2. Local Networks

Multivariate entropy of gene expression profiles is influenced only by gene expression (Figure 2).
Multivariate entropy of local networks of PPIs is also influenced by gene expression with the addition
of another level of complexity: the PPIs of each node. Entropy values of local networks will be
influenced by which nodes constitute the local network and their respective gene expression values
(Figure 1)
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Figure 1. Graph of basic network with seven nodes. (a) A local network of node 1 (red) consists of its
first neighbors (yellow) and node 1; (b) Local network of node 5 (red) is constituted by its first, and in
this case, only neighbor node 2 (yellow) and node 5 itself.

3. Results

Herein we illustrate how entropy changes throughout the distinct stages of the carcinogenesis
process in the four types of cancer. We used Equation (2) to obtain the global change in entropy using
the gene expression of the selected genes by the double filter criteria. We found that each cancer stage
displays a characteristic entropic value when compared with pre-cancerous stages.

We observe that the last part of the carcinogenesis processes, the gene expression possesses
the largest positive entropy than all previous stages with the only exception of melanoma in situ.
The latter could be ascribed to different pathways and inherent heterogeneities among the different
regions of the body where biological carcinogenesis of melanoma ensues (Figure 2 and Tables 1–4) [20].
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In Figure 2a we observed variations in entropy values throughout all carcinogenic process of Melanoma,
with the most evident change occurring at in situ stage in which its entropy value reaches a minimum.
This change can be used as a first cancer early warning. Notice in Figure 2b that in HCC carcinogenic
process the entropy values in pre-cancerous stages were decreasing until a sudden change in the
transition point from a pre-cancerous to cancer stage. This change is in agreement with a first
cancer early warning [9]. In Figure 2c we observe for pancreatic cancer that entropy increases as
the carcinogenic process progresses. A sudden change occurs between intraductal papillary-mucinous
adenoma and intraductal papillary-mucinous neoplasm stages that are not cancer stages and therefore
we need to be careful to talk about a cancer early warning. In Figure 2d we observe that for squamous
cell lung carcinoma, entropy is increasing gradually in the precancerous stages. The last stages
correspond to cancer and they appear to have a greater change in entropy with an obvious change in
entropy between carcinoma in situ and the squamous cell carcinoma of the lung. The change between
severe dysplasia and carcinoma in situ could be a cancer early warning.
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Figure 2. Gene expression-entropy of four types of cancer. Scale of the axes vary depending upon the
type of cancer and sample size. (a) Melanoma carcinogenesis gene expression-entropy. Each point in the
graph denote a stage during carcinogenic process the last four points denote cancer and the previous
are pre-cancerous stage. The meanings of the abbreviated labels are given in Table 1. (b) Hepatocellular
carcinoma carcinogenesis gene expression-entropy. Each point in the graph denote a stage during
carcinogenic process the last four points denote cancer and the previous are pre-cancerous stage.
The labels abbreviations are given in Table 2. (c) Pancreatic carcinogenesis gene expression-entropy.
Each point in the graph denote a stage during carcinogenic process the last point denote cancer and the
previous are pre-cancerous stage. The label abbreviation meanings are given in Table 3. (d) Squamous
cell lung carcinoma carcinogenesis gene expression-entropy. Each point in the graph denote a stage
during carcinogenic process the two points denote cancer and the previous are pre-cancerous stage.
The label abbreviation meanings are given in Table 4.
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Table 1. Melanoma carcinogenesis process and their respective entropy values.

Abbreviation Stage Entropy Value

NS Normal skin 5.5685
BN Benign nevi 5.2100

AN2 Atypical nevi 5.2303
In situ (INS) Melanoma in situ 5.0595

VGP VGP melanoma
Vertical growth phase melanoma 5.8874

MGP MGP melanoma
Metastatic growth phase melanoma 5.9169

LN Lymph node metastasis 5.9612

Table 2. Hepatocellular carcinoma carcinogenesis process and their respective entropy values.

Abbreviation Stage Entropy Value

NT Normal skin 11.4778
LGDLT Low grade dysplasia 10.8693
HGDLT High grade dysplasia 10.7351
VEHC Very early hepatocellular carcinoma 15.0311
EHC Early hepatocellular carcinoma 15.6988
AHC Advanced hepatocellular carcinoma 16.9940

VAHC Very advanced hepatocellular carcinoma 16.6807

Table 3. Pancreatic carcinogenesis process and their respective entropy values.

Abbreviation Stage Entropy Value

NS Normal main pancreatic duct 5.5868
IPMA Intraductal papillary-mucinous adenoma 5.6022

IOIPMN Intraductal papillary-mucinous neoplasm 6.1912
IPMC intraductal papillary-mucinous carcinoma 6.3856

Table 4. Squamous carcinogenesis process and their respective entropy values.

Abbreviation Stage Entropy Value

NS Normal 23.2530
HYP Hyperplasia 23.8010

META Metaplasia 24.2762
MILD DYS Mild dysplasia 24.5936
MOD DYS Moderate dysplasia 24.9167
SEV DYS Severe dysplasia 25.5035

C IN SITU Carcinoma in situ 26.6175
SQ Squamous cell carcinoma 29.9367

To find out which genes had major changes in every stage and how they are related between
them, we constructed a protein-protein network for each carcinogenic process and assigned their
respective local entropies for each stage. Then we calculated the average network entropy using the
local entropy values and built groups based in health controls and for each stage of the carcinogenic
process. The PPIs networks of melanoma are displayed in Figure 3. The PPIs networks with detail
of melanoma, HCC, pancreatic cancer and squamous cell carcinoma of the lung are displayed in
Supplementary Materials (Figures S1–S26) The entropy values were ranked and graded by colors.
Notice that color variations in each group correspond to variations in entropy.

The calculated network entropy of PPIs and the entropy values calculated from expression data
are positive (Figures 2 and 4). The average network entropy of local networks of melanoma and HCC
exhibit a concave pattern in its entropy values of only gene expression, although the magnitudes are
greater for HCC than for melanoma possibly due to the number of samples in each case. The interesting
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behaviors of the calculated average network entropy are seen in Figure 4c,d. In Figure 4c of the
pancreatic carcinogenic process, we can identify an early warning due to a sudden change observed
between the non-cancer to cancer stage which is statistically significant by Wilcoxon rank sum test with
continuity correction (p-value = 4.537 × 10−7, see Appendix A), albeit this was not observed with its
entropy values from only gene expression. Something similar occurs with Figure 2d, in which there is
a smooth tendency of increasing entropy as the process progresses, but this pattern is not the same with
the one observed in Figure 3d. In this case, there is an evident variation among stages with three major
changes in metaplasia with an increased entropy value, carcinoma in situ stage with a slight decrease
compared with SQ in which entropy decreases drastically and this change is statistically significant
(calculated p-value = 0.0001274, see Appendix A). The melanoma carcinogenic process (Figure 3a)
also denotes variations. There is an important change, melanoma in situ stage increases its entropy
and the following stages decrease it and these changes are statistically significant (p = 2.2 × 10−16,
see Appendix A). No statistically significant changes for HCC were found (not shown). Dunnett’s
test were applied for each cancer with no statistically significant results (Appendix A, Tables A5–A8).
For these cases, the average network entropy is useful as a first observation, whereas the most important
data come from the local network entropy. Local network entropy values permit us to dissect each
cancer to visualize the most important variations at each stage.
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an associated value that correspond to its local network-entropy (a) Normal PPIs network (b) Benign
nevi PPIs network (c) Atypical nevi PPIs network (d) In situ melanoma PPIs network (e) Vertical
growth phase melanoma PPIs network (f) Metastatic growth phase melanoma PPIs network (g) Lymph
node metastasis PPIs network (h) Represent scale of entropy and the color assigned to every group.
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Figure 4. Average network entropy by local network of four types of cancer. Scale of the axes vary
according to the type of cancer and sample size. (a) Melanoma carcinogenesis average network entropy by
local networks. Graph shows entropy values in each stage. Each point in the graph denotes a stage during
carcinogenic process the last four points denote cancer and the previous are pre-cancerous stage. The label
abbreviation meanings are given in Table 5 with their respective value for each stage. (b) Hepatocellular
carcinoma carcinogenesis average network entropy by local networks. Graph shows entropy values
in each stage. Each point in the graph denotes a stage during carcinogenic process the last four points
denote cancer and the previous are pre-cancerous stage. The meanings of the label abbreviations are
in given in Table 6 with their respective value for each stage. (c) Pancreatic carcinogenesis average
network entropy by local networks. Graph shows entropy values in each stage. Each point in the graph
denotes a stage during the carcinogenic process. The last point denotes cancer and the previous points
are pre-cancerous stages. The abbreviation meanings are given in Table 7 with their respective value for
each stage. (d) Squamous cell lung carcinoma average network entropy by local networks. Graph shows
entropy values in each stage. Each point in the graph denotes a stage during carcinogenic process the last
two points denote cancer and the previous are pre-cancerous stage. The abbreviation meanings are given
in Table 8 with their respective values for each stage. Some descriptive statistics as the interquartile range,
standard error and median about average network entropy are found in Appendix A (Tables A1–A4).
Some characteristics of local networks of each stage, as the number of local networks and size of them
between groups, are found in Appendix B (Tables A13–A16).

Table 5. Melanoma carcinogenesis process and their respective average network entropy values
from PPIs.

Abbreviation Stage Entropy Value

NS Normal skin 1.3677
BN Benign nevi 1.6061

AN2 Atypical nevi 1.5287
INS Melanoma in situ 1.9190

VGP VGP melanoma
Vertical growth phase melanoma 0.7308

MGP MGP melanoma
Metastatic growth phase melanoma 0.6339

LN Lymph node metastasis 0.7081

Table 6. Hepatocellular carcinogenesis process and their respective average network entropy values
from PPIs.

Abbreviation Stage Entropy Value

NT Normal skin 65.7023
LGDLT Low grade 65.7600
HGDLT High grade 65.7916
VEHC Very early HCC 63.7020
EHC Early HCC 63.7023
AHC Advanced HCC 63.1783

VAHC Very advanced HCC 63.2960
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Table 7. Pancreatic cancer carcinogenesis process and their respective average network entropy values
from PPIs.

Abbreviation Stage Entropy Value

NS Normal main pancreatic duct 9.5664
IPMA Intraductal papillary-mucinous adenoma 9.5835

IOIPMN Intraductal papillary-mucinous neoplasm 9.5720
IPMC Intraductal papillary-mucinous carcinoma 9.0398

Table 8. Squamous cell lung carcinoma carcinogenesis process and their respective average network
entropy values from PPIs.

Abbreviation Stage Entropy Value

NS Normal 166.9220
HYP Hyperplasia 167.3054

META Metaplasia 169.7816
MILD DYS Mild dysplasia 167.0286
MOD DYS Moderate dysplasia 167.7428
SEV DYS Severe dysplasia 167.3106

C IN SITU Carcinoma in situ 166.0658
SQ Squamous cell carcinoma 160.9167

Some genes like CYP2C9, FDX1, MUT, VAMP4, IL33, EMP2, DENND4A have drastic changes in
its entropy during the transition from atypical nevi to melanoma in situ, as observed in Figure S10
and S11 (see Supplementary Materials). In the case of IL33, which is implicated in maturation of Th2
cell and the activation of MPK signaling pathway through IL1RL1/ST2 receptor and this pathway
improves cell proliferation [41]. Previous studies tried to associate this protein with cancer promotion,
but different results were found [28]. CYP2C9 polymorphisms were associated with colorectal cancer
risk [42] and may influence breast cancer [43]. EMP2 is a protein implicated in progression and survival
in endometrial cancer, and recently it was proposed as a possible oncoprotein [44]. We highlight that
there are not studies in cancer for FDX1, MULT, VAMP4 and DENND4A genes or its protein products.

We found some genes in the transition of HGDLT to VECH in HCC like SOX6, ASPH, UBAP2L,
CEP41. SOX6 encodes a transcription factor with a key role in developmental processes and it has been
associated to HCC progression by its decreased progression [45]. UBAP2L was associated with the
metastatic ability in some HCC cell lines via SNAIL1 [46]. Recently ASPH was suggested as a potential
biomarker in gliomas [47]. There are no studies of the role of CEP41 in cancer. In pancreatic cancer,
the transition between IOIPMN to IPMC includes the following genes: FAR1, CEACAM1, HCCS.
CEACAM1 has 11 different splice variants, as reported in some studies in vivo, and restoration of its
expression abolishes oncogenicity of tumor cell lines, but when it is expressed de novo it increases
the risk of metastasis [48] CEACAM1 has also been proposed as a potential biomarker for breast
cancer [49]. There are no studies for HCCS and FAR1 in cancer. In the transition of squamous severe
dysplasia to carcinoma in situ, the genes UBET2 PIH1D2, KIF23 showed a change in their entropy.
KIF23 is a protein essential for cytokinesis in Rho-mediated signaling. Its overexpression is associated
with lung cancer cell growth and has been suggested as a novel therapeutic target for patients with
advanced lung cancer and primary lung tumors [50]. A recent study showed that a knockdown of
UBET2 induced an inhibition in the progression of gastric cancer in vivo and in vitro via WNT signal
pathway [51]. There are no studies of PIH1D2 in cancer. A summary of the proposed genes for each
cancer is shown in Table 9.
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Table 9. Proposed genes as potential biomarkers or therapeutic targets.

Cancer Proposed Genes

Melanoma FDX1, MUT, VAMP4, DENND4A
HCC CEP41

Pancreatic cancer FAR1, HCCS
Squamous cell carcinoma of the lung PIH1D2

4. Discussion

In this work, we have succeeded in the identification of the most relevant genes involved in
carcinogenic processes of four types of cancer with the help of entropic changes in local networks.
We are validating the use of multivariate entropy by testing that the distributions of gene expressions
can follow either a normal distribution (SCC of the lung and melanoma) or a log-normal distribution
(HCC and pancreatic cancer) (Appendix A).

We found that cancer entropic values from the average network entropy were lower than the
observed values in healthy controls, which agrees with previous analysis [21,22]. The entropic values
of the networks at the final stages for all examined cancers fully comply with the latter observation.
However, not all pre-advanced cancer stages followed this behavior as we observed in melanoma in
situ where entropy is higher than the control. Overall, entropy values correlate to each cancer stage.
Interestingly, entropy values from only gene expression have a different behavior than those from the
PPIs. In some cases, they could look like a mirror image of each other as is the case of HCC, but this
is not always the case as was observed in pancreatic cancer or squamous cell carcinoma of the lung.
As we mentioned previously, the differential entropy can be negative [3].

Our analysis of the carcinogenic processes allowed us to identify initial stages of the four types
of cancer at which entropy changed with respect the control. A similar early warning measured
with entropy for the average network was observed in HCC but this change was not statistically
significant [9]. In pancreatic cancer, however, we found that the sudden change in average network
entropy is statistically significant.

We also characterized each stage by local network entropy of its genes, which permitted to
identify the most important genes in each stage and the ones in the transition between them.
We illustrated the transitions from pre-cancer to cancer stage in which some of the found genes have
been previously reported and even proposed to be early biomarkers in cancer by experiments in vivo
and/or in vitro [47,49]. We also proposed new genes as biomarkers and as potential therapeutic targets
(Table 1) that have not been previously reported: for melanoma: FDX1 (essential for the synthesis
of various steroid hormones [41]), MUT (involved in degradation of several amino acids, odd-chain
fatty acids and cholesterol via propionyl-CoA to the tricarboxylic acid cycle [41]), VAMP4 (involved
in the pathway that functions to remove an inhibitor of calcium-triggered exocytosis during the
maturation of secretory granules [41]), DENND4A (promotes the exchange of GDP to GTP, converting
inactive GDP-bound Rab proteins into their active GTP-bound form [41]); for HCC: CEP41 (required
during ciliogenesis for tubulin glutamylation in cilium [41]); for pancreatic cancer: FAR1 (catalyzes the
reduction of saturated and unsaturated C16 or C18 fatty acyl-CoA to fatty alcohols [41]) and HCCS
(stress-activated component of a protein kinase signal transduction cascade and regulates the JNK
and p38 pathways [41]); for squamous cell carcinoma of the lung: PIH1D2 (exhibits a Ral GTPase
binging which means a selectively interacting and non-covalently with Ral protein [41]). Our proposed
genes as potential biomarkers or therapeutic targets for melanoma and pancreatic cancer must be
taken with caution due to their small sample sizes. Due to its biological relevance, we hope that our
results of local networks strongly inspire further experimental work for testing the proposed genes as
biomarkers and/or therapeutic targets. In the Supplementary Materials, we provide entropic values
for all the local networks of genes from healthy stage to all stages of cancer. This work was focused
only in protein coding genes and the PPIs of its products, that represent less than 1.5% of the human
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genome [52]. There is a wide field of cancer research such as non-coding-DNA/RNA, single nucleotide
polymorphisms, copy number variations, and epigenetic factors such as methylation and acetylation,
that could lead us to a better understanding of the dynamics of cancer diseases.

Supplementary Materials: The following are available online at http://www.mdpi.com/1099-4300/20/3/154/s1.
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Figure A3. Squamous carcinogenesis process boxplot. The graph shows the comparison of the
different stages vs. the control with boxplot and a p-value corresponding to the Wilcoxon rank sum
test. (a) Hyperplasia; (b) Metaplasia; (c) Mild displasia; (d) Moderate displasia; (e) Severe Dysplasia;
(f) Carcinoma in situ; (g) Squamous cell carcinoma.

Appendix A.1. Descriptive Statistics for the Average Network Entropy of Each Stage in the Four Types
of Cancer

Statistics estimations were made using the R software and we used the following packages:
bootstrap, plotrix, dplyr [53–55].
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Table A1. Melanoma statistics.

Stage Mean Standard
Error MAD Median IQR Jack.se When

Applied to Mean
Jack.se When

Applied to Variance

Normal −1.367775 0.2259220 2.022601 4.154535 9.776100 0.225922 2.814388
BN −1.606108 0.2303059 2.001127 4.019503 9.047087 0.2303059 2.896202

AN2 −1.528727 0.2292635 1.941641 4.050469 9.248341 0.2292635 2.849997
INS −1.919017 0.2262065 2.086082 3.455508 10.95625 0.2262065 2.813802
VGP −0.7308951 0.2282546 1.690730 4.886908 8.654485 0.2282546 2.815323
MGP −0.6339521 0.2299159 1.659544 5.048833 8.677472 0.2299159 2.873484
LN −0.7081158 0.2259220 2.022601 4.154535 9.77610 0.2281064 2.805363

MAD: Median Absolute Deviation, IQR: Interquartile Range. Jack.se: Jackknife standard error.

Table A2. Pancreatic cancer statistics.

Stage Mean Standard
Error MAD Median IQR Jack.se When

Applied to Mean
Jack.se When

Applied to Variance

Normal −9.566407 0.4283494 3.899366 2.901261 25.45503 0.4283494 8.116081
IPMA −9.583562 0.4229802 4.222622 2.726233 25.45141 0.4229802 7.979798

IOIPMN −9.572038 0.4243606 4.743738 2.520672 26.37048 0.4243606 7.967539
IPMC −9.039864 0.4288906 4.647821 3.350183 26.11237 0.4288906 8.078527

MAD: Median Absolute Deviation, IQR: Interquartile Range. Jack.se: Jackknife standard error.

Table A3. Squamous cell carcinoma statistics.

Stage Mean Standard
Error MAD Median IQR Jack.se When

Applied to Mean
Jack.se When

Applied to Variance

NS −166.9220 2.07917 37.68617 −189.2606 67.45387 2.07917 242.6845
HYP −167.3055 2.07897 35.41448 −190.7849 65.29746 2.07897 244.6484

META −169.7816 2.075519 3538473 −192.9719 64.74367 2.075519 247.9728
MILD DYS −167.0286 2.078943 37.16981 −189.2085 65.54929 2.078943 245.2105
MOD DYS −167.7429 2.083012 34.75794 −191.3746 64.21930 2.083012 248.3033
SEV DYS −167.3107 2.082539 35.95474 −189.9894 65.61071 2.082539 247.5942

C IN SITU −166.0658 2.079962 36.71084 −188.7635 64.23117 2.079962 247.5762
SQ −160.9168 2.05378 36.48999 −182.8355 63.88627 2.05378 238.1753

MAD: Median Absolute Deviation, IQR: Interquartile Range. Jack.se: Jackknife standard error.

Table A4. HCC statistics.

Stage Mean Standard
Error MAD Median IQR Jack.se When

Applied to Mean
Jack.se When

Applied to Variance

NT −45.54143 1.322529 37.53280 −51.37492 62.92547 1.908006 74.42024
LGDLT −45.58139 1.319797 37.67159 −51.74393 62.86078 1.904064 74.35039
HGDLT −45.60330 1.319819 37.25316 −5189218 63.02723 1.904096 74.39116
VEHC −44.15488 1.353999 39.67826 −50351675 64.91867 1.953408 77.8041
EHC −44.15512 1.353269 38.7171 −51.31032 64.92842 1.952355 77.72415
AHC −43.79192 1.377034 40.60674 −50.27078 67.11002 1.98664 80.5827

VAHC −43.87345 1.370975 40.65539 −50.52407 66.22477 1.977898 79.51231

MAD: Median Absolute Deviation, IQR: Interquartile Range. Jack.se: Jackknife standard error.

Appendix A.2. Dunnett’s Test for the Mean

Dunnett’s test was applied to compare the means of each stage vs. the control for the four types
of cancer and effect size is also reported. No significant statistical results were found.

Cohen’s formula was used in the calculation of effect size:

d = M1 −M2/spooled

where:

M1 −M2 is the difference between the group mean (M)
M1 is the mean of the control group
M2 is the mean of either group that is not the control
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s is the pooled standard deviation:

spooled =

√
(SD2

1 + SD2
2)

2

where:

SD1 is the standard deviation of the control group
SD2 is the mean of either group that is not the control

Table A5. Melanoma Dunnett Contrasts and effect size.

Hypotheses t-Value Pr(>|t|) Effect Size

Normal-BN −0.738 0.947 −0.0233
Normal-AN2 −0.499 0.992 −0.0158
Normal-INS −1.707 0.333 −0.0544
Normal-VGP 1.973 0.202 0.0626
Normal-MGP 2.273 0.105 0.07191
Normal-LN 2.043 0.175 0.0649

Table A6. Pancreatic cancer Dunnett Contrasts and effect size.

Hypotheses t-Value Pr(>|t|) Effect Size

Normal-IPMA −0.028 1.000 −0.000915
Normal-IOIPMN −0.009 1.000 −0.000299

Normal-IPMC 0.874 0.713 0.027897

Table A7. Squamous cell carcinoma of the lung Dunnett Contrasts and effect size.

Hypotheses t-Value Pr(>|t|) Effect Size

Normal-HYP −0.131 1.000 −0.00629
Normal-META −0.974 0.873 −0.04697
Normal-MILD

DYS −0.036 1.000 −0.00175

Normal-MOD DYS −0.280 1.000 −0.01346
Normal-SEV DYS −0.132 1.000 −0.00638
Normal-C IN SITU 0.292 1.000 0.01404

Normal-SQ 2.045 0.193 0.09915

Table A8. HCC Dunnett Contrasts and effect size.

Hypotheses t-Value Pr(>|t|) Effect Size

Normal-LGDLT −0.021 1.000 −0.00124
Normal-HGDLT −0.033 1.000 −0.00192
Normal-VEHC −0.729 0.950 0.04268
Normal-EHC 0.729 0.950 0.04269
Normal-AHC 0.919 0.868 0.05339

Normal-VAHC 0.877 0.890 0.05102

Appendix A.3. Goodness of Fit to Test Log-Normal Distribution for Pancreatic Cancer and HCC

Gene expression data were tested for a log-normal distribution or a normal distribution.
The following results are only for one sample of each stage in the four types of cancer. The other
samples render similar results with significant approximations to the tested distributions.

In pancreatic cancer and HCC Kolmogorov-Smirnov test was made to probe the log-
normal distribution.

H0: The sample follows a log-normal distribution
Ha: The sample does not follow a log-normal distribution
If Dn < Dnα then the data is a good fit with the log-normal distribution.
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Figure A4. Pancreatic cancer goodness of fit test plot. Plots of goodness fits test for a log-normal
distribution is showed in each incise for gene expression data. Histogram, Q-Q plot, CDFs and P-P
plots are common plots to test a fitness of distribution. It can be seen that each stage fit well for a log
normal distribution. (a) Normal stage; (b) IPMA stage; (c) IOIPMN stage; (d) IPMC stage.

In the plots, there is a very good fit with the log normal distribution.

α = 0.05 for an n > 35; Dn,α =

√
−0.5 ln( α

2 )√
n ; Dn,α = 1.358

55.25 = 0.024; n is the number of genes used.

Table A9. Kolmogorov-Smirnov test for Pancreatic cancer.

Cancer Stage Kolmogorov-Smirnov
Statistic (Calculated Dn Value)

Normal 0.03062797
IPMA 0.04904261

IOIPMN 0.04815737
IPMC 0.05123668

Since Dn < Dnα we conclude by Kolmogorov-Smirnov that the data does not fit a log-normal
distribution, but it is a good aproximation as seen by all plots and the near D values.
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Figure A5. Hepatocellular carcinoma goodness of fit test plots part 1. Plots of goodness fits test
for a log-normal distribution is showed in each incise for gene expression data. Histogram, Q-Q
plot, CDFs and P-P plots are common plots to test a fitness of distribution. It can be seen that each
stage fit well for a log normal distribution. (a) Normal stage; (b) LGDLT stage; (c) HGDLT stage;
(d) VEHC stage.

α = 0.05 for an n > 35; Dn,α =

√
−0.5 ln( α

2 )√
n ; Dn,α = 1.358

24.26 = 0.0597.

Table A10. Kolmogorov-Smirnov test for HCC.

Cancer Stage Kolmogorov-Smirnov
Statistic (Calculated Dn Value)

Normal 0.05043655
LGDLT 0.05035987
HGDLT 0.05266466
VEHC 0.04894896
EHC 0.04728102
AHC 0.04770404

VAHC 0.04946804
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Since Dn < Dnα we conclude that the data is a good fit with the log-normal distribution.
In melanoma and squamous cell carcinoma of the lung, the Kolmogorov-Smirnov test was made

to probe the normal distribution.

H0: The sample follows a normal distribution
Ha: The sample does not follow a normal distribution

If Dn < Dnα it implies that the data is a good fit with the normal distribution.
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Figure A6. Hepatocellular carcinoma goodness of fit test plot part 2. Plots of goodness fits test for
a log-normal distribution is showed in each incise for gene expression data. Histogram, Q-Q plot,
CDFs and P-P plots are common plots to test a fitness of distribution. It can be seen that each stage fit
well for a log normal distribution. (a) EHC; (b) AHC; (c) VAHC.
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Table A11. Kolmogorov-Smirnov test for Melanoma.

Cancer stage Kolmogorov-Smirnov Statistic
(Calculated Dn Value)

NS 0.02327633
BN 0.03602832

AN2 0.02572476
INS 0.02299426
VGP 0.02791794
MGP 0.03271799
LN 0.03189103

Since Dn < Dnα we conclude that the data is a good fit with the normal distribution except for BN
which is a good approximation.
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Figure A7. Melanoma goodness of fit test plot part 1. Plots of goodness fits test for a log-normal
distribution is showed in each incise for gene expression data. Histogram, Q-Q plot, CDFs and P-P
plots are common plots to test a fitness of distribution. It can be seen that each stage fit well for a log
normal distribution. (a) Normal stage; (b) BN stage; (c) AN2 stage; (d) INS stage.
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Figure A8. Melanoma goodness of fit test plot part 2. Plots of goodness fits test for a log-normal
distribution is showed in each incise for gene expression data. Histogram, Q-Q plot, CDFs and P-P
plots are common plots to test a fitness of distribution. It can be seen that each stage fit well for a log
normal distribution. (a) VGP stage; (b) MGP stage; (c) LN stage.
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Figure A9. Squamous cell carcinoma of the lung goodness of fit test plot part 1. Plots of goodness fits
test for a log-normal distribution is showed in each incise for gene expression data. Histogram, Q-Q
plot, CDFs and P-P plots are common plots to test a fitness of distribution. It can be seen that each
stage fit well for a log normal distribution. (a) Normal stage; (b) HYP stage; (c) META stage; (d) MILD
DYS stage.
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Figure A10. Squamous cell carcinoma of the lung goodness of fit test plot part 2. Plots of goodness
fits test for a log-normal distribution is showed in each incise for gene expression data. Histogram,
Q-Q plot, CDFs and P-P plots are common plots to test a fitness of distribution. It can be seen that each
stage fit well for a log normal distribution. (a) MOD DYS stage; (b) SEV DYS stage; (c) C IN SITU stage;
(d) SQ stage.

Dn,α =
1.358
29.32

= 0.04631
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Table A12. Kolmogorov-Smirnov test for Squamous cell carcinoma.

Cancer Stage Kolmogorov-Smirnov Statistic
(Calculated Dn Value)

NS 0.0451448
HYP 0.04257946

META 0.03065325
MILD DYS 0.03673821
MOD DYS 0.02808452
SEV DYS 0.04279729

C IN SITU 0.03382777
SQ 0.04313791

Since Dn < Dnα we conclude that the data is a good fit with the normal distribution.

Appendix B. Method to Calculate the Determinant of a Matrix, Tables about the Statistics of
Local Networks for Each Cancer, and a Glossary of Terms

Appendix B.1. Calculation of the Determinant of the Covariance Matrix

A covariance matrix of X is a square k×k matrix whose generic (i,j)-th entry is equal to the
covariance between xi and xj The diagonal entries are equal to the variances of the individual
components of X (see equation below). Assuming two samples, the 2× 2 covariance matrix is given by:

k =

[
Var[X1] Cov[X1, X2]

Cov[X2, X1] Var[X2]

]

To calculate the determinant of the covariance matrix, we have:

|κ| =
[

1 0.3
0.3 1

]

|κ|= (1× 1)− (0.3× 0.3)

|κ|= 0.91

where | | denotes the determinant of the matrix.
The following tables summarize some descriptors of the local networks for each group in each cancer.

Table A13. Melanoma local networks and size distribution.

Group * Number of Local
Networks Size Distribution of Local Networks **

1 8 8:2

2 61 61:2

3 258 258:2

4 181 181:2

5 3 5:3

6 30 29:2, 1:4

7 546 201:3, 130: 4, 65:5, 41:6, 30:8, 27: 7, 13:10, 9:9, 9:11, 7:12, 2:13, 2:14, 2;15, 2:16,
2:19, 1:17, 1:20, 1:21, 1:22

8 925

106:3, 100:4, 104:5, 85:6, 73:7, 63:8, 46: 9, 51:10, 34:11, 25:12, 15:13, 18:16, 14:17,
15:18, 11: 19, 8:20, 7:21, 13:22, 12:23, 6:24, 4:25, 5: 26, 4:27, 2:28, 4:29, 4:30, 4:31,
3:32, 7:33, 4:35, 2: 36, 3:37, 4:38, 3:39, 1:40, 4:41, 2:42, 2:43, 2:44, 1:46, 1:48, 2:50,
2:52, 1:55, 1:62, 2:63, 2:35, 1:66, 1:70, 1: 73, 1:75, 1:90, 1:110, 1:118, 1:162, 1:171

* Group count start from the group with the minimum entropy values. ** First number correspond to the number of
local networks; second number corresponds to the size of the local networks, e.g., Group 6 has 29 local networks
with 2 nodes and 1 local network with 4 nodes.
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Table A14. HCC local networks and size distribution.

Group * Number of Local
Networks Size Distribution of Local Networks **

1 9 9:2

2 68 68:2

3 102 11:3, 91:2

4 91 91:2

5 42 31:4, 11:3

6 43 1:5, 42:4

7 47 47:5

8 31 31:6

9 47 16:7, 31:6

10 34 4:9, 16:8, 14:7

11 106 1:83, 1:63, 1:55, 1:54, 1:50, 1:43, 1:40, 1:38, 1:32, 1:30, 1:29, 1:26, 2:25, 3:23, 1:22,
2:21, 3:20, 3:19, 4:18, 7:17, 5:16, 3:15, 6:14, 4:13, 8:12, 7:11, 12:10, 8:9, 16:8

* Group counts start from the group with the minimum entropy value. ** First number corresponds to the number
of local networks; second number corresponds to the size of the local networks, e.g., Group 1 has 9 local networks
with 2 nodes.

Table A15. Pancreatic local networks and size distribution.

Group * Number of Local
Networks Size Distribution of Local Networks **

1 87 87:2

2 341 341:2

3 26 1:3, 25:2

4 17 17:3

5 267 267:3

6 10 10:2

7 22 2:5, 20:4

8 1170

203:4, 150:5, 138:6, 104:7, 82:8, 72:9, 63:10, 45:11, 38:12, 33:13, 32:14, 19:15, 17:19,
13:20, 12:17, 9:26, 9:25, 9:21, 9:18, 8:29, 8:24, 8:23, 6:22, 5:33, 4:30, 4:28, 4:27, 3:51,
3:47, 3:43, 3:36, 3:32, 2:79, 2:62, 2:55, 2:53, 2:49, 2:41, 2:37, 2:35, 2:34, 1:168, 1:128,
1:89, 1:83, 1:78, 1:77, 1:69, 1:66, 1: 63, 1:61, 1:54, 1:42, 1:39, 1:38, 1:31

9 5 1:40, 1:19, 1:10, 1:7, 1:4

* Group counts start from the group with the minimum entropy value. ** First number corresponds to the number
of local networks; second number corresponds to the size of the local networks, e.g., Group 3 has 1 local network
with 3 nodes and 25 local networks with 2 nodes.

Table A16. Squamous cell carcinoma local networks and size distribution.

Group * Number of Local
Networks Size Distribution of Local Networks **

1 16 16:2
2 117 2:3, 115:2
3 174 16:3, 158:2
4 143 126:3, 17:2
5 77 36:4, 41:3
6 67 1:5, 66:4
7 49 48:5, 1:4
8 33 24:6, 9:5
9 33 2:7, 26:6
10 32 31:7, 1:6
11 29 11: 8, 2:7
12 13 1: 9, 12:8
13 11 11:9
14 11 11:10
15 7 7:11
16 4 1:11, 3:12
17 3 3:12
18 28 1: 24, 2:23, 1:21, 1:18, 5:17, 1:16, 4:15, 6:14, 7:13
19 12 1: 57, 1:56, 1:37, 1:36, 1:35, 1:33, 1:29, 2:24, 1:22, 1:18, 1:16, 1:14

* Group count start from the group with the minimum entropy values. ** First number corresponds to the number
of local networks. Second number corresponds to size of the local networks, e.g., Group 12 has 1 local network with
9 nodes and 12 local networks with 8 nodes.
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Appendix B.2. Glossary

Sample—It is the gene expression levels coming from one individual.
Network—All the nodes from the APID PPI data that represents the selected genes from the differential
expression analysis for each stage in each type of cancer.
Subnetwork—A group of local networks binned together based on similarity of Multivariate Normal
entropy in the normal group.
Local network—It is one node of the network plus its immediate neighbors based on the APID PPI data.
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Abstract: Lung cancer is one of the most common and deadliest types of cancer. Most often, diagnosis is made in 
the later stages of the disease, with few treatment options available. Squamous cell carcinoma of the lung (SCCL) 
is one of the most common types of lung cancer. Knowledge concerning its carcinogenic process lags behind that 
of other cancers of the lungs. Aiming to understand the biological phenomena underlying each stage of the disease 

corresponded to the carcinogenic process. New relevant genes for early diagnosis and treatment are proposed and 

in silico
potential application for diagnosis and treatment of the disease.

Keywords: Squamous lung cancer, carcinogenesis, microarray, carcinoma, transcriptome

Introduction

In 2018, statistical epidemiological estimates 
showed that lung cancer is one of the most fre-
quent and deadliest types of cancer, worldwide, 
even in developed countries. For both sexes, 
statistics showed 2,093,876 new cases and 
1,761,007 deaths [1, 2]. Lung cancer is com-
monly divided into two types, small cell lung 
cancer (SCLC) and non-small cell lung cancer 
(NSCLC). NSCLC comprises approximately 85% 
of all lung cancers [3, 4]. NSCLC adenocarcino-
ma and squamous cell carcinoma (SCC) of the 
lungs are the most prevalent [5, 6]. However, 
cancer therapies mostly focus on treatment of 
adenocarcinoma. Incidence of adenocarcino-
ma has increased in recent years [5]. In most 
patients, cancer diagnosis is made in late stag-
es when metastasis is often present and avail-
able treatments are not as effective [7]. Surgery 
is the best treatment option, but only in the ear-
lier stages of the disease. Available therapies 

for advanced stages are limited. There has 
been little improvement observed in patient 
survival. Standard treatment consists of plati-
num-based doublet therapy [7, 8]. Squamous 
cell carcinoma of the lungs is mainly associat- 

process is described by different stages. The 
-

sia, varying degrees of dysplasia, and carcino-
ma in situ -
noma [6, 9]. Histology is the main criterion  
in classifying stages of carcinogenesis. Some 
chromosomal losses appear in the process [6]. 
A better understanding of pre-disease and early 
events that occur during the carcinogenic pro-
cess will assist in improving early diagnosis and 
achieving better outcomes. The current study 

-

better understand the carcinogenic process of 
SCC. This study highlights genes with the most 
sta
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biological processes for each stage are de- 
scribed with the help of gene ontology. This 
study also used a Protein-Protein interaction 

high number of connections.

Materials and methods

Data retrieval

A search was conducted in the National Center 
 

ion Omnibus database, retrieving the following 
 

represent carcinogenic stages. The samples 
were divided, including 13 with normal histolo-

 
lected as the control group, including 15 for 
metaplasia, 13 for mild dysplasia, 13 for mod-
erate dysplasia, 12 for severe dysplasia, 13 for 
carcinoma in situ, and 14 for squamous cell 
carcinoma of the lungs. The platform was: Agi- 

 
-

formed using R v3.4.3 software (http://www.R-
project.org).

Differential gene expression analysis

First, this study obtained preprocessed data 

the GEOquery hgug4112a.db R 
 

to the data [10]. Differential gene expression 
-

parison of each stage against the control using 
the limma
model before comparisons and calculates a 
moderate t-statistic for each contrast [11, 12]. 
A p-value was obtained. It was adjusted based 

Rate correction using limma [11, 13]. Volcano 
plots were constructed for each cancer stage, 
in which upper left and upper right points in the 

criterion: False Discovery Rate (FDR) adjusted 
p-value < 0.05 and a Fold Change value > 1.5 
or < -1.5. 

Gene ontology enrichment analysis

-

As the gene universe, all of the genes contained 
in the Agilent chip and hgug4112a.db library 
were used for annotation. Relevant genes were 
the ones showing an FDR adjusted p-value < 
0.05. Statistical testing for topGO classic Fi- 
sher, classic Kolmogorov-Smirnov (KS), and a 
variation of KS (elimKS) available in the topGO 
program, was conducted. Classic Fisher is bas- 
ed on gene counts. It is related to hypergeo- 
metric probability, rendering a p-value of the 
overlap between two independent sets. In the 

analysis (MEA), which considers inter-relation-

was input [14, 15]. Classic K-S and elimKS are 
 

richment analysis which reduces arbitrary fac-
tors and uses all information of the microarray. 
They use scores (p
analysis as input. Moreover, elimKS is a more 
conservative KS variation [14, 15]. More enrich-
ment analysis was made using PANTHER v13.1 
(PANTHER Enrichment Test Released 201704- 
13). Input data were the list of selected genes 

 
verse was the database default for Homo sapi-
ens

 
se Released 2018-09-06) [16]. Selected analy-
sis for PANTHER was statistical overrepresen-
tation enrichment testing. The test type was 
Fisher’s exact test, with FDR multiple test cor-
rection. This study compared the results of top- 
GO and PANTHER GO enriched 
terms in each stage, except for hyperplasia. No 
statistical differences were found with limma 
and the normal stage (used as control), accord-
ing to differential gene expression analysis.

Network construction and analysis

For this study, researchers downloaded the full 
interactome of Homo sapiens from Mentha 
database [17]. Retrieval, construction, man-

made with Cytoscape software. Retrieved inter-
actions were curated by the database, which 
only integrates data from experimentally deter-
mined direct protein interactions [18]. For net-

bind nodes), nodes (ellipses that represent a 
protein), and self-loops were deleted to create 

-
late the number of connections for each node 
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of the highlighted genes in the Volcano plots 
were retrieved from the basic template net-

each node. The size represents the number of 
connections they had in the original template. 
Next, generated lists of all the genes selected 

merged. Duplicated genes were deleted, creat-
ing a single list with 2,199 genes. This list was 

 

Nodes that matched the previous list were se- 

had no connections. Thus, it was processed to 
eliminate these nodes, creating a unique net-

 
 
 

ee, number of connections of each node, and 
betweenness. This is a measure based on the 
shortest paths (the short path from a point a to 
a point b), indicating that it is a measure of 
highest number of times that a node is passed 
by the shortest paths [20].

Results

First, differential gene expression analysis was 
conducted, using double criteria calculated 
from the volcano plots for every stage of the 
carcinogenic process. Figures 1A-D and 2A,  
2B show the so-called pre-disease stages. In 
Figure 2C, the cancer stages are shown. As 
stages become more advanced, the number of 

 
ge and statistical p-value (see Figure 2D for a 
better understanding), indicating greater alter-

-
ing to the advancement of the disease. This 
could indicate a necessity of the cells for new 
processes to be upregulated or downregulated, 
depending on the requirements for its deve- 
lopment and potential outcomes of cancer 
stage and metastasis. An example is the case 
of metalloprotease proteins, which were detec- 
ted in the moderate dysplasia stage (See Table 
S1 in Supplementary Information at the end of 
the paper), upregulated (data not shown) with 
the highest number of them in the carcinoma in 
situ and squamous cell carcinoma stages. 

Figure 1.
FC > 1.5 and the minor p-value are selected were tagged with their respective names in each cancer stage. Vertical 
lines divided the genes by FC criteria > 1.5 to the right (over expressed) or < -1.5 to the left (down expressed). The 

p-value cutoff: above the line < 0.5, in the line = 0.05, down the line > 0.05.
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and presented in Table S1, which corresponds 
to the genes with a differential expression. For 
each stage, two genes are pointed out using an 
arrow with their respective names, except for 
the hyperplasia stage, which shows no statisti-

squamous metaplasia and oral squamous cell 
-

gested that its upregulation suppresses RAS- 
SF4, a tumor suppressor [22-25]; b) Mild dys-

that binds to the Fc region of immunoglobulins 

Figure 2.

Figure 3.

-
nected node. The size of the nodes is related to the number of connections 

In Figure 1, selected genes for 
each stage (except for hyper-

 
M6A-This is a protein involved 
with neural differentiation. It 
may be involved in regulation 
of endocytosis and intrace- 

coupled receptors. Thus far,  
it has not been associated 

is an envelope protein with 
-
-

cytes. It can function as an 
amine donor and acceptor  
in transglutaminase-mediat-
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Figure 4.

with KRT16.

epsilon. It can mediate the secretion of some 

suggested that its expression is an indepen-

28]; CLCA3P-This is a pseudogene. When it is 
cloned and expressed, it produces a protein 
that is secreted into the culture supernatant, 
but no function has yet been ascribed [29]; c) Mo- 

 
ratin protein that could act as a regulator of 

breach. In oral squamous cell carcinoma, it is 
overexpressed. In metastatic breast cancer, it 
is associated with a shorter relapse-free sur-
vival [30-32]. Although Figures 3-5 shows that 

-
tions, proteins that were connected to them 
had plenty of interactions. Thus, they seem to 

processes. KRT16 had more direct interactions 

than others. It also had interactions with highly 
connected proteins, as seen in Figure 4.

In Figure 2, selected genes included: a) Severe 

hydroxysteroid 17-beta family. Its function is 
 

ed hepatocyte lines increases lipogenesis. In 
hepatocellular carcinoma, its downregulation 
has been associated with worse survival in 

-
tin. It has been suggested that its upregula- 
tion might contribute to renal cell carcinoma 
progression [35, 36]; b) Carcinoma in situ: 
ASXL3-This is a putative polycomb group pro-
tein. It acts by forming multiprotein complexes 
to maintain a repressive state in lung induced-
pluripotent stem cells. Its silencing has inhi- 
bited proliferation and diminished malignant 
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Figure 5. in situ; (C) Squamous cell carcinoma of 
the lungs; (D) Color codes. The two genes with FC > 1.5 and the minor p-value are selected and tagged with their 
respective names in each cancer stage. Vertical lines divided the genes by FC criteria > 1.5 to the right (over ex-

p-value cutoff: above the line < 0.5, 
in the line = 0.05, down the line > 0.05. 

growth in small cell lung cancer cells. Thus, it 
was proposed to be a novel candidate target  
for therapy [37, 38]; NMRAL2P-This is a pseu-

-
scriptional target of Nrf2 in colon cancer cell 
lines [39]; c) Squamous cell carcinoma of the 
lungs: NR3C2-This is a mineralocorticoid recep-
tor. It binds to mineralocorticoid response ele-
ments and transactivates target genes. Re- 
duced levels of expression have correlated with 
poorer survival in pancreatic ductal adenocar-
cinoma [40, 41]; SOD2-This is a superoxide dis-
mutase which destroys superoxide anion radi-
cals. It was observed to have tumor suppres-
sive and promoting functions [42, 43]. Figures 
6-8
for highlighted proteins (Figure 5). Except for 

Figure 6), the proteins had interac-

and KRT16 had the most direct interactions.

To gain further insight concerning the underly-
ing processes, this study conducted enrich-
ment analysis with different methods, using 
two different software platforms. Results were 
compared to found matches, as summarized in 

Table 1. Table 1 only shows the results that 

Table 2
function and cellular component did not have  

Tables 
2 and 3

Table 1), cell division was found to be 
important in four stages between metaplasia  
to carcinoma in situ (except mild dysplasia). 

which could mean that this process starts ear- 
ly in the carcinogenic process. DNA replicati- 
on initiation was found in two stages (moderate 
and SCC) and sister chromatid cohesion was 
found in two stages (moderate and severe dys-
plasia). Table 2
(MF). Protein binding was found in the four stag-
es from moderate dysplasia to squamous cell 
carcinoma. Table 3 -
nents (CC). Cytosol and condensed chromo-

-
es, except for mild dysplasia. Extracellular exo-
some was encountered in mild dysplasia and 
squamous cell carcinoma.
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protein products of genes that were selected  
-

ed degrees (number of connection) and be- 
Table 

4
descending order, are shown. They may play im- 

-

Its upregulation could promote esophageal 
squamous cell carcinoma [44, 45]; MCM2 (up- 

in cell cycle regulation [46, 47]. MCM2 deregu-
lation was found to be involved in lung cancer 

be overexpressed in oral squamous cell carci-
noma cells. Its suppression inhibits cancer 

in ubiquitination and proteasomal degradation. 

more resistant to treatments, such as doxorubi-

not been reported in cancer. Its function re- 
 

these genes has been associated with cancer 
promotion or patient poor survival [22, 30, 31, 

the carcinogenesis process. It is downregulat-
ed, but it has not yet been associated with can-

coupled receptors, it could play an important 
role in SCC promotion. The latter, together with 
the above-mentioned genes, may play a role as 

of the highlighted genes matched those ob- 
served in other types of cancers. Therefore, th- 
ey should participate as cancer promoter-genes 

 
em potentially useful as therapeutics targets. 
In this list of highlighted genes, there were  

cin and paclitaxel [50, 51]; 
DDIT4L (downregulated) acts 
as an inhibitor of mTOR sig- 
naling. It was found that its 
downregulation promotes cu- 
taneous SCCL proliferation 
[52-54]. These proteins may 
also function as an axe of reg-
ulation, due to high connectiv-
ity and the short paths that 
pass through them. However, 
the genes previously highlight-
ed are not in the list of top 
nodes, but they are biological-
ly relevant.

Discussion

During analysis, a wide variety 
 

ange of expression were de- 
tected. This study points out 
some of them, denoting the 
possible importance of their 
expression during the carcino-
genesis process of squamous 
cell carcinoma of the lungs. 
Most of the highlighted genes 
have been reported in other 
types of cancer [22, 26, 30, 
31, 35, 39, 43]. Only CLCA3P, 
which is a pseudogene, had 

Figure 6.
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mild dysplasia stage, including SOD2 since the 
carcinoma in situ stage, ASXL3 since the se- 
vere dysplasia stage, and NR3C2, only in the 
cancer stage. Only MS4A2 was found to be sig-

dysplasia stages. Some upregulated genes 

This is a family of structural proteins. In pre-
invasive lesions, this study found two types of 

Figures 1, 2). 

Figure 7.
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As mentioned before, these proteins do not 
have much interaction, compared to other pro-
teins (Figures 3-8). However, since they are 
connected to highly connected ones, they are 

-

supporting and visualizing results of volcano 
plots. These plots assist in observing details  
of how the highlighted genes are connected. 
Centrality measures, such as degrees and be- 

 
-

tance. However, this analysis only provides a 
glimpse of the full panorama of what is happen-
ing biologically. The full panorama is obtained 

that the 

55]. Also, a portion of the genes related to  

for possible combined multi-target treatment of 
SCCL. Some processes and genes that are 
upregulated or downregulated were detected, 
beginning with the earliest moments of the car-
cinogenic process. They continued to the last 
stages of the process, suggesting importance 
not only in cancer per se but also in pre-disease 
stages. This could also be the case for KRT16. 
KRT16 expression was different and statisti-

way to SCCL. Further experimentation is neces-
sary to validate the genes proposed in this 
study, determining whether they are also useful 

-
ic process.

Conclusion

herald the development of squamous cell car- 
cinoma of the lungs. These genes were shown 

change in expression values, 
beginning at the earliest mo- 
ment of the carcinogenesis 
process (data not shown). This 
suggests that they could be 
necessary in reaching the can-
cer stage. Subsequent devel-
opment may be in a way, simi-
lar to that which occurs with 

carcinoma and breast cancer, 
respectively [30, 35]. Another 
process that was pointed out 
by enrichment analysis was 
cell division. This was expect- 
ed due to the constant cell  
division in cancer cells. A very 
important portion in the num-
ber of genes was found to be 

 
re none in the ones selected 

 

enrichment analysis showed 
that the processes in which 
they participate are relevant in 

-
sis also found them as impor-
tant participant proteins in the 

proposed that they should be 
studied as a group of proteins 

Figure 8.
that are connected to ASXL3. The size of the nodes is related to the number 

are connected to NR3C2 are shown. The size of the nodes is related to 

HSP90AA1 is the most connected node that interact directly with NR3C2.
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Table 1.

Metaplasia Mild dysplasia Moderate dysplasia Severe dysplasia Carcinoma in situ Squamous cell carcinoma

 Anaphase-promoting complex-dependent Neutrophil degranulation  

DNA replication initiation  

Sister chromatid cohesion  Anaphase-promoting complex-depen-

DNA replication initiation Anaphase-promoting complex-dependent 

Table 2.

Molecular function*

Alditol: NADP+ 1-oxidoreductase Structural constituent of muscle Phosphatidic acid 

1990050)

Protein binding 
0005515)

Cadherin binding  
0005515)

Dynein light chain binding 

Microtubule motor activity 

Table 3.
Cellular component*

Extracellular exosome 

Condensed chromosome outer Condensed chromosome outer Condensed chromosome outer Condensed chromosome outer -

-

Tertiary granule membrane  
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-
-

vidual genes, previously reported in many types 
of cancer, that are relevant in the processes  
of growth, metastasis, and cell division. Net- 

 

processes were expected to be relevant, includ-
ing cell division or DNA replication initiation. 

-
ma of the lungs, contributing a wealth of infor-
mation concerning its carcinogenesis. Results 
obtained from this in silico approach constitute 

research is necessary, corroborating the po- 
tential application of these in diagnosis and 
treatment of the disease.
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DISCUSIÓN GENERAL 

La presente discusión está dividida en tres partes, la primera y la segunda, tratan sobre lo encontrado 
en la primera y segunda publicación respectivamente, la tercera parte trata sobre un cierre general a 
lo mostrado por ambos artículos. El primer artículo versa sobre el uso de una métrica obtenida de la 
teoría de la información la cual es la entropía. Esta medida se escogió dados los antecedentes, algunas 
de las definiciones de esta son: 1) el número de bits en promedio que se requieren para describir a 
una variable aleatoria, 2) el número de preguntas necesarias para identificar a una variable y 3) una 
medida de la incertidumbre promedio de una sola variable en bits (Cover & Thomas, 2006). Tomando 
en consideración los antecedentes que se tenían hasta ese momento, de la relación de esta métrica 
para el estudio de redes de cáncer y de los patrones de expresión genética, se realizó una unificación 
de todos estos con la finalidad de obtener nuevos resultados, cuyo uso pudiera servir para el 
tratamiento y detección de cuatro tipos de cáncer, que fueron seleccionados dada su importancia, 
disponibilidad de datos de pacientes y de datos acerca del proceso carcinogénico. El carcinoma de 
células escamosas de pulmón tiene una alta proporción en el número de casos de cáncer de pulmón, 
así como el hepatocarcinoma dentro del hepático; además estos dos forman parte de los principales 
tipos de cáncer con más fallecimientos y nuevos casos reportados en el mundo. A su vez, el cáncer 
de páncreas y el melanoma a pesar de no tener tantos casos como los mencionados anteriormente, 
estos tienen un importante papel dado que tienen altas tasas de mortalidad. En el caso del melanoma 
es la principal causa de muerte por cáncer de piel. La entropía funcionó como un filtro adicional al 
tratamiento tradicional de datos para análisis de expresión diferencial de genes, el cual incluye el 
cálculo del Fold Change, el valor p ajustado por FDR y la visualización de estos mediante gráficas 
volcano. En el trabajo se utilizaron los valores de expresión normalizados, integrados a las redes, y 
el concepto de redes locales para la creación de matrices, que permitieron el cálculo de entropía, lo 
que permitió observar un patrón generalizado en estos cuatro tipos de cáncer, el cual fue un cambio 
en el valor de entropía durante la transición pre-cáncer/cáncer. El patrón observado consistió en un 
súbito cambio entre los estadios pre-cancerígeno al cancerígeno: un aumento en la entropía en 
aquellos datos que provenían únicamente de la expresión de genes, un descenso en aquellos donde 
los datos provenían de las redes locales y la expresión de los genes de cada uno de los nodos que 
componían dichas redes. En estos últimos se obtuvo que dichos cambios son estadísticamente 
significativos en tres de los cuatro tipos de cáncer analizados. Este cambio en la entropía muestra una 
similitud como uno de los detectados en algunos sistemas complejos el cual es conocido como 
desaceleración crítica. Este fenómeno, genera cambios característicos en el comportamiento de un 
sistema y ocurre cuando se encuentra cerca de una transición crítica. Este fenómeno se ha observado 
de diferentes maneras como el cambio en la varianza y la autocorrelación de diferentes parámetros 
medidos, por ejemplo, lo que ocurre en el cerebro antes de que exista una crisis epiléptica, donde hay 
un incremento súbito en la varianza de la señal segundos antes de que se dé la crisis. En el caso de la 
entropía este cambio súbito esta principalmente influenciado por los patrones de expresión que se 
están teniendo en cada uno de los estadios, muestra la incertidumbre que existe entre un estadio y el 
otro respecto a la señal detectada; los patrones de expresión diferencial cuando se encuentra en el 
estadio del cáncer son muy diferentes respecto a lo que se encuentra normalmente. El punto en donde 
ocurre la transición crítica en este caso es cuando se pasa al estadio de cáncer. Además de este análisis 
general, se utilizó a la entropía, como una medida adicional a los filtros de Fold Change y el FDR, 
con el principal motivo de poder remarcar de manera puntual a genes cuyos cambios en su expresión 
y en las funciones biológicas de sus productos proteicos estuvieran promoviendo el desarrollo tumoral 
en cada uno de los estadios. Una vez realizado esto, se obtuvieron diferentes grupos de genes en cada 
uno de los estadios. Estos grupos de genes, presentaban cambios en su entropía, que fueron 
visiblemente detectables aplicando una escala para el análisis de cada una de las redes de cáncer. 
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Algunos de estos genes, habían sido señalados previamente en otras investigaciones, debido a su 
función en el apoyo al desarrollo carcinogénico en el mismo tipo de cáncer o en otros tipos. Varios 
de estos genes fueron resaltados como importantes para un futuro estudio, en donde se analice el 
impacto que tienen estos, en el progreso de los tipos de cáncer en los cuales estaban teniendo el 
cambio, la selección se basó en aquellos que no tenían estudios previos específicos para el tipo de 
cáncer en el que fueron resaltados, y cuya función biológica que normalmente desempeñan podría 
llegar a tener una influencia en el desarrollo del cáncer. Los genes seleccionados como de importancia 
para la transición pre-cáncer a cáncer en cada uno de los cuatros tipos de cáncer fueron los siguientes: 
para melanoma, FDX1, MUT, VAMP4, DENND4A, para hepatocarcinoma, CEP41, para el cáncer 
pancreático, FAR1, HCCS y para el carcinoma de células escamosas de pulmón, PIH1D2. Todos 
estos participan en procesos muy variados, como es el caso de FAR1 el cual cataliza la reducción de 
acil-CoA graso de C16 o C18 saturado e insaturado a alcoholes grasos, o el caso de CEP41 que es 
requerido durante la ciliogénesis para la glutamilación de la tubulina en los cilios (UniProt, s/f). 
 El segundo trabajo se realizó en el carcinoma de células escamosas, específicamente fue un 
análisis in silico de todo el proceso carcinogénico el cual ya se encuentra descrito en la literatura, sin 
embargo, hasta ese momento y para conocimiento de los autores no existía un estudio de este tipo 
que englobara a todo el proceso. El proceso consiste de 7 estadios, dentro de los cuales se encuentra 
el estadio donde el cáncer ya se encuentra establecido. Adicionalmente se utilizó el estadio normal el 
cual fungió como control. En este trabajo, se lograron identificar los procesos biológicos y la función 
molecular que principalmente se encontraban afectados y los cuales tendrían una gran relevancia para 
el desarrollo de este cáncer, para esto se utilizaron dos programas de enriquecimiento de datos basados 
en la ontología génica. Un ejemplo de un proceso biológico señalado es la cornificación, el cual es 
considerado como un tipo de muerte celular, en el cual va aumentando la queratinización. La 
queratinización es una de las principales características citológicas que se presentan en este cáncer. 
Este proceso se observó muy enriquecido durante los estadios tempranos que aún no son cancerígenos. 
Adicionalmente se realizó la construcción de redes con los resultados del análisis de expresión 
diferencial. Usando las métricas estadísticas para redes conocidas como medidas de centralidad, se 
realizó la identificación de manera rápida de aquellos componentes dentro de la red que pudieran ser 
importantes. Cabe destacar, que el uso de estas medidas es muy amplio en diferentes áreas del 
conocimiento. Se usaron dos, de las cuales los estudios en estudios en levadura han demostrado ser 
acertadas al identificar componentes funcionales que tienen gran impacto en la estabilidad y 
desarrollo de las células a nivel biológico y que fueron comprobados experimentalmente. Las medidas 
fueron las conocidas como intermediación y grado. Este estudio identificó algunos genes, que 
previamente han sido señalados como drivers en algunos tipos de cáncer como por ejemplo MYC y 
AURKA, que se encontraban sobreexpresados y actúan en la promoción del desarrollo en este tipo 
de cáncer, este último gen relacionado con el progreso del cáncer de pulmón y por otro lado en el 
caso de CUL3 la cual se encontraba subexpresada concuerda con lo encontrado en otros estudios, 
donde se ha visto que actúa como un supresor de tumor para este tipo de cáncer (Gabay et al., 2014; 
Inamura, 2017, p. 3; Lo Iacono et al., 2011). En este trabajo se realizó el uso de un término el cual no 
había sido utilizado en este tipo de redes biológicas, el cual es: gatekeeper, esto se logró a través del 
estudio visual de las redes en donde se seleccionaron los nodos cuyos primeros vecinos estaban 
ampliamente conectados a pesar de que estos nodos seleccionados no lo estaban. El término 
gatekeeper hace alusión a lo que su propio nombre indica: “guardián de la puerta”. En este trabajo se 
está proponiendo que los productos proteicos, los cuales están representados en las redes, fungen 
como mediadores del acceso a diferentes procesos biológicos, y esto sucede en cualquier red de 
interacción proteína-proteína. Por tanto, este concepto puede ser aplicado a cualquier red que sea de 
este tipo. 
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El presente trabajo logró obtener diversos resultados, que a grandes rasgos denotan nuevas opciones 
de grupos de genes, que pudieran ser usados en los distintos tipos de cáncer analizados con diferentes 
fines ya sean terapéuticos, de monitoreo o para obtener un mejor entendimiento del cambio que ocurre 
en los sistemas de regulación celular en las distintas etapas del proceso carcinogénico en distintos 
tipos de cáncer; además, en el segundo artículo se está realizando por primera vez un análisis y 
descripción integral de manera in silico de lo que sucede en este tipo de cáncer así como un aporte de 
tipo conceptual, dado que se está incluyendo el uso de un concepto nuevo, que hemos propuesto para 
la interpretación de los resultados obtenidos mediante el análisis de redes. Este nuevo concepto no 
sólo aplica en la enfermedad del cáncer, sino que es general para todo tipo de redes de interacción 
proteína-proteína (PPI por sus siglas en inglés) y cuyo origen es de una medida de centralidad que 
forma parte de la teoría de redes, que ahora se le está asignando una interpretación biológica y con 
esto se abre un nuevo panorama para una interpretación más funcional cuando se usa esta métrica de 
redes.   
 

CONCLUSIONES GENERALES 

El análisis de distintos tipos de cáncer usando diferentes métricas y métodos permitieron la 
identificación de un cambio general y súbito, que acontece en cuatro tipos de cáncer durante su 
proceso carcinogénico, el cual está representado por la entropía de la información. Dicho cambio es 
representativo de lo que va sucediendo en los distintos estadios, dado sus patrones de expresión 
genética. Los grupos de genes identificados por cada estadio pueden tener potencial impacto en el 
desarrollo de cada uno de los cánceres y podrían ser considerados para una evaluación experimental 
y conocer su viabilidad como candidatos para el desarrollo de nuevas terapías. En el caso específico 
del carcinoma de células escamosas de pulmón, se encontró de manera teórica a los principales 
procesos y genes afectados en cada uno de los estadios de su carcinogénesis. Sin embargo, aún se 
necesitan extensos estudios experimentales primeramente a nivel in vitro y subsecuentemente a nivel 
in vivo, para incentivar y conocer la viabilidad de estos en el desarrollo de posibles nuevas terapias. 
Por último, la introducción de un nuevo término en el análisis de redes biológicas de interacción 
proteína-proteína permitirá una interpretación más amigable de los resultados obtenidos de estas.  
 

RECOMENDACIONES GENERALES 

• Realizar los análisis presentados en estos estudios en diversas poblaciones 
• Ampliar el número de muestras usadas y a su vez utilizar single-cell sequencing para evaluar 

distintas poblaciones dentro de un mismo cáncer 
• Analizar otros tipos de cáncer con esta metodología para excluir y corroborar aquellos donde 

el resultado respecto a la entropía sea similar a los mostrados en estos trabajos. 
• Evaluar a nivel experimental el impacto de los genes mencionados para el proceso 

carcinogénico. 
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