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Questions To Study

* What is cancer?

* What drives a cancer to start, progress, metastasize?

* Why cancer characteristics tend to be organ-specific?
* What dictate age-dependent cancer occurrence rates?
* What drives drug resistance by cancer cells?

* Why metastasized cancers behave differently from their primary

counterparts?

I



Format

* Lectures: 9:00 —12:00pm each day, December 2 — 4, 2025

* Reading: handouts posted online at

sysbio.med.sustech.edu.cn/ZRjE6N.html#cn-downloads

* Teaching Assistants s
*s &) sk e @
* Ms. Jing Yan (/=47 ) | P
e Mr Bocheng Shi( & 1#1%,) @] b, i |

 Ms. Yinghua Zhao (& 3 4¢)
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https://sysbio.med.sustech.edu.cn/

Reading Material and References

* All lecture and reading material are downloadable from online

* “Introduction to cancer biology” (a free on-line book), by Momna
Hejmadi
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Expectation of the Students

* Read the short book “Introduction to cancer biology” and the
suggested literature

* Active participation in in-class discussions and no private in-class
conversations

* Have your phones switched off and absolutely no phone calls in
class!




Lecture 1

Introduction to Cancer Biology:

Study of cancer from an informatics perspective



What is Cancer According to Literature

A cancer is often defined as a collection of cells that grow uncontrollably
by disregarding the rules imposed on normal cells/tissues, which can
invade and colonize other tissues

While the definition is simple, we do not have a detailed understanding
about what causes a cancer and what drives the disease.

Yet, as we will learn later, this definition may not capture the true essence
of the disease.

o



A Historical Perspective

* A case of breast cancer was identified and clearly documented by Egyptian
physician Imhotep 4,50 years ago

* Itis Greek physician who named the disease kartinos 2,200 years ago,
Greek word for crab, now coming down to us as cancer

* Multiple theories were developed in the past 1,000 years, particularly since
19th century when surgeries, along with anesthesia and antibiotics, were
widely used to treat human illness

* The first major breakthrough in understanding of cancer at the molecular
level is the observation by German biochemist Dr. Otto Warburg that
cancer cells tend to use glycolytic fermentation pathway regardless of the
level of available O2.



A Historical Perspective

*In 1960's, Warburg stated: Cancer ... has countless secondary §-
causes; but there is only one prime cause, (which) is the
replacement of respiration of oxygen in normal body cells by a
fermentation of sugar.

* He went on to further state: ... the de-differentiation of life takes
place in cancer development. The highly differentiated cells are
transformed into non-oxygen-breathing fermenting cells, which
have lost all their body functions and retain only the now useless
property of growth ... What remains are growing machines that
destroy the body in which they grow

Otto Warburg 1931
Nobel prize winner



A Historical Perspective

* The first oncogenic virus was discovered by Peyton Rous of ’
Rockefeller Institute in 1916 (received Nobel Prize in 1966)

* Rous excised a sarcoma in a chicken, ground and injected the
soluble filtrate into chickens; then a sarcoma would develop

* After years of intensive research, the transmissible agent was
identified as the Rous sarcoma virus (RSV)

* The actual oncogenic element in the retroviral genome was a
mutated gene SRC



A Historical Perspective

* The concept of oncogene was coined in 1969 by NIH scientists,
George Todaro and Robert Heubner

* The first confirmed oncogene was discovered in 1970 and was
termed SRC by Dr. Steve Martin

* For demonstrating over-expression in human SRC can transform
normal cells to cancer cells, Bishop and Varmus received Nobel

Prizein198g, 7145 7 A3 £ A H ® T 4 £ &9 4K

Bishop and Varmus, 1989 “‘i :J
Nobel prize winners 1/



A Historical Perspective

* The discovery of (proto)oncogenes by Bishop and Varmus and tumor
suppressor genes by AG Knudson, both in 1970s, laid a foundation for
the now popular theory that cancer is the result of genomic
mutations. This theory has dominated the thinking in cancer research

for ~40 years

* Philadelphia chromosome is believed to be the cause of CML, a type
of blood cancer




A Historical Perspective

* The first mutation-driver model of cancer was proposed in 1990 by
Fearon and Vogelstein based on the observation that vast majority
of colorectal cancers have mutations in the APC gene

APC gene RAS gene DCC gene .
mutations mutations T P53 mutations

Normal Initial Intermediate Late

Epitheliu 4 Adenoma e A Adenoma J Al Adenoma Cancer

Bert Vogelstein |



Phenotypic Characteristics of Cancer

* While substantial amount of information has been generated
about cancer (over 1 million research articles), it remains largely
unclear what really constitutes a cancer at the cellular and tissue
level!

* Hanahan and Weinberg published two seminal papers "The
Hallmarks of Cancer” and "The Hallmarks of Cancer: the next
generation”, which for the first time defines the distinguishing
molecular level characteristics of a cancer




Hallmarks of Cancer

Sustaining proliferative
signaling

Resisting Evading growth
call death SUPPrassors

Inducing Activating invasion

angiogenasis and metastasis

Enabling replicative
immortality

Sustained proliferative signaling
Evading growth suppressors
Resisting cell death

Enabling replicative immortality

Emerging Hallmarks

Avoiding immune
destruction

Deregulating cellular
energetics

Genome instability
and mutation

Tumor-promating
Inflammation

Inducing angiogenesis

Activating invasion/metastasis
Reprogramming energy metabolism
Avoiding immune destruction



l: Sustained Proliferative Signaling

* Normal cells will proliferate only when they receive “growth signals”

* Cancer cells, for "unknown” reasons, grow without necessarily having
such signals
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Sustained Proliferative Signaling

Abnormal signaling by Ras (as an oncogene)

Growth Factor

— B
— ~ Growth Factor Receptor
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Oncogenes

Oncogenes are genes whose over-expression or mutations can

lead to cancer

® Hundreds of oncogenes

have been identified

® Different cancers may
have their own main
oncogenes

Normal protein but

quantitative increase
due to altered
regulation

Abnormal protein due Abnormal fusion
to mutations causing protein due to gene
change in protein rearrangements.
function Change in structure

and function



I: Evading Growth Suppressors

* Like growth signals, there are anti-growth signals to stop cells from
division

Cell cycle

Anti-growth signals can force dividing cells into
the quiescent phase (GO0) of the cell cycle



Evading Growth Suppressors

* RB (retinoblastoma) protein is one such anti-growth protein,
which binds to the regulators of the cell cycle

* P53 is another anti-growth protein

Cancer cells somehow have

learned to by-pass the anti-

growth mechanism through
having mutations or repression

of proteins like RB and P53 -




Tumor Suppressor Genes

Genes that encode proteins capable of inhibiting cell division, like
RB, are called tumor suppressor genes

In cancer genomes, multiple tumor suppressor genes may have loss-
of-function mutations

A few hundred tumor suppressor genes have been identified for
different cancers

Later we will learn that there could be a fundamentally
different way to look at oncogenic and tumor suppressor
mutations! 2



1l: Resisting Cell Death

A cell constantly surveys its internal state including access to oxygen

and nutrients, integrity of its genome and balance of its cell cycle
pathways

If malfunction or damage is detected, the cell activates cell death
(apoptotic) pathway to kill itself
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Apoptosis and Associated Pathways
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Resisting Cell Death

Cancer cells all learned to by-pass the apoptosis process to avoid
to be killed

They use (at least) two pathways to avoid apoptosis by impairing
the sensing of and signaling about abnormal internal status or the
execution apoptosis

One main mechanism is through having mutations in the main
regulator, p53, of apoptosis

— 50% of the cancer genomes have mutations in p53



IV: Enabling Replicative Immortality

Normal human cells can divide 60-70 times and then reaches the
end of its natural life

Cells all keep a biological clock that keeps track of their ages

SEMESCEMCE

\




Enabling Replicative Immortality

Cancer cells learned to protect their telomeres, so they do not get
shortened when cells divide, hence making cancer cells immortal

They use telomerase to add to the ends of telomeres after each
division to maintain their lengths

This is an encoded mechanism in human cells but has been used
only by embryonic stem cells



V: Inducing Angiogenesis

All cells, healthy or diseased, need oxygen and nutrients, which
can be provided only through blood vessels

Human bodies are well designed so every cell is within 200 um of
a capillary

Cancer cells need additional blood supply to support its rapid
growth



Inducing Angiogenesis

Angiogenesis is a process that grows new blood vessels from the
existing ones, which is used during wound healing or menstruation

Cancer cells learned to send out angiogenic signals to endothelial
cells lining nearby vessels to grow new vessels

L Tumour cells
Endothelial cell
Supporting cells
Platelets
Saluble proteases
Basement membrane

“~——  Extracellular Matrix
Integrins
PDGF
PDGF Receptor
VEGF

VEGF Receptor
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Inducing Angiogenesis

* Without angiogenesis, a cancer will not be able to grow big nor able
to spread to other parts of the body

* Cancer becomes dangerous only after it starts to have its own blood
vessels

-

® One type of cancer treatment is to kill
cells with messy blood vessels



VI: Reprogrammed Energy Metabolism

® Human cells have multiple ways to convert nutrients to energy (ATP)
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Reprogrammed Energy Metabolism

Otto Warburg observed in 1927 that cancer cells use glycolytic
fermentation in addition to oxidation of pyruvate regardless of the
O2 level (Warburg effect)

Oxidation of pyruvate is by far the most efficient energy
metabolism per glucose

It seems that all cancers utilize suboptimal energy metabolisms,
which may be a key reason for their explosive growth —a paradox



Reprogrammed Energy Metabolism

® While Warburg effect was widely observed in cancer tissues, no
generally accepted explanation has been developed

® This remains to be one of the most intriguing issues related to cancer
development

®* We will present a model to answer the question



VII: Avoiding Immune Destruction

* Cancer development and immunity are linked at the root
* Cancer is often considered as a wound that will not heal

* Immune system responds to two things: (a) invasion of pathogens, and
(b) tissue damages

* Cancer studies using immune-deficient mice may not
necessarily lead to cancer related discoveries; the same can be
said about cell-based cancer research



VIII: Activating Invasion/Metastasis

What makes cancer really deadly is its ability to invade neighboring
cells and spread to other organs

1 2 3
Local invasion Intravasation Transport
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Hallmarks of Cancer: new dimensions

Emerging hallmarks &

, enabling characteristics
Unlockmg Nonmutational
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Cancer discovery (2022)



Hallmarks of Cancer: new dimensions

* Unlocking phenotypic plasticity: cancer cells can de-differentiate,
differentiate and trans-differentiate to various cell types

* Senescent cells: Cell senescence is irreversible and tend to release
various molecules that trigger immune responses. Cancer cells
seem to be able to switch between senescence and proliferation
state

* Non-mutational epigenomic reprogramming: tumor
microenvironment can trigger abnormal changes in folded DNA
structures, altering encoded transcription programs

* Polymorphic microbiomes: There are interactions between gut
microbiota and cancer tissues



Cancer Hallmarks

* The first two papers have been widely used as the guiding
framework in cancer research

* They have clearly captured some of the key phenotypic
characteristics of cancers in general

* They represent the state of the art in understanding of cancers

they did not touch on the root issue of cancer: what drive
cancers to evolve?

* Issues discussed in the third paper are not cancer specific



Genome Instability

* Genome instabilities are common in cancer cells, and they are
considered a "trademark" for these cells.

* It is widely believed that sporadic tumors (non-familial ones) are
originated due to the accumulation of several genetic errors
(mainstream thinking but it may not be correct)

* Studies of cancer genomes, to learn about “driver mutations” have
been popular but also disappointing as not many new insights have
been gained about cancer initiation and development



Mutations in Other Diseases

Science. Author manuscript; available in PMC 2014 Feb 2. PMCID: PMC3909954
Published in final edited form as: MIHMSID: MIHMS546313
Science. 2013 Jul 5; 341(6141) 1237758

doi: 1011 26/science 1237758

Somatic Mutation, Genomic Variation, and Neurological Disease

Annapurna Poduri, 2 Gilad D. Evrony, 34 Xuyu Cai 34 e s g ot Y
Anngz z : Silad D. Evrony, =™ Xuyu Cai,”™ and Christopher A. Walsh

* ... Increasingly, somatic mutations are being identified in diseases
other than cancer, including neurodevelopmental diseases. Somatic
mutations can arise during the course of prenatal brain development
and cause neurological disease, resulting in brain malformations
associated with epilepsy and intellectual disability.




Mutations in Other Diseases
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Mutations in Other Diseases

Gan To Kagaku Ryoho. 2000 Mar;27

‘Genome analyses for precancerous lesions in the gastrointestinal tract .

[Article in Japanese]
Sowa M', Nakata B.

# Author information

Journ Annu Diabetol Hotel Dieu. 1997:25-31.

Detection and prevalence of mitochondrial genome mutations in\diabetes .
[Article in French]
Paquis-Flucklinger V!, Vialettes B, Canivet B, Freychet P, Hieronimus S, Vague P, Saunieres A, Desnuelle C.

Ann Lab Med. 2015 Jan; 35(1): 1-14. PMCID: PMC4272938
Published online 2014 Dec 8. doi: 10.3343/3lm.2015.35.1.1

Mitochondrial DN : athophysiological Implications in
Hematopoietic Diseases, Chronic Inflammatory Diseases; and Cancers

Hye-Ran Kim, Ph.D_, "< Stephanie Jane Won, B.S_,®* Claire Fabian, Ph.D.4 Min-Gu Kang, M.D_ 12 Michael
Szardenings, Ph.D.* and Myung-Geun Shin, M.D.1'2'5
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Cancer Death Rates in China

Cancer deaths by type, China, 1990 to 2019 e

Total annual number of deaths from cancers across all ages and both sexes, broken down by cancer type.
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Fighting Against Cancer

* The US congress declared "War on cancer” in 1971, based on a
recommendation from President Richard Nixon, which was
renewed three times, now called "moonshot”

* Hundreds of billions of dollars have been invested into cancer
research worldwide but our abilities in treating cancer have
not advanced substantially

* The war on cancer, after almost forty years, must be deemed
a failure with a few notable exceptions
James Watson, NY Time, 2009



Some Thoughts

* The essence of cancer is an evolutionary problem, i.e., the tissue
has to evolve to adapt to an increasingly more challenging
microenvironment but virtually no studies have been done on
what stresses the diseased cells must overcome

* Traditional cancer studies are highly reductionist in nature, which
aim to identify “bad parts” in a functional system; in reality the
initial challenges encountered by the functional system may not
be bad parts but instead some fundamental balances among
different ingredients of the system might have been altered



Bacterial Evolution

* E. coli under persistent ethanol stress becomes low in ATP production
due to membrane leakages resulted from oxidation by ethanol, leading
to reduced biosynthesis of large biomolecules such as phospholipids,
forming a vicious cycle generally resulting in progressively reduced ATP
generation and ultimately death.

* Some cells adapt to the stressor by generating and selecting mutations
in genes encoding major ATP-consuming proteins, and utilize the saved
ATPs towards biosynthesis of phospholipids that are used to repair the
damaged membrane, leading to an increased level of ATP production
and forming a positive cycle towards full recovery of ATP production
and cellular functions



Physicochemical Conditions

in healthy vs. cancer tissues & cells
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Physiological vs Pathological Conditions

* These differences in the basic chemical and physical conditions
fundamentally changed the biology

* Namely, cancer biology is fundamentally different from normal
biology.
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Omic Data Collected on CancerTissues

* Cancer transcriptomic data
* Cancer genomic data

* Cancer epigenomic data

* Cancer metabolomic data

* Proteomic data

------- The hope is that by mining these omic data, we can start to
see the big and the whole picture of cancer development as
an evolutionary process 52




Information from the Omic Data

e Substantial amount of information is to be uncovered from
the cancer omic data that has been generated through

large consortia such as

* TCGA, the largest cancer tissue omic database,
* UALCAN: a front portal

* GEO, the most comprehensive transcriptomic database for
diseases in general, and
* GTEX, the largest transcriptomic database for normal human

tissues


https://ualcan.path.uab.edu/analysis.html

Differentially Expressed Genes

* Consider two sets of samples

* one being colon cancer tissues and the other being adjacent non-cancerous
tissues so one can study genes possibly involved in cancer formation and
progression

* one being colon cancer samples with drug resistance and the other without
drug resistance

* We are interested in finding out if a gene is differentially
expressed between the two sets of samples



Differentially Expressed Genes

* T-test is a widely used statistic for assessing if the expressions: X1,
..., Xn of gene Xin one set of n samples is differentially expressed
from the expressions: Y1, ..., Ynin another set of samples

* one diseased set versus control set

*T(X,Y) = i—\_g\/ﬁ, whereX and Y are the means of §{X1, ...., Xn}
and {Y1, ...,Yn}, and Sis the standard deviation.
* Consider a set of 10 cancer samples and a set of 10 matching

control samples. If T(X,Y) = 2.9, then the statistical significance
forthe observation that gene X is differentially expressed is 0.005



TABLE of CRITICAL VALUES for STUDEN

‘St DISTRIBUTIONS

Estimate the statistical
significance of a predicted
differentially expressed gene



Differentially Expressed Genes

* Using this test, one can assess if a specific gene is over-expressed
(up-regulatedif X > Y) orunder-expressed (down-requlated if X <
Y) in one set of samples versus another

* If one wants to be conserved, one can require the average change is
at least, say, 1.5 or 2 fold: if X/Y> 1.5 of 2.0

* Typically a few hundreds to a few thousands of genes are
differentially expressed in cancer samples versus adjacent control
samples for different cancer types



Differentially Expressed Genes

* By comparing the average number of differentially expressed genes
for each cancer type and its five-year survival rate, one can get the
following
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Co-Expressed Genes

* Certain genes may show coordinated expression patterns across
different samples, which are referred as co-expressed genes
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Co-Expressed Genes

* Consider two genes X andY, and their expression levels in n
samples: (X, X, ..., X,)and (Y, Y,, ..., Y,) . The correlation
coefficient between two expression patterns is measured using

Y(X;-X) * (Y, -Y))

CCX,Y) = = —
. V X6 =X)2* 3(Y, - Y)?

* The two genes are called highly positively correlated if CC(X, Y) = 1;
highly negatively correlated if CC(X, Y) = -1; not correlated if CC(X,
Y)=0



Co-Expressed Genes

* All co-expressed genes in a set of samples (e.g., colon cancer or E.
coli treated with ethanol) can be identified using a clustering
method.

* The figure shows 8o genes falling
into 4 clusters across 110 colon
cancer samples (column)

means up-regulation; for
down-regulation and for no
changes between cancer and
matching control




Classification Analysis of Samples

* Given one set of primary cancer samples without metastasis and
another set of primary cancer samples which have been
metastasized to a distant location, can we possibly find a set of
genes whose expression patterns distinguish these two sets?

* If we can do this, we can possibly predict if a given cancer sample
(with gene-expression data) has already metastasized or not.

* If we apply this idea to multiple cancer types, we can potentially
derive the common set of genes or pathways that are essential to
metastasis (a good project problem).



Classification Analysis of Samples

* Cancer biology problems that can potentially be solved using this
type of technique:

* Key differences among cancers of the same type but of different grades

* Distinguishing characteristics among primary cancers of the same type but
spread to different organs

« Common characteristics among “slow growing” cancers as well as among
“very fast growing"” cancers

* Distinguishing characteristics between pediatric cancers and adult cancers
of the same types

* Why certain organs do not or rarely develop cancers?

All are possible project problems.
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UALCAN Analysis Page
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Effect of S100P expression level on BRCA patient survival
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Genes positively correlated with S100P in BRCA

Gene

SPTBN2

Ci11orf80
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Visualize

Show plot
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DRUG RELATIONS

Drug Relations Show 10 + entries Search

DRUGBANK ID NAME DRUG GROUP PHARMACOLOGICAL ACTION? ACTIONS DETAILS

Cromoglicic acid approved [ unknown | [ antagonist ] Details ‘

v Star

Identification

Pharmacology

Summary Cromoglicic acid is a medication used to treat asthma, allergic reactions of the eyes and nose, as
Interactions well as other mast cell reactions.
Products
Brand Names Gastrocrom, Nalcrom, Nasalcrom
Categories
Chemical Identifiers Generic Name Cromoglicic acid DrugBank Accession Number DB01003
References
. . Background A chromone complex that acts by inhibiting the release of chemical mediators from sensitized
Sl Tkl mast cells. It is used in the prophylactic treatment of both allergic and exercise-induced asthma,
Pharmacoeconomics but does not affect an established asthmatic attack.
Properties
Type Small Molecule Groups Approved
Spectra
Targets (1) Structure Weight Average: 468.3665

Monoisotopic: 468.069261354

Chemical Formula Ca3H16011

lar Structure:

Synonyms Acide Cromoglicique Bl Acido Cromoglicico &=  Acidum moglicicum “ B Cromoglicate Cromoglicic acid Cromoglycate Cromoglycic acid

molyn



Differential Gene Detection
using GEO2r

* GEO2ris an on-line tool for detection of differentially expressed
genes between two sets of given samples

0 compare two or more ge xpr C . Re are presented as a table of
ed by significance.  Full i

GEO accession

GEO2R Value distribution Options Profile graph

~ Quick start

« Specify a GEO Series accession and a Platform if prompted
Define groups' and enter names for the groups of Samples you plan to compa g, and control.

* Assign Samples to each group. Highlight Sample rows then click the group name to assign those Samples to the group. Use the Sample metadata (litle, source and characteris! columns
to help determine which Samples belong to which group

* Click to perform the calculation with default seftings.

* Results are presented as a table of genes ordered by significance. The top genes are presenied and may be viewed as profile graphs. Alternatively, the complete results table may be
saved.

= You may change settings in Options tab.

How to use



http://www.ncbi.nlm.nih.gov/geo/geo2r/

Pathway Enrichment

* One can examine if a set of up-requlated (or down-regulated)
genes statistically enrich a specific pathway

* The basic idea: consider a specific pathway P with K genes out of
the 20,000 genes encoded in the human genome, and a set M of
up-regulated genes in cancer versus controls. We consider P is
enriched by the up-regulated genes if

IM NP|/|M|>>K/20,000

* There are fancier ways to more accurately assess the level of
“enrichment” such as Kolmogorov-Smirnov statistic



Biological Pathways and Networks

* Metabolic pathway: a series of enzymatic reactions that
produce a specific product

* Reqgulatory networks: pathways that regulate a cell’s behaviors,
including transcription, translation, degradation, motility, .....

* Signal transduction pathway and networks: cellular processes
that recognize extra- or intra-cellular signals and induce
appropriate cellular responses



Widely Used Pathway Databases

* Gene Ontology: https://www.geneontology.org/

* KEGG: https://www.genome.jp/kegqg/

* BioCyc: https://www.biocyc.org/

* Reactome: https://reactome.org/



https://www.geneontology.org/
https://www.genome.jp/kegg/
https://www.biocyc.org/
https://reactome.org/

Pathway Enrichment Analysis

* DAVID ( ) is a popular tool that
can inform which pathways in KEGG, REACTOME or other
pathway databases are enriched by up- or down-regulated genes
using a statistical approach

* ... hence providing a way to organize gene-level data to pathway
level information and helping to simplify data analysis

S DAVID B formatics Resources
1S DATABASE Laboratory of Human Retrovirology and Immunoinformatics (LHRI)

Home | Start Analysis ~Shortcut to DAVID Tools | Technical Center | Downloads & APIs | Term of Service About DAVID  About LHRI

Overview

The Database for Annotation, Visualization and Integrated Discovery (DAVID) provides a comprehensive
set of functional annotation tools for investigators to understand the biological meaning behind large lists of
genes. These tools are powered by the comprehensive DAVID Knowledgebase built upon the DAVID Gene
concept which pulls together multiple sources of functional annotations. For any given gene list, DAVID
tools are able to:

m ldentify enriched biological themes, particularly GO terms
Discover enriched functional-related gene groups
Cluster redundant annotation terms

Visualize genes on BioCarta & KEGG pathway maps
Display related many-genes-to-many-terms on 2-D view.
Search for other functionally related genes not in the list
List interacting proteins

Explore gene names in batch

Link gene-disease associations

Highlight protein functional domains and motifs

Redirect to related literatures

Convert gene identifiers from one type to another.

And more
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Hot Links

¥ Post Doctoral Fellow position available in LHRI i

(Updated on September 22, 2023)

The Laboratory of Human Retrovirology and Immunoinformatics (LHRI: former LHR), Applied/
Developmental Research Directorate (https://david.ncifcrf.gov) has investigated drug resistance in people
living with HIV/AIDS (PLWHA) in the National Institute of Allergy and Infectious Diseases (NIAID) clinical
therapy since 2001 to define salvage or de novo therapies. LHRI has also studied the function of novel
anti-viral cytokines (Interluekine-27 and Interferon Lambda-1) and the innate immune responses for
developing novel immunotherapies.

A Post Doctoral Fellow position is available to study the regulation of HIV infection and replication in
primary cells (macrophages, T cells, and dendritic cells) in our Basic Research Section.

DAVID Forum
Forum for DAVID users to ask questions, suggest new functions and help other users by answering their
questions.

FAQ
Frequently Asked Questions

LHRI Publications
Publications of the Laboratory of Human Retrovirology and Immunoinformatics, Frederick National
Laboratory for Cancer Research

DAVID Publications
Publications about DAVID


https://david.ncifcrf.gov/home.jsp

Pathway Enrichment Analysis

* Step 1: click “Start analysis”

* Step 2: paste a gene list onto "Paste a List” under "Upload”
* Step 3: select "OFFICIAL_GENE_SYMBOL"

* Step 4: select “"gene list”

* Step 5: click on “submit”

* Step 6: answer "OK in the popup window

* Step 7: select "Homo sapiens” as the background

* Step 8: select ” Functional Annotation Chart”

* Step 9: select "Pathway”



Activity Levels of Pathways

* Each (metabolic) pathway has one rate-limiting enzyme, whose
gene-expression changes can reflect the overall activity level
change of the pathway

* E.g., the rate-limiting enzyme of glycolysis is PFKL; hence this
gene can be used as the "signature” of the pathway

* This is true virtually for all pathways or more generally
“activities” such as various types of stresses



Signature Genes of Cellular States

* Hypoxia: HIF genes
* ROS: a combination of multiple ROS related genes
* Oxidative stress:

* Different types of inflammation: various cytokines and
associated proteins

* Lactic acidity:
* ER stress:

* Mitochondrial stress:



Quantitative Relationships

* We can use the expressions of a group of genes to reflect the
levels of cellular states, called signature genes
* Hypoxia, alkalosis, ATP level ..

* Hence cellular states, the levels of pathway activities, gene
expressions can be naturally linked through statistical
analyses



Pathway/Activity Level Association

* The essence is: How to compare to two datasets in terms of their
similarity?

* There are techniques to compare
two datasets in terms of their major
axes

Not strongly related
* Principle component analyses

* Using such techniques, one can
compare gene sets just like
individual genes to infer association

and even causal relations
Strongly related



Inference of Functional
Relationships Among Pathways
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Causal Relationship

* Underlying the metabolic networks are chemical reactions

catalyzed by enzymes

* BioCyc is one such database for metabolic networks and the

underlying chemical reactions

* Chemical reactions provide a natural direction for activities

that are statically related

* Deep learning-based causal
inference analyses

Tools ~
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Take-Home Message

* Large quantities of cancer omic data may contain possibly all the
information regarding
* The origin of a cancer
* The reasons for similar behaviors of different cancer types
* The reasons for distinct properties of individual cancers

* Hints about how we can possibly design more effect approaches to detect
and treat cancer

* It takes some guidance and techniques to uncover all the
information hidden in the omic data



Homework

* Reading Chapters 1, 2, 3 of the textbook

* Reading “Hallmarks of cancer” (2000) , "“Hallmarks of cancer:
the next generation” (2011) by Hanahan and Weinberg

* Reading “Hallmarks of cancer: new dimensions” (2022), Hanahan

* Reading Stehelin D, Varmus HE, Bishop JM and Vogt PK..

(1976b). Nature, 260, 170—-173.



