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What is Machine
Learning?

Artificial Intelligence

L

Machine Learning

L

Neutal Nets

Deep

Learning ¢

Creating intelligent machines
mimicking human intelligence.

Algorithms enabling computers to
learn from data.

Computational models with
interconnected artificial neurons.

Neural networks with multiple
layers for hierarchical
representation learning.



Machine Learning

Meaningful
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Structure Image

i . Customer Retention
Discovery Classification

Big data Dimensionality Feature |denity Fraud

isualistai : Classification Diagnostics
Visualistaion Reduction Elicitation Detection

Advertising Popularity
Prediction

Learning Learning Weather

Forecasting
-
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Systems
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Market
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Customer
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life expectancy

Real-time decisions Game Al

Reinforcement
Learning

Robot Navigation Skill Acquisition

Learning Tasks



Machine Learning Process
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Datasets

The Cancer Genome Atlas (TCGA):
Revolutionizing Cancer Research

https://portal.gdc.cancer.gov/

https://www.linkedomics.org/login.php



https://portal.gdc.cancer.gov/
https://www.linkedomics.org/login.php

Datasets

Gene Expression ( )
Omnibus Platforms )

https://www.ncbi.nlm.nih.gov/geo/



https://www.ncbi.nlm.nih.gov/geo/

Preprocessing
Step

Data Reading Step

Feature
O = Selection

o E— Step

Explainable Al Classification Step



* Low sample size
* High Dimension
 Complex patterns




* Reading data (text, excel, ...)
* Create data matrix and target vector
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Cross-Validation (Hold-Out, K-Fold, ...)

* Missing values

Scaling (Min-Max, Standard, ...)

Visualization (Principal Component Analysis, ...)
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* Filter

* Wrapper

* Embedded

* Hybrid

* Metaheuristic
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* Nailve Bayes
* LDA or QDA
e Support Vector Machine (SVM
* K-Nearest Neighbors (KNN)
 Artificial Neural Network (ANN)
* Decision Tree
 Random Forest

Class B




 SHAP values
* Association Rule Mining

Explainable Al

Output

Input Black Box

Explainable

N
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SCIentlflc Key therapeutic targets implicated at the early stage of hepatocellular
i identified through machine-learning approaches
repOrtS carcinomaii

Abstract:

Hepatocellular carcinoma (HCC) is the most frequent type of primary liver cancer. Early-stage detection plays an essential
role in making treatment decisions and identifying dominant molecular mechanisms. We utilized machine learning
algorithms to find significant mRNAs and microRNAs (miRNAs) at the early and late stages of HCC. First, pre-processing
approaches, including organization, nested cross-validation, cleaning, and normalization were applied. Next, the t-
test/ANOVA methods and binary particle swarm optimization were used as a filter and wrapper method in the feature
selection step, respectively. Then, classifiers, based on machine learning and deep learning algorithms were utilized to
evaluate the discrimination power of selected features (mMRNAs and miRNAs) in the classification step. Finally, the
association rule mining algorithm was applied to selected features for identifying key mRNAs and miRNAs that can help
decode dominant molecular mechanisms in HCC stages. The applied methods could identify key genes associated with the
early (e.g., Vitronectin, thrombin-activatable fibrinolysis inhibitor, lactate dehydrogenase D (LDHD), miR-590) and late-
stage (e.g., SPRY domain containing 4, regucalcin, miR-3199-1, miR-194-2, miR-4999) of HCC. This research could establish
a clear picture of putative candidate genes, which could be the main actors at the early and late stages of HCC.
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(2)

(3)

(4)

(5)

In the reading step, each dataset was
downloaded from the TCGA repository.

The preprocessing step includes two sub-
steps, nested cross-validation, and
normalization.

The feature selection step contains two sub-
steps: the filter method based on t-test for
MRNA data and ANOVA for miRNA data, and
the wrapper method based on binary particle
swarm optimization (PSO) for both mRNA and
miRNA data, in which candidate
miRNAs/mRNAs with more relevance to early-
stage and late-stage Hepatocellular Carcinoma
(HCC) were selected.

Mult classifier models were utilized to
evaluate the discrimination power of selected
mMiRNAs/mRNAs.

The Association Rule Mining method
discovered the hidden relationship between
selected miRNAs/mRNAs at the early-stage
and late-stage of HCC in the first level and the
complex relationship among selected
miRNAs/mRNAs in the second level.

NIH
The Cancer Genome Atlas (TCGA)
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mRNA data miRNA data
Early-stage Late-stage Early-stage Late-stage
189 192 190 192




Classifier Folds Accuracy AUC-ROC F1-score (Early stage) F1-score (Late stage) MCC Sn Sp

Train 96.1 0.96 0.96 0.96 0.92 0.94 0.97
SVM Validation 75.4 0.75 0.76 0.74 0.51 0.7 0.8
Test 76.9 0.77 0.78 0.74 0.54 0.7 0.83

Classifier Folds Accuracy AUC-ROC F1-score (Early stage) F1-score (Late stage) MCC Sn Sp
Train 88.8 0.88 0.89 0.88 0.78 0.81 0.95
SVM Validation 71.3 0.71 0.72 0.7 0.43 0.67 0.75

Test 70 0.7 0.7 0.68 0.4 0.63 0.73
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Challenges

* Lack of Iranian population genetic data
* Lack of communication between genetic research and clinical professionals
e Lack of a wet lab experiment in the follow-up of the Machine Learning results
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ﬂow to think when Al gives you a list of RNAs and asks you to interpret

them:

» Biologically
» Pathologically
» clinically.

By the end of this lecture, you should clearly know:

* What these RNA lists really mean

* Interpret Al—1dentified RNAs

* A step-by-step biological interpretation workflow
* Handle known, partially known, and novel RNAs

* And what you are obligatedto do before making biological or clinical
claims.



Al frequently outputs lists of 'top RNAS'

RNA lists are cheap, but interpretation is expensive.

So interpretation is not a luxury.
It 1s a scientific responsibility.



nature communications

Article https://doi.org/10.1038/s41467-024-53851-9

Deep generative Al models analyzing
circulating orphan non-coding RNAs enable
detection of early-stage lung cancer

Received: 21 May 2024 Mehran Karimzadeh ®"7, Amir Momen-Roknabadi"’, Taylor B. Cavazos'’,
Yugi Fang', Nae-Chyun Chen', Michael Multhaup', Jennifer Yen', Jeremy Ku',
Jieyang Wang', Xuan Zhao', Philip Murzynowski', Kathleen Wang', Rose Hanna',

Accepted: 22 October 2024

Published onine: 21 November 2024 Alice Huang', Diana Corti', Dang Nguyen', Ti Lam’, Seda Kilinc', Patrick Arensdorf’,
— Kimberly H. Chau', Anna Hartwig’, Lisa Fish', Helen Li®", Babak Behsaz',
/™ Check for updates Olivier Elemento ®2, James Zou ®3, Fereydoun Hormozdiari® "4 7,

Babak Alipanahi®'’ | & Hani Goodarzi ®5°

Are these the most important RNAs in cancer biology?



When Al methods analyze RNA-sequence data, they typically output:
Ranked candidate RNAs (mRNA, IncRNA, circRNA, miRNA)

Al does not do

X Al does not discover biologically important RNAs.
X Al does not understand cancer.
X Al does not know pathways, oncogenes, or patients.

v' It optimizes a mathematical objective function.
*Minimize prediction error

*Maximize classification accuracy

*Reduce uncertainty

X These RNAs drive cancer.

\/These RNAs helped me, as a model, perform a specific task.



what does Al actually identify?

Al identifies RNAs that are informative for:
- mRNA rRNA
v A specific task

v On a specific dataset %
81-110,000 nt

v" Under specific model assumptions
% Jj 100-5,000 nt

-

R

tRNA snRNA snoRNA

& &

70-90 nt 100-300 nt 60-300 nt

~

miRNA pPiRNA endo-siRNA
An R NA can be: A ™

*Highly informative 21 nt 21-35 nt

\

21 nt

'nghly pI’CdlCthe IncRNA circRNA eRNA

*And completely non-causal O =
>200 nt >100nt  50-2,000 nt

M 7




Al learns from public cancer databases like:

TCGA, GEO, ArrayExpress

That contain real patient samples:

different hospitals, protocols, and sequencing platforms

A candidate RNA is:

*A model-derived signal

*A hypothesis generator
*Not a biological conclusion

Al gives you guestions, not answers.
Biology begins after the model outputs the RNA list.

Your job as a biologist—oncologist is to translate
algorithmic importance into biological significance.
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20 top RNAs identified by AL-based methods on early stage of HCC:

mRNA
M9
M6
M48
M28
M32
L24
L103
L99
L98
L91
L90
L77
L76
L100
L46
L92
L17
L11
L113
LO
L63

#

©

48
28
32
24
103
99
98
91
90
77
76
100
46
92
17
11
113

63

mRNA ID
ENSG00000109072.12
ENSG00000080618.12
ENSG00000166816.12
ENSG00000137806.7
ENSG00000146416.15
ENSG00000130307.10
ENSG00000255987.1
ENSG00000245954.5
ENSG00000245164.5
ENSG00000236213.1
ENSG00000233387.1
ENSG00000211751.6
ENSG00000211749.1
ENSG00000246084.2
ENSG00000163815.5
ENSG00000237702.2
ENSG00000124203.5
ENSG00000113263.11
ENSG00000264468.1
ENSG00000010319.5
ENSG00000178343.4

Repeat Count
1553
1398
1039
931
254
254
250
250
250
250
250
250
250
250
250
250
247
247
247
237
233
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miRNA #

L59 59
L22 22
L37 37
L30 30
L73 73
L27 27
L63 63
L60 60
L48 48
L72 72
LO 0

L40 40
L8 8

L4 4

L69 69
L67 67
L46 46
L39 39
L57 57
L76 76
L35 35

miRNA ID
hsa-mir-590
hsa-mir-23a
hsa-mir-4443
hsa-mir-3691
hsa-mir-877
hsa-mir-331
hsa-mir-6515
hsa-mir-629
hsa-mir-4764
hsa-mir-7850
hsa-let-7e
hsa-mir-4523
hsa-mir-1289-1
hsa-mir-1255a
hsa-mir-6888
hsa-mir-6801
hsa-mir-4752
hsa-mir-4487
hsa-mir-5706
hsa-mir-95
hsa-mir-423

Repeat Count
1330
827
662
448
447
427
396
376
355
273
256
238
213
212
211
206
206
192
179
171
166



Step-by-step interpretation workflow

Answer why RNA discovery in a disease is important?
Identify RNA and gene annotation
Coding vsnon-coding classification
Expression patterns in a disease (HCC)
Functional and pathway context
Clinical relevance



-step interpretation workflow

Step 1: RNA Identification & Annotation

Gene symbol
Ensembl ID

Chromosomal location e.,E nsembl

Transcript variants

National Library of Medicine
D at ab a S e S : m) National Center for Bforegno!og_y Information
Ensembl Gene .

NCBI Gene Eihe

Gene integrates information from a wide range of species. A record may include nomenclature, Referenc

(RefSeqs), maps, pathways, varations, phenotypes, and links to genome-, phenotype-, and locus-specifig
worldwide.

Never proceed without correct annotation.



-step interpretation workflow

Step 2: Coding vs Non-Coding

PrOteln'COdlng? m National Library of Medicine
National Center for Biotechnology Information
IncRNA?
. RefSeq | RefSeq v | |
miRNA? —
Pseudogene? _ ' v j‘ _~ | RefSeq: NCBI Reference Sequence Database
A . :; A comprehensive, integrated, non-redundant, well-annotated set of reference sequences i
& franscript, and protein.
Databases:
NCBI RefSeq coq
UniProt

Ensembl biotype U 2l PfOt .:

This determines downstream interpretation entirely.



interpretation workflow

Step 3: Expression analysis

Tumor vsnormal liver
Early vslate-stage HCC
Etiology-specific expression (HBV, NASH)

Cell-type specificity

Databases:
GDC / TCGA-LIHC
GTEx
GEO

Contextual expression matters more than fold-change alone.



-step interpretation workflow

Step 4: Functional & Pathway Context

Known molecular functions
Pathway involvement
Protein—protein interactions
Regulatory roles

Tools:
KEGG
Reactome
STRING

Map the RNA into known biological systems.



-step interpretation workflow

Step 5: Clinical Interpretation

Biomarker potential

Prognostic vs diagnostic

Drug targetability

Circulating RNA/protein detectability

Clinical relevance is the final filter.



An example: HCC

Hepatocellular
Carcinoma




__Eamplehcc |

Why HCC Needs Al-Based RNA Discovery

6" most common cancer worldwide
3rdeading cause of cancer-related death
Late diagnosis i1s common

High molecular heterogeneity

HCC 1s often diagnosed late. Early molecular biomarkers (especially RNA-based) are urgently
needed, which 1s why Al-based discovery is attractive.



__Example:Hcc_...... |

Essential Background: Pathology

Before interpreting any RNA, you must understand the disease context.

Originates from hepatocytes
Most common primary liver cancer

HCC typically arises in chronically injured livers:
Chronic hepatitis B or C

Alcoholic liver disease

Non-alcoholic steatohepatitis (NASH)

Progression: Inflammation — Fibrosis — Cirrhosis — HCC

Microenvironment: Fibrosis, immune dysregulation, angiogenesis

This chronic inflammatory environment shapes the transcriptome.



B — |

HCC Pathophysiology

Chronic injury — inflammation — fibrosis — cirrhosis
Repeated hepatocyte regeneration

Accumulation of genetic and epigenetic alterations
Clonal selection of malignant cells

RNA expression profiles capture these progressive molecular adaptations.



Wemplpt€c . |l

Essential Background:

Key Molecular Signaling Pathways in HCC

Pathway Importance in HCC
WNT/B-catenin Tumor initiation, stemness
PI3K-AKT-mTOR Growth, metabolism

MAPK/ERK Proliferation

TGF- EMT, fibrosis, immune evasion
Hippo/YAP-TAZ Liver size control, oncogenesis

pS3 Genomic instability & inflammation
NF-xB Inflammation-driven tumorigenesis

Any RNA candidate must be evaluated in the context of these pathways.



Example: HCC ‘

v ENSG00000109072
v ENSG00000175600




Example: HCC

Google ENSG00000109072

National Library of Medicine

— National Center for Biotechnology Information

4
e‘ https://www.ensembl.org » Homo_sapiens » Summary

Gene: VTN (ENSG00000109072) - Summary

Gene: VTN ENSG00000109072 ... Chromosome 17: 28,367,265-28,373,091 reverse stran GED Proﬂles GEQ P |
rofiles
gene has 14 transcripts (splice variants), 261 orthologues and 1 ... Read more | | ENSGUDDDD 1 UQD?E |
Create alert Advanced

e' Ensembl
®  http://www.ensembl.org » Homo_sapiens » Summary

Gene: VTN (ENSG00000109072) - Summary Summary

. . . . VTN - Intraportal tacrolimus flushing effect on liver allograft
m National Library of Medicine Annotation: VTN, vitronectin

Qrganism: Homo sapiens
Reporter: GFLT120%, ENSGO0000109072 {ID_REF), GDS4459, MM_000638

Gene [Gene  +||[ENSG00000109072] DataSet type: Expression profiling by array, transformed count, 17 samples
Create RSS  Save search Advanced ID: 112435600

National Center for Biotechnology Information

GEO DataSets Gene Profile neighbors  Chromosome neighbors  Homologene neighbors

Full Report »

L] Showing Current items.

VTN vitronectin [ Homo sapiens (human) ]

Gene |D: 7448, updated on 25-Nov-2025

“ Summary

Official Symbol VTN provided by HGNC
Official Full Name vitronectin provided by HGNC
Primary source HGNCHGNC:12724
See related Ensembl:ENSGO00000109072 Mit:193190; AllianceGenome: HGNC:12724
Gene type protein coding
RefSeq status REVIEWED
Organism Homo sapiens
Lineage Eukaryota; Metazoa; Chordata; Craniata; Vertebrata; Euteleostomi; Mammalia; Eutheria; Euarchontoglires; Primates;
Hominidae; Homo
Also known as VN; V75; VNT
Summary The protein encoded by this gene functions in part as an adhesive glycoprotein. Differential expression of this protein
adhesion or migration as it links cells to the extracellular matrix through a variety of ligands. These ligands include int
inhibitor-1, and urokinase plasminogen activator receptor. This secreted protein can be present in the plasma as a2 mad
multimer in the extracellular matrix of several tissues. This protein also inhibits the membrane-damaging effect of the
pathway and binds to several serpin serine protease inhibitors. This protein can also promote extracellular matrix deg
role in tumerigenesis. It is involved in a variety of other biological processes such as the regulation of the coagulation
tissue remodeling. The heparin-binding domain of this protein give it anti-microbial properties. It is also a lipid binding
compenent of high density lipoprotein. [provided by RefSeq, Aug 2020]




Example: HCC

*Secreted extracellular matrix glycoprotein
*Roles in cell adhesion, migration, coagulation, complement system

NATIONAL CANCER INSTITUTE e

m) GDC Data Portal @Video Guides Q¥ Send Feedback (& Browse Annotations |} Manage Sets W cart ] 3] Login i Apps v
@Analysis Center .ﬁ Projects G Cohort Builder - Repository ‘ Q e.g. BRAF, Breast, TCGA-BLCA, TCGA-A5-A0G2
& cene . vIN

Symbol VTN NCBI Gene @ 7448

Name vitronectin UniProtKB Swiss-Prot 7 P04004

Synonyms VN HGNC 7 HGNC:12724

Type protein_coding OMIM Z 193190

Location chr17:28367284-28373091 (GRCh38) Ensembl 7 ENSG00000109072

Strand - CIvic

Description Description The protein encoded by this gene functions in part as an

adhesive glycoprotein. Differential expression of this protein
can promote either cell adhesion or migration as it links cells to
the extracellular matrix through a variety of ligands. These
ligands include integrins, plasminogen activator inhibitor-1,
and urokinase plasminogen activator receptor. This secreted
protein can be present in the plasma as a monomer or dimer

and forms a multimer in the extracellular matrix of several Cancer gene

tissues. This protein also inhibits the membrane-damaging

effect of the terminal cytolytic complement pathway and binds expreSSIOIl data

to several serpin serine protease inhibitors. This protein can
also promote extracellular matrix degradation and thus plays a TCGA TARGET

role in tumorigenesis. It is involved in a variety of other ( ) )
biological processes such as the regulation of the coagulation
pathway, wound healing, and tissue remodeling. The heparin-

| TL WO | IReohOgol Pl Sangusng (1 Uy SoaNSROTRE) ey [

Annotation

| T F Sy Iralr s WORE RInrRRs S AN LA S Y A
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Step 1: Annotation of VTN
*Gene: VTN (Vitronectin)
*Ensembl ID: ENSG00000109072
*Chromosome 17

*Secreted extracellular protein

VTN is well-annotated, reducing obscurity.

Step 2: Coding Status
*Protein-coding gene
*UniProt-confirmed glycoprotein
*Abundant in plasma and ECM

This immediately raises biomarker potential.

Step 3: Expression in HCC
*TCGA-LIHC: elevated in tumors
Particularly increased in early-stage HCC
*Associated with fibrotic microenvironment

Early-stage enrichment is key here.



Scenarios ||

Scenario-based interpretation

Published Articles RNA in Other Lack of
on RNA in Hepa- Cancers or Diseases Published Articles
tocellular Carcinoma

X

1. Review the literature 1. Assess relevance 1. Explore basic functions
2. Evaluate the findings 2. Consider hypothesis 2. Plan novel studies




Scenario 1-HCC

National Library of Medicine

National Center for Biotechnology Information

NIH)
PublfQed"

"hepatocellular carcinoma” AND vitronectiv{ X m

Advanced Create alert Create RSS User Guide

Save Email Send to Sortby: Publicationdate € @ l= Display options ¥
e 50 results Page 1 of § > >>
[] Comprehensive intratumoral heterogeneity landscaping of liver hepatocellular
e 1 carcinoma and discerning of APLP2 in cancer progression.
— Cite TaoZ Huang), Lil.
Environ Toxicol. 2024 Feb;39(2):612-625. doi: 10.1002/tox.23904. Epub 2023 Jul 29
IJ.IJ] h PMID: 37515494
(') Jll_l i IJ.O INTRODUCTION: As the sixth most common type of cancer worldwide, liver hepatocellular carcinoma
1989 2025 (LIHC) emerges as grave public health danger owing to its chemotherapy-resistant feature. ..We
observed an intense communication from the cancer cells to endothelial cel ...
) 1 year | Key therapeutic targets implicated at the early stage of hepatocellular o . ) ) ) ‘ .
- 2 carcinoma identified through machine-learning approaches. [C]  Activation of Hepatic Stellate Cells During Liver Carcinogenesis Requires
) 5 years Cite  Hosseiniyan Khatibi SM, Najjarian F, Homaei Rad H, Ardalan M, Teshnehlab M, Zununi Vahed S, Pirmor 8 Fibrinoqen/lntegrin QVBS in Zebrafish.
) 10 years S. Cite YanC, Yang Q Gong Z
Sci Rep. 2023 Mar 7;13(1):3840. doi: 10.1038/541598-023-30720-x Neoplasia. 2018 May;20(5):533-542. doi: 10.1016/j.ne0.2018.02,002. Epub 2018 Apr 9
) Custom Range PMID: 36882466  Free PMC article. Retraction in: Neoplasia. 2024 Jun;52:101000. doi: 10.1016/j.ne0.2024.101000.
Hepatocellular carcinoma (HCC) is the most frequent type of primary liver cancer. Early-stage detecti PMID: 29649779  Free PMC article.
plays an essential role in making treatment decisions and identifying dominant molecular mechanisms Hepatocellular carcinoma (HCC) is one of the most common cancers and it usually develops from a
] Abstract .The applied methods could identify key genes associated wi ... background of liver fibrosis or inflammation. ...
| Free full text
| Full text [C] Nondegradable Collagen Increases Liver Fibrosis but Not Hepatocellular ] Overexpress.ic?n of th.e V?tronectin V‘1O SgbuniF in Pat‘ients with Nonalcoholic
9  Steatohepatitis: Implications for Noninvasive Diagnosis of NASH.
cite  Del Ben M, Overi D, Polimeni L, Carpino G, Labbadia G, Baratta F, Pastori D, Noce V, Gaudio E, Angelico F,
Mancone C.
Int J Mol Sci. 2018 Feb 18;19(2):603. doi: 10.3390/ijms19020603.
PMID: 29463024 Free PMC article.
The persistence of necroinflammatory lesions and fibrogenesis in NASH is the leading cause of liver
cirrhosis and, ultimately, hepatocellular carcinoma. To date, the histological examination of liver
biopsies, albeit invasive, remains the means to distinguish NASH f ..
[[] Diagnostic and prognostic roles of serum vitronectin in hepatitis B-related
10 hepatocellular carcinoma.
Cite TaNg AF, ZNOUTA, 7ang WJ, LU'L, Lar'y, via SL.

Cancer Biomark. 2016 Sep 26;17(3):271-279. doi: 10.3233/CBM-160639
PMID: 27802203 Free article.

BACKGROUND: Vitronectin (VN) might be involved in the progression of hepatocellular carcinoma

(HCC). OBJECTIVE: This study was designed to evaluate the diagnostic and prognostic value of serum
vitronectin among HCC patients. METHODS: A total of 105 pat ...




Scenario 1-HCC

= Google Scholar "hepatocellular carcinoma" AND vitronectin n
 Articles About 22,800 results (0.09 sec)
Any time Vitronectin silencing inhibits hepatocellular carcinoma in vitro and in vivo
Since 2025 W Zhu, W Li, G Yang, C Fu, G Jiang, Q Hu - Future Oncology, 2015 - Taylor & Francis
Since 2024 ... In conclusion, VTN silencing inhibits the malignant growth of hepatocellular carcinoma cells
Since 2021 ... of hepatocellular carcinoma. Therefore, targeting VTN in hepatocellular carcinoma could be ...

Custom range... Y Save 99 Cite Cited by 21 Related articles All 4 versions Import into EndNote

Sort by relevance Diagnostic and prognostic roles of serum vitronectin in hepatitis B-related [PDF] sagepub.com
Sort by date hepatocellular carcinoma

XP Yang, LX Zhou, QJ Yang, L Liu, Y Cai... - Cancer ..., 2016 - journals.sagepub.com

... Vitronectin (VN) might be involved in the progression of hepatocellular carcinoma (HCC). ...

to evaluate the diagnostic and prognostic value of serum vitronectin among HCC patients. ...

Y¢ Save 99 Cite Cited by 10 Related articles All 3 versions Import into EndNote

Any type
Review articles

include patents

+ include citations Expression, regulation, and function of aV integrins in hepatocellular [PDF] wiley.com
carcinoma: An in vivo and in vitro study Full View
M Nejjari, Z Hafdi, G Gouysse, M Fiorentino... - ..., 2002 - Wiley Online Library

Create alert . 7 , A ) o
... In conclusion, our results support the existence of an V integrin/vitronectin connection in

hepatocellular carcinoma and suggest that this connection may be an adverse prognostic factor. ...
Y¢ Save 99 Cite Cited by 80 Related articles All 10 versions Import into EndNote

H™™L) Assessment of plasma vitronectin as diagnostic and prognostic marker of [HTML] mdpi.com
hepatocellular carcinoma in patients with hepatitis C virus cirrhosis

SY Mohamed, AE Esmaiel, MA Shabana... - Gastroenterology ..., 2022 - mdpi.com
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Published articles already report a role of Vitronectin in HCC

The most common mistake is assuming;:
“Because it’s published, it’s true and complete.”

Your first action is critical appraisal, not acceptance.



~ Scemariol
Scenario 1: RNA Published in HCC

1.Read the literature critically
*Mechanism
*Experimental models
*Clinical cohort size

2.Compare:
*Reported direction of expression
*Your dataset’s findings

3.Validate consistency:
*Prognostic relevance?
*Functional assays?

Note: Your model did not “discover” the RNA—it rediscovered
it with computational evidence.

» Subtype specificity

* Interaction networks

» Prediction of therapeutic response

« Early vs late-stage relevance
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Before interpreting biology, categorize the
literature:

A. Nature of the studies:
Bioinformatic only?
Expression-based?
Functional?

Clinical cohort analyses?

B. Level of evidence
Multi-cohort patient validation
Functional perturbation with phenotypic effects
Correlative expression studies
Single-dataset mining
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Map agreement and tension in the literature.

Do all studies report: The same direction of Vitronectin expression?
The same prognostic implication?

Are findings:
Consistent?
Context-dependent?
Contradictory?
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Distinguish correlation from causation
explicitly

Even if published work exists, you must ask:
Does Vitronectin drive HCC behavior, or does HCC alter Vitronectin?

state this uncertainty openly.

“While Vitronectin expression correlates with tumor progression, whether
it plays

a causal role or reflects adaptive stress responses remains unresolved.”
This protects scientific credibility.
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ldentify gaps left by existing studies

This 1s the most important step.

What did the published studies not address?
Mechanism?

Tumor microenvironment?
Therapy response?
Temporal dynamics?

you do not repeat known findings — you extend them.
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Frame conclusions with precision

¥ “Vitronectin plays an important role in HCC”

“Current evidence supports a context-dependent role for Vitronectin at early stage of HCC”
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Step 4: Functional Context
*ECM remodeling

Integrin binding

*Cell adhesion and migration
*Tumor—stroma interaction

These functions are central to HCC progression.

Step S: Clinical interpretation

*Potential early diagnostic biomarker
*Detectable at protein level (serum)
*Reflects tumor microenvironment activity

This makes VTN clinically attractive.
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Scenario 2: RNA Known in Other Cancers

Study function in other diseases

Evaluate liver-specific relevance

Hypothesize mechanistic transferability

Propose conserved or context-specific roles
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Your interpretation should be conservative and defensible:

“Based on its known roles in protein turnover and cell-cycle regulation in

other malignancies, CSN7A may modulate stress adaptation and survival
pathways relevant to ccRCC biology.”

“Given its established role in disease X via pathway Y, RNA Z
may contribute to disease A through a shared biological process.”

Due to a frequent mutation in protein-coding regions and an elevated burden
of unfolded proteins; an elevated protein turnover was necessary for those
speedily dividing cancer cells. Hence, the inhibition of the UPS components
appeared to be a hopeful strategy for KIRC therapy.
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Scenario 3: Completely Novel RNA

Verify annotation quality
Check conservation

Evaluate tissue specificity
Use computational predictions
Design validation experiments

Novelty increases uncertainty—but also impact.
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Look for indirect cancer logic

Forget cancer labels and return to fundamentals:
What does X do in normal cells?

Many cancer-relevant genes were discovered because they:
Regulate stress responses

Maintain protein homeostasis

Stabilize signaling networks

In silico analysis
Bench validation
Orthogonal data
Iterative refinement
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Be extremely disciplined in interpretation

Avoid declaring oncogenic or suppressive roles prematurely
Use conditional language:

“may,,

“suggests”

“Is consistent with”

This protects scientific integrity.
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Table S5. Top ten enriched gene ontology (GO) targeted by miR-1914 in the recurrence of ovary cancer

miR-1914 Description Size | Ratio P-value FDR Gene Genes
Gene Set counts
1 GO:0048870 | cell motility 1518 | 2.3900 | 0.000022153 | 0.069538 | 26 APEX1, ARHGEF2, ARPC3, ARRB2, BARHLI, CALR, CFL1, DMTN, MSN,

NAVI1, NRG4, NUP93, OGDH, OLRI, PLCGI, PLXNDI, PPIA, PPPIR9B,
SLCI6A1, SP1, SRCINI1, STATSB, TACR3, VASHI1, WASF2, ZNF609

GO:0051674 | localization of cell 1518 | 2.3900 | 0.000022153 | 0.069538 | 26 APEX1, ARHGEF2, ARPC3, ARRB2, BARHLI, CALR, CFL1, DMTN, MSN,
NAVI, NRG4, NUP93, OGDH, OLRI, PLCGI, PLXNDI, PPIA, PPPIR9B,
SLCI16A1, SP1, SRCIN1, STATSB, TACR3, VASHI1, WASF2, ZNF609

3 GO:0040011 | Locomotion 1738 | 2.3283 | 0.000010891 | 0.069538 | 29 APEX1, ARHGEF2, ARPC3, ARRB2, BARHL1, CALR, CFL1, CREBI, DMTN,
MSN, NAVI, NRG4, NUP93, OGDH, OLRI, PLCGIl, PLXNDI, PPIA,
PPPIR9B, RNF165, SHANK3, SLC16A1, SPI, SRCINI, STATSB, TACR3,

(¥}

VASHI, WAS F609
GO:0006928 | movement of cell or 1967 | 2.1282 | 0.000041981 | 0.098835 | 30 APEX1, ARHGEF2, ARPC3, ARRB2, BARHL1, CALR, CFL1, DMTN, KIF3B,
subcellular component MSN, NAVI, NOSIAP, NRG4, NUP93, OGDH, OLRI, PLCGI, PLXNDI,
PPIA, PPPIR9B, RNF165, SHANK3, SLCI6A1, SP1, SRCINI, STATSB,
TACR3, VASHI1, WASF2, ZNF609
GO:0040018 | positive regulation of 33 16.914 | 0.000087445 | 0.15043 | 4 CREBI, IGF2, PPIB, STATSB
multicellular organism
o growth
IGO:0016477 | cell migration 1368 | 2.3460 | 0.000095845 | 0.15043 23 APEX1, ARHGEF2, ARRB2, BARHLI1, CALR, CFL1, DMTN, MSN, NAVI,
NUP93, OGDH, OLRI, PLCGI, PLXNDI, PPIA, PPPIR9B, SLC16Al, SPI,
w1063 SRCINI, STATSB, VASHI, WASF2, ZNF609
. GO:0048524 | positive regulation of 83 8.4059 | 0.00032338 | 0.43504 |5 CFL1, LARPI, PPIA, PPIB, SP1
" viral process
GO:0031328 | positive regulation of 1919 | 1.9633 | 0.00042004 | 0.49444 | 27 ADIRF, APEX1, ARHGEF2, ARRB2, BARHL1, CAMTA2, CREBI1, CTDNEPI,
cellular biosynthetic E2F3, EIFSALI, FOXKI, IGF2, KMT2B, LARP1, MAFG, MTA1, NFIC, NFIX,
process NOSIAP, PLAGL2, PLXNDI, PTGES2, RBPIL, RNF187, SP1, STATSB,
ZNF609
GO:0009891 | positive regulation of 1949 | 1.9330 | 0.00053645 | 0.56131 | 27 ADIRF, APEX1, ARHGEF2, ARRB2, BARHL1, CAMTA2, CREBI1, CTDNEPI,
biosynthetic process E2F3, EIFSAL1, FOXK1, IGF2, KMT2B, LARP1, MAFG, MTAI, NFIC, NFIX,
- NOSIAP, PLAGL2, PLXNDI, PTGES2, RBPJL, RNF187, SP1, STATSB,
ZNF609

10 | GO:0003062 | regulation of heart rate | 6 46.512 | 0.00074982 | 0.70611 2 NOSIAP, YWHAE
by chemical signal




one-sentence expert takeaway for each scenario

Scenario 1:
Your job is to refine truth, not repeat literature.

Scenario 2:
Your job 1s to translate mechanisms responsibly, not import cancer labels.

Scenario 3:
Your job 1s to let normal biology guide cancer relevance without
speculation.



Final message

Al does not replace biological thinking.
Al reshapes the hypothesis space.

But interpretation

IS where biology, pathology, and medicine take control
again.

If you remember one thing from today, remember this:
A candidate RNA is a starting point, not a
conclusion



kHAYYAM
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