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La cultura dei Big Data abbraccia i sistemi cyber-fisici, il cloud computing e I'Internet of Things (loT)

ovvero Industria 4.0.
Questi enormi sistemi di elaborazione dei dati spesso coinvolgono livelli significativi di automazione

dei processi.



| Big Data sono spesso associati a

"2017. -06.

m Orgmana 93T18 43 . .
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BIG DATAIiG le capacita dei computer desktop locali e dei

]m rnd
111115 353"7wgak

“789485ch- bFa amna i software tradizionali, a causa di vincoli

8047 49
1115 AR timestamp' 8454df

orgnanager handle.”é":’tﬁi 2ii:. : imposti dalla velocita e dai volumi di

19196 "message":"Duration Log"”
.elaborazione.
L'elaborazione delle informazioni & diversificata e pud includere streaming di messaggi di testo,

immagini, video e file musicali.

5 «V» caratteristiche dei BIG DATA:
Volume (enorme mole di dati);

Varieta (di formati e di sorgenti);

Velocita (di trasmissione ed elaborazione dei dati);

Variabilita (mancanza di struttura, coerenza e contesto);

Veridicita (accuratezza e qualita nei dati).



BIG DATA — HEALTH CARE
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Big Data in Health Care
Generates Exabytes of Data

The opportunities presented by data
in health care are immense, but so

H Source: "Harnessing the Power of Data in Health."
are the obstacles the sector faces as it Smertphones Wearables
evolves. To move forward, the following
challenges must be addressed:
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DATA DATA
Commentiry : . _ . INFRASTRUCTURE ACQUISITION CHARACTERISTICS
Artificial Intelligence and Big Data in Public Health
. Broadband Variability
Kurt Benke 127 and Geza Benke 3 Cloud Service Variety
Int. . Environ. Res. Public Health 2018, 15, 2796; doi:10.3390/ flerph15122796 Internet of Things BIG DATA Veracity
Connectivity Velocity
Volume

Seminars in

NUCLEAR
MEDICINE
Emergence of “Big Data” and its Potential and ARTIFICIAL
Current Limitations in Medical Imaging INTELLIGENCE
Martin J. Yaffe, PhD, CM https://doi.org/10.1053/j.semnuclmed.2018.11.010
Al MODELS MODELING STATISTICS
= Machine Learning = Data Mining = Data Clustering
= Expert Systems = Optimization » Hypothesis Testing
=  Meural Networks = Simulation = Inference
= Intelligent Agents = \Virtual Reality » Regression Analysis
= Pattern Recognition *  Visualization *  Risk and Uncertainty
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Intelligenza artificiale (Al)

E una branca della scienza informatica che ha lo
scopo di dare ai computer o alle macchine alcune
abilita che possano simulare I'intelligenza umana,
come ad esempio imparare, risolvere problemi e
assumere decisioni

“la capacita, da parte di un computer, di svolgere
compiti o) ragionamenti che vengono
comunemente attribuiti all’intelligenza umana

“imitazione dell'intelligenza o del pattern di
comportamento umani o di altre entita viventi”

DATA
INFRASTRUCTURE

Broadband
Cloud Service

internet of Things | [

Connectivity

DATA
ACQUISITION

BIG DATA

DATA
CHARACTERISTICS

Variability
Variety
Veracity
Velocity
Vaolume

Pattern Recognition

Visualization

ARTIFICIAL
F) INTELLIGENCE ﬁ
Al MODELS MODELING STATISTICS
* Machine Learning Data Mining Data Clustering
Expert Systems Optimization Hypothesis Testing
Meural Networks Simulation Inference
Intelligent Agents Virtual Reality Regression Analysis

Risk and Uncertainty




Intelligenza artificiale (Al)

Aumentare la produttivita e I'efficienza dell’erogazione
delle cure

Migliorare [l’attivita quotidiana dei professionisti
sanitari

Incrementare l'accuratezza della diagnosi e |Ia
personalizzazione delle cure

Velocizzare I'arrivo sul mercato di terapie efficaci
Impatto su pazienti, professionisti e sistema sanitaria
Potenziali rischi

Questioni etiche relative all’'uso dell’Al

Areas of impact of Al in health care

Self-care/
Prevention/
Wellness

Chronic care
management

Triage and

diagnosis

Clinical
decision Diagnostics
support




Areas of impact of Al in health care

Intelligenza artificiale (Al)

Self-care/
Prevention/
Wellness

Chronic care
management

* Incrementare [l‘accuratezza della diagnosi e la Triage and

diagnosis

personalizzazione delle cure

Clinical
decision Diagnostics
support




What is precision medicine?

Precision medicine is "an emerging approach for disease treatment
and prevention that takes into account individual variability in
genes, environment, and lifestyle for each person." This approach
will allow doctors and researchers to predict more accurately which
treatment and prevention strategies for a particular disease will
work in which groups of people. It is in contrast to a one-size-fits-all
approach, in which disease treatment and prevention strategies are
developed for the average person, with less consideration for the

differences between individuals.

- qore Personajis,

{'@‘

Precision Medicine

Phenomics
Genomics
' . Transcriptomics B
Population Exposotiics Individual
"= 'T'_a"" Metabolomics h=1
Proteomics
" Epigenomics &
| N Microbiomics S
Lo ) i

< _“e_/ health gata. %"

Bilkey GA, Burns BL, Coles EP, Mahede T, Baynam G, Nowak KJ.
Optimizing Precision Medicine for Public Health. Front Public
Health. 2019 Mar 7,7:42.



Intelligenza artificiale (Al)

Areas of impact of Al in health care

Self-care/
Prevention/
Wellness

Chronic care
management
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Manuscript completed in October 2016

SEutpanLnbe BIG DATA IN BIG TROUBLE?
Using big data comes with its own caveats. There is still a need to
European Parliament establish policies to protect the data of individuals in terms of confi-
LEGAL AFFAIRS dentiality, privacy and security, while still ensuring that advance-

ments in science can take advantage of the vast availability and
Artificial Intelligence: Potential B¢ openuseofdata.

Ethical Considerations 1) the risk of inadvertent disclosure of personally
identifying information;

2) the potential for increasing dimensionality of data to make

KEY FINDINGS it difficult to determine if a dataset is sufficiently de-

identified to prevent ‘deductive disclosure’ of personally

e The ability of AI systems to transform vast amounts of c

information into insight has the potential to reveal long-held se identifying information;
some of the world’s most enduring problems. 3) the challenge of identifying and maintaining standards of
« However, like all powerful technologies, great care must be take ethical research in the face of emerging technologies that

and deployment. To reap the societal benefits of AI systems, we v . . .
them and make sure that they follow the same ethical princ may shift the generally accepted norms regarding privacy

professional codes, and social norms that we humans would follow in the same Big Data in Public Health: Terminology, Machine Learning, and
scenario. Research and educational efforts, as well as carefully designed requlations, Privacy. Mooney et al, Annu Rev Public Health. 2018.

must be putin | gyt trust will also require a system of best practices that can help guide the safe and ethical
management of AI systems including alignment with social norms and values; algorithmic
responsibility; compliance with existing legislation and policy; assurance of the integrity of the
data, algorithms and systems; ard protection of privacy and personal information.

s International B
as well as with
make Al ethic!
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Al E MACHINE LEARNING

Il Machine learning € un’ applicazione dell’intelligenza artificiale (Al)
che fornisce [l'abilita dellapprendimento automatico e del
miglioramento attraverso l'esperienza, senza una programmazione
esplicita. Il Machine learning si focalizza sullo sviluppo dei
programmi computerizzati che possono accedere a dati ed utilizzarli
per 'apprendimento.

ARTIFICIAL MACHINE
INTELLIGENCE LEARNING DEEP LEARNING

Any technique that Statistical methods that Neural networks '”iﬂ? many layers
enables machines to enable machines to “learn”  that learn representations and tasks

L™ 3 »
mimic human tasks from data without directly” from data

intelligence explicitly programming

Deep learning more accurate
than humans on image
classification

FLOPS

Thousand Milliop Quadrillion
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MACHINE
LEARNING




Al E DEEP LEARNING

Il Deep learning € un sottoinsieme degli algoritmi del machine learning che utilizza multiple tecniche per estrarre

progressivamente features di livello sempre piu alto da un input di dati grezzi.

g Hiddar Hickdan Higdan Cupit
{1'ymr 4 el > Iy 2 * e 3 h’ lover

Performance

Amount of available data

Daep Leaming

Classic Techniques
of hdaching L eaming
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Pesapane of ol Ewopean Radiology Experimental (2018) 2:35 Eu rap ean Radlﬂ‘l Dgy

httpesdol org/ 10.1 188/ 541 74T-018-0061-6 i * [evice mimics cognitive
Experimental A I functions

* Since 1950s

NARRATIVE REVIEW Open Access

Artificial intelligence in medical imaging: @
threat or opportunity? Radiologists again at
the forefront of innovation in medicine

Filippo Pesapane’', Marina Codari™'(® and Francesco Sardanelli™”

i & Algorithrms that improve as
MEChlﬂE they are esposed to more
data

Learning . since 15805

= Artificial neural netwoarks

DEED structured in mulbiple

layers to decode imaging

Learning raw data
= Since 20105

FIRST DIGITAL REVOLUTION: CT (19743
-

SECOND DIGITAL REVOLUTION:

Al: ML/DL & RADIOMICS




RADIOMICA

Oltre alle immagini ..... > Metodi matematici e statistici per
valutare:
intratumoral and Feature st N . . . . . .
retrostmey | PeFtUMOTa Segmentation Extraction  iscovery Valkdaion Intensita dei livelli di grigio
— E- Posizione dei pixel all’'interno
(& ‘g o NP dell'immagine
(. . H (o Ricavandone descrittori complessi
i | > . T
- -% > Radiclogy. 2016 Feb;278(2):563-77. doi: 10.1148/radiol.2015151169. Epub 2015 Nov 18.
(‘J E Radiomics: Images Are More than Pictures, They Are
) E Data
Robert J Gillies ', Paul E Kinahan !, Hedvig Hricak 1

Le features estratte possono essere correlate con dati clinico-radiologici e utilizzati in nell’evidence-based decision making.
La Radiomica offre un ventaglio molto ampio di biomarker di imaging che possono avere potenzialita nel riconoscimento di
lesioni neoplastiche, definire la prognosi, predire |a risposta al trattamento e monitorare lo stato della malattia.

-



£ IMAGES ARE MORE THAN
4 PICTURES, THEY ARE DATA

e # . . . et i Sk w.;.v..‘n;_sq.‘ oy~ A
W Can CT-based radiomics signature predict KRAS/NRAS/BRAF ===

9 .‘ £ i ) N mutations in colorectal cancer?

Eur Radiol. 2018 Jul 2. doi: 10.1007/500330~018‘5.530-z. [Epub ahead of print]
- - . - . - - - = = - . i 23 . i 2 . i 2 . iu2 .
Radiomics signature: a biomarker for the preoperative discrimination of lung invasive '¢ " - Mengjic Fang™ - Yongbei Zhu - Yali Zang™- Zhenyu Liu
Jianming Ying” - Xinming Zhao " - Jie Tian "

adenocarcinoma manifesting as a ground-glass nodule. | D
. : —

ngJA

Fan L', Fang M3, Li Z* Tu W', Wang S5, Chen WP, Tian J%3, Dong D78, Liu S°.

The development and validation of a CT-based radiomics
signature for the preoperative discrimination of stage I-II and
stage III-IV colorectal cancer

Cuishan Liang*?#", Yanqi Huang'*#*", Lan He'3, Xin Chen*, Zelan Ma'?, Di Dong?®,
Jie Tian®, Changhong Liang’, Zaiyi Liu*

Texture analysis as a raaiomic marker
1for differentiating renal tumors

= : c - oy +l ) 2 1,2 s 1 Kl aatm katiad 1 Amwa Oaalds Paooxi 1
Delta-radiomics features for the H.e|Shun s E Jo.natha.u: seal Machine learning-based analysis of MR radiomics can help
prediction of patient outcomesin  Nicolas Bloch,” Baojun Li," Muh

Radiomic Features on MRI Enable Risk

Categorization of Prostate Cancer Patients

on Active Surveillance: Preliminary
Findings

S o e ) to improve the diagnostic performance of PI-RADS v2 in clinically
ephan vv. Anaerson relevant prostate cancer
non-small cell lung cancer
Xenia Fave ()*?, Lifei Zhang?, Jinzhong Yang(®*, Dennis Mackin?, Peter Balter’, Daniel to improve the diagnostic performance of PI-RADS v2 in clinicallv Zhang” - Xiao-Ning Wang” -
Voharta Latrene Coun relevant prostate cancer CT-based radiomics signature: a potential
" Yu-Dong Zhang* . .
Radiomics: the process and the challenges. recurrence in hepatocellular carcinoma
Ying Zhou,"2® Lan He,* Yanqi Huang,? Shuting Chen,"? Penqi Wu,"? Weitao Ye,?
=220 L, Bast v, DUy A, LTI VA, oulldldll VD, TUIsel A, AGdls 1Y, e e Faki i 1.2 Alacabana 1 ianal2
Can the largest cross-sectional area be used as an alternative
to whole tumor analysis? i

Machine learning-based analysis of MR radiomics can help
Gomez?, David Followill*, Aaron Kyle Jones*, Francesco Stingo(°, Zhongxing Liao®, Radhe
Jing Wang' + Chen-Jiang Wu?. Mei-Ling Bao® - Jing lezmgz + Xiao-Ning Wang? - biomarker for preoperative prediction Of early
I ————— __ Assessment of tumor heterogeneity by CT texture analysis:
Francesca Ng?, Robert Kozarski®, Balaji Ganeshan¢, Vicky Goh4*



RADIOMICA

1. Image and data
acquisition

2. Lesion segmentation

3. Feature extraction

b

Intensity J l

k.

Stuapie 0 "@'
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Texture S
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wraveler Flters ]
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4. Data Aggregation and
analysis




Multispectral Imaging
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Discover Relationships
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Ganomics
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Pathology

Al

RADIOMICA

L'ipotesi della radiomica e che le caratteristiche distintive di
imaging tra le forme di malattia possano essere utili per
prevedere la prognosi e la risposta terapeutica per varie
condizioni, fornendo cosi preziose informazioni per una terapia
personalizzata. s

& }\-.
r N
4 y Precision Medicine
‘ y Phenomics A
| Genomics W
T Transcriptomics -
Population P . Individual
n = many Exposomics .
x Metabolomics , ]
/" . Proteomics | |
: Epigenomics ) = |

Microbiomics




Radiomics and Precision Medicine

Image Analysis Clinical Data

Extraction of quantitative availability
features from images Store and retrieval of large
amount of clinical data and
What is images
new? )

Big Data Analysis

Extraction of large amount of oo Computational
quantitative features Power

Increasing of processing
-omics power
Data from other fields:
genetics, molecular, ...



RADIOGENOMICA

Radiogenomic Analysis of Breast Cancer by Linking MRI Phenotypes with Approccio non invasivo con lo scopo
Tumor Gene Expression . . . o . .
di associare i repertl di Imaging con I
* The MRI phenotypes low initial enhancement, sottoti p| mOIECOIari, le mutazioni
increased smoothness of enhancement, and ) ..
low sharpness were associated with the genet|Che e altre caratteristiche
expression of proteins within the ribosome, a . . . .
target of anticancer drugs. correlate con i geni dei tumori.

* |ncreased smoothness of enhancement,
smaller tumor size, and a more irregular
tumor shape were associated with the
expression of genes related to the
extracellular matrix, which is involved in
breast cancer progression and metastasis.

MRI Feature

MR Feature

Heat map of Pearson correlation between MRI features

Bismeijer T et al. Published Online: May 26, 2020

hitps://doi.org/10.1148/radiol 2020191453 I {E]( I|()I( )g\’

Nell'ambito del tumore mammario (soprattutto utilizzando dati RM), si e focalizzata nel correlare dati genomici derivanti
dai sottotipi molecolari, espressione genomiche individuali e score clinici di rischio di recidiva (OncotypeDx, MammaPrint,

Mammostrat, PAM50/Prosigna).
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Artificial Intelligence: Is It Armageddon for
Breast Radio lﬂg 19197 Chiwome L, Okojie O M, Rahman A, et al. (June 30, 2020) Cureus 12(6): €8923.

Review

The Application of Radiomics

Table 3. Studies on Predicting Molecular Subtypes of B 1ypje 4, Sudies on Prediction of Tumor Response to Chemotherapy in Breast Cancer.,

Table 1. Smudies on Dil

First Author,
Year

Bahreini
et al
(2010)°
Bickelhaupt
etal
(2108)7

Bickelhaupt
eral
(2017)%

Holli et al
(2010)*

Hu et al
(2018)"

Juang er al
2018)"

Karahaliou
etal
(2010)"

Nie et al
(2008)"

‘Whitney
etal
(2019)"

Gibbs and
Tumbul
(2003)"

Study Desig

Retrospectiy

Retrospectit

Prospective

Retrospectir

Retrospectit

Retrospecti

Not
mentione

Retrospecti

Retrospectit

Retrospectit

Table 2. Studies on

First
Author,
Year

Chai ef af
(2019

Cui ef al
(20197

Dong et af
(2018)'#

Han et al
(2019"

Liu ef af
(2019

Liu ef af
(2019)*"

Study De

Retrospec

Retrospec

Retrospec

Retrospec

Retrospec

Prospectr

Technology in Cancer Research &
Treatment

Volume 19 1-16
I Tha MAiekasfel TN

Number of First Authar, Number of Magnetic
First Author, Year  Study Design Patims  MRIMod vy Study Design  Patients  MRI Modality Field Radiomics Features Studics Directions Outomes
Kirsi Holli-Helenius  Neo
et al (201775 Table 5. Swdies on Prediction of Survival Outcomes in Patients With Breast Cancer.
Firzst
Faneral, 2018  Re Authaor, Numberof MRI  Magnetic
Year Study Design Patienis  Modality Field Radiomics Fratumes  Studies Directions Outeomes
Fanetal (0177*  Re Bim ef al Retrospective 203 X E- 15T Texture features To determine the relationship Inmultivariate analysis, a higher N stage (RFS hazand ratio, 11.15 (N3 stage); P = 002,
(207 MRI betwaen tumor hetermgeneity Bonferroni adjusted a = 0.0167), miple-negative subtype (RFS hazard mtio, 1691, P
Fanetal (20197 Re axseased by means of MRI texture = (01, Bonfamoni adjusted a = 0.0167), highrisk of T1 entropy {less than the cutoff
amalyzis and survival putcomes in wvalues {mean, 5.057; range, 5.022-5.167), RFS hazard ratio, 4.55; P = J018), and T2
. o patients with primary breast entropy {equal i or higher than the cutoff values (mean, 6.013; mnge: 6,004-6.03 5),
Girim 1l (2015):" Re cancer. RFS hazard ratio = 9 84; P = 001) were associated with worse outeomes.
Chanef @l  Retrospective 563 HE- I5T Mot mentiomed We present a radiomics model to The ROC curves of the mode] yiclded AUC values of (UEE, 0.77 and 0.73, for the taining,
Tuan eral (201877 Re {2017 MRI discriminate between patients at leave-one-out cross-validated and bootstrapped performances, respactively.
low risk and those at high risk of
treatment failure at long-term
Ko et al (201617 o follow-up based on eigentumons.
Dirukker Mot mentioned 162 DCE- I5T Not meentiomed To predict recumence-free survival — The C-statistics for the association of METV with mcurrence-free survival were 069
et al MRI “early on™ in breast cancer with 95% confidence interval of (0. 58-0.80 at pretreatment and 0.72 {0.60-0.84) at
_ i (20187 nooadjuvant chemotherapy. carly treatmeent. The hazard mtios cakulated from Kaplan-Meier curves wene 228
Ergeral (2005 Bo (LOB-4.61), 3.43 { LE3-6.75), and 4.81 (2.16-10.72) for the lowest quartile, median
quartile, and upper quartile cutpoints for METV at carly treatment.
Park er of Retrogpective 294 DCE- L5T Maorphological, To develop a radiomice gignature to  The radiomics nomogram estimated DFS (C-index, 0.76; 5% confidence interval (CI):
Ma ot al Q0187 Re (20187 MRI histogram-hased estimate DFS in patients with 0,740 77 ) better than the clinicopathological (C-index, 0.72; 95% CL 0.70-0.74) or
features, and invasive breast cancer and to Rad-score only nomograms (C-mdex, 0.67; 95% OO, 0.6 5-0.69).
higher-onder establish a mdiomics nomo gram
Monti ef al (2018 Mo texture feahures, that incorporates the mdiomics
signatmre and MBI and
dlinicopathological findings.
Pickles ef /! Retrospective 112 DXCE- 30T Texiure, shape Tao determine if associations exist Accuracy of risk stratification based on either traditional (59%) or DCE-MRI (65%)
(20167 MRI features botwoen pretreatment DCE-MRT survival indicators to a similar level, However, combined traditional and
Saha eral 2018 Mo aned survival intervals and compare MR risk stratification resulted in the highest accumacy {M%:l.

the prognostic value of DCE-MRI

parameters against maditional
pretreatment survival indicators,




Al E APPLICAZIONI NELLIMAGING SENOLOGICO

CLINICAL NEEDS
Personalized screening

More efficient screening

Al ROLE
BC risk stratification

Al reader, reduced human time

Personalized therapy

Cancer “molecular” characterization

Prediction of response to NAC

Advanced image analysis




Al E APPLICAZIONI NELLIMAGING SENOLOGICO

ECR 2022 /C-21877

Machine Learning Algorithm in Tomosynthesis and
Synthetic Mammography Images: a Decision Support
System for the characterization of breast masses

lesions
Lesion Characterization Image Processing Feature Extraction Feature Selection Classification
MANUAL SEGMENTATION MASK OF TUMOR SHAPE AND INTENSITY Ao ey St Benign vs Malignant
OF LESION BOUNDARY

Curve ROC Class Miestnrt

IMAGE FILTERING

CONVEX ENVELOPE AND ELLIPSE

ANOVA method and
i 9 e Sensitivity, Specificity,
F—Test: :
and Accuracy in
Training and Validation

selection of 20

PERITUMORAL MASK significant features

Extraction of 219 features




Al E APPLICAZIONI NELLIMAGING SENOLOGICO
C

IS8 AZIENDA OSPEDALIERO-

ANALYSIS OF RADIOMIC FEATURES IN . .
THE MRI ASSESSMENT OF THE Results — pCR (multivariate analysis)
RESPONSE TO NEOADJUVANT » Radiomic features correlation in the subtraction  a) Predictive model obtained with 3 Radiomic features
CHEMOTHERAPY IN PATIENTS WITH e | Groam_SmallArca owraytovel Emphasis
TRIPLE-NEGATIVE BREAST CANCER b d‘ b) Predictive model obtained with addition of Ki-67

index. e =8
N. Damiani, F. Galioto, M. Durando, G. Bartoli, V. Rossetti, E. Regini, |. Landolfi, P. Fonio, O. Rampado. a) AUC=0,84 : s ]
\ R JIET [ESEENES b

: Department of Diagnostic Imaging and Interventional Radiology - H-—H 0%: 02 m 4o ‘Gah nd

cow University of Turin, Turin/IT ) Emmm : ‘ Fesepme e

Agd- | ]
& - F—
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8 Methods - Lesions Segmentation .
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Yo = Manually drawn ROI on the lesions in DWI and DCE (5! acquisition after mdc injection and the
/u@ g 3rd subtraction images) with software LIFEX 7.1, analysed with Py-Radiomics (Python package).

zm:"‘ ?)uﬁ;:g?dﬁom RESS OF RADIOLOGY

THE GYCLE,OF LiFE ECR 2023

T
™

\J £




Al as an opportunity....
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Artificial intelligence in medical imaging: ®
threat or opportunity? Radiologists again at
the forefront of innovation in medicine

Filippo Pesapane'’, Marina Codari™'( and Francesco Sardanelli™

Al will not replace radiologists.

Yes, those radiologists who take advantage of the potential of
Al will replace the ones who refuse this crucial challenge
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Radiomics role in the clinics

e Imaging is routinely performed for oncological patients:
o diagnosis - large amount of
o treatment planning bl
o follow-up

bt by
clive dala

- database continuously
updated
- no additional cost

e Imaging is not invasive and minimally detrimental:
o invasive alternative: biopsy or blood sampling no additional patient discomfort

e Radiomics quantifies the properties of the whole volume:
o reduce risk of under -sampling as compared to e.g.
biopsy more complete information

Radiomics challenges

Differentiate malignant/benign tissue

Tumor staging: differentiate between early and advanced stage disease
Prognostic models: correlation with survival

Predictive models: predict treatment response (chemoterapy, radiation
therapy)

Assessment of metastatic potential of tumors

Assessment of cancer genetics / biological or histopathological properties
(biological basis of clinical application of radiomics)

Improve predictivity of models based on clinical, biological, genetic data

Volume segmentation
Dimension of volume
Rigorous methodology
Standardization
Redundancy
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