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Once upon a time: Wilhelm Roentgen discovers X-rays in 1895
while experimenting on his wife Anna-Berthe ...
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and tne rest is History...
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Biomedical imaging: it isn't so simple anymore...

PET PET- CT

LN-MRI Diffusion MRI
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. differing principles and scales (both spatial and time)
=> show different things...



Multimodality/-sensor <= modalities
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_qlifering principles and scales (both spatial and time)
=> Show different things. ..

assumption: "the sum Is greater than the parts”




Multi-modality imaging

» Many different types of images

» They have different properties, such as resolution,
contrast, property being imaged such as anatomy vs.

physiology
» Combining such information can provide additional
Information (e.g., sum greater than the parts)

| » need for fusion




Various clinical imaging data sets

» Each modality (data set) has its own spatial reference system
and, to make things slightly worse,
time and physiology also matter...

:> need for registration



Multimodality Imaging: 2 complementary concepts

* Registration —————— >+ Fusion

<=> establishes the spatial <=>combines data from different
relationship between two (or sources, times, procedures for
more) data sets extracting and exploiting

complementary iInformation




Registration/Fusion contexts:

* Intra-patient. same patient
* Inter-patient: different patients

* Intra-modality: same modality (e.g., protocol)

* Inter-modality: different modalities (or protocol)

=>> research or clinical registration can be
of Interest for any combination(s) of the above




Registration techniques

Goal:

find the optimal geometric transformation so that
a location (point, pixel, voxel) In one data set
can be linked In a unique and reversible manner

to the corresponding one In the other data set

Means:

Images
points, landmarks, features (surfaces, etc.)
contents
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Multimodality registration:
chain of process; most relevant items between parentheses

acquisition, transfer -> reference data set and source one
conversion (e.d., Dicom to other)

segmentation (various technigques; manual to semi-auto.)

estimate/initialize current geometric transformation (# of DOF: e.qg., rigid vs non-rigid)

transform source and compare to ref{(geometric transformation: DOFs, interpolation, etc.)
compare source ana.ref. (cost definition, e.g., analog to a distance)
iterative techniques; multiscaie, constraints, multicost, etc.

vold local extremas)

optimization

assess results (visual, stats, etc.)

visualize (various paradigms)

exploit ... .. »M\ :



Registration techniques: 3D transformation:
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Registration techniques: costs based on:

* Images: interactive techniques
=> minimize visual differences between paired images

* points, landmarks, features (lines, planes, surfaces). direct or iterative techniques
=> minimize distance analog between paired features

» contents: iterative techniques

values: differences, ratios
=> minimize sum or variance of squared ds. or rs.

probability distribution: statistics
entropy. measure of randomness
H(X) = -EX[log(Px)] =-sum[Px log(Px)]

Jjoint entropy: measure of Y's randomness given X => minimize JE
H(X,Y) = -EX[Ey[log(P(X,Y)]] = HX)+H(Y) If X and Y are independent

mutual information: measure of the reduction of Hy given X => maximize Ml
MICX,Y) = H(X) + H(Y) - H(X,Y) NMI:(X.Y) = HOOH(Y)YH(X,Y) 7
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Registration techniques: cost based on:

* Images: interactive techniques

=> minimize visual differences between paired images
(assuming that similar visual clues are visible on both IMref and IMali)

tr xyz +00 mm, rot xyz +00 deg

tr Xxyz +10 mm, rot xyz +10 deg




Registration techniques: cost based on:

* points, landmarks, features (lines, planes, surfaces). direct or iterative techniques

=> minimize distance (euclidean, chamfer, etc.) analog between paired features
(assuming that the same relevant features™ can be extracted in both IMref and IMali)

‘Intrinsic: belongto the data set
extrinsic: e.g., artificial markers,

apparatus (stereotaxy,...), etc.




Registration techniques: cost based on:

» contents: iterative techniques . MRAOT ifar . . MR/PT itar

direct values' comparison: differences (assuming that IMali = IMref)
or ratlos (assuming that IMali = a IMref + b)

In relevant tissue classes/structures
=> minimize sum or variance of squared ds. or rs.

VIRI pd VIRI 11



Registration techniques: cost based on:
» contents: iterative technigques . AT i . . VIR i

probability distribution: statistics (assuming that IMali <=> IMref)
entropy. measure of randomness
H(X) = -EX[log(Px)] =-sum[Px log(Px)]

Jjoint entropy. measure of Y's randomness given X => minimize JE
H(X,Y) = -EX[EY[log(P(X,Y))]] = H(X)+H(Y) If X and Y are independent

mutual iInformation: measure of the reduction of Hy given X => maximize Ml
MI(X,Y) = H(X) + H(Y) - H(X,Y) NMI:(X,Y) = HOX)H(Y)/H(X,Y)

MRI pd Jrdy.



Registration techniques: summary

tr xyz +0 mm, rot xyz +0 deg

tr xyz +00 mm, rot xyz +00 deg

yZ +10 mm, rot xyz +10 geg




Iterative techniques

To optimize the search for the optimal geometric registration
transtformation and ensure Iits convergence, e.g. through:

* multiresolution/multiscale approaches

» additional (adaptative) constraints to restrict the search
(parameter) space

* "Intelligent” use of various optimization strategies and/or cost
functions

* Initialization close enough to the likely solution, e.g. via
controlled positioning and/or processing/registration sequence

* etc.




Iterative registration (CTto MR):
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Non-rigid registration:

Two distinct approaches:

* [inear combination of basis functions:
polynomials,
B-Splines,
Thin Plate Splines (TPS),
Radial Basis Functions (RBF)

* modelling deformations as a physical process:
e.d., viscous fluids (or other models) that deform images

under the Iinfluence of external forces

=>> estimates a 3D vector field describing the displacement or
deformation at each voxel in the image




-rigid registration

Non




Non-rigid iterative registration: brain(s) (courtesy SPL)
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Non-rigid registration

Need for:

* an Interpolation/deformation model
— Optic flow
— Thin plate spline, etc.

» spatial constraints
* an optimization technique

=>> Much more computer intensive than rigid registration

+ validation?
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Registration validation: rationale <=> how-to

To provide a measure of likely error for a given case:

» |andmarks: Root Mean Square error (=distance)
» content: Least Square difference, correlation ratio

To provide an estimation of maximum/typical error for perfect and
degraded cases:

« simulations:
— nhumerical (total control),
— realistic (closer to real life)

* phantoms, cadavers
« reference clinical data sets
« Qactualclinical data sets

BUT think of the various/individual components
within the global registration system!!!




Multimodality registration:
chain of process; most relevant items between parentheses

acquisition, transfer -> reference data set and source one
conversion (e.g., Dicom to other)

segmentation (various techniques; manual to semi-auto.)

estimate/initialize current geometric transformation (# of DOF: e.qg., rigid vs non-rigid)
transform source and compare to ref. (geometric transformation: DOFs, interpolation, etc.)
compare source and ref. (cost definition, e.g., analog to a distance)

optimization (iterative techniques; multiscale, constraints, multicost, etc.
to avolid local extremas)

assess results (visual, stats, etc.)
visualize (various paradigms)
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Multimodality alignment: you can never be too careful (or warned)

» any registration method Is actually a mix of various
components

* not one single approach will solve every problem

» potential shortcomings and pittalls need to be
understood and possibly addressed ahead of time

» all results need to be carefully reviewed




Multimodality Imaging: 2 complementary concepts

» Registration ———————— —+ Fusion

<=> establishes the spatial <=>combines data from different
relationship between two (or sources, times, procedures for
more) data sets extracting and exploiting

complementary Information




Visualization techniques:

slices: Multi-Planar Reconstruction (MPR)
side by side images with coupled cursors
colorwash/fusion

3D surfaces:
segmented structures
textured by another modality
or other (parametric) data

Volume Rendering:
Maximum Intensity Projection
ray-tracing/casting




Multidimensional visualization techniques: slices and MPR

Multi-Planar Reconstruction (MPR)
e — | also oblique and curved planes
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Multidimensional visualization techniques: slices and MPR

coronal




Multimodality

MPR:
colorwash




Visualization techniques:

slices: Multi-Planar Reconstruction (MPR)
side by side Images with coupled cursors
colorwash/fusion

3D surfaces:
segmented structures
textured by another modality
or other (parametric) data

Volume Rendering:
Maximum Intensity Projection
ray-tracing/casting




Multidimensional visualization techniques: surface rendering

Volume segmentation to surface

light
source(s)

observer

+ texture
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post-proc./3D printing LMB)

Rapld prOtOtyp| ng (source C [ scourtesy HUG,

CT slices | digital physical model




ViultidimenRslonal




Brain tumor: (source MR courtesy HUG; post-proc./visu. LMB)




Multimodality/Multisensor: MR + ERP (EEG+EMT) (source MR/EMT courtesy HUG.

post-proc./visu. LVIB)




Visualization techniques:

slices: Multi-Planar Reconstruction (MPR)
side by side Images with coupled cursors
colorwash/fusion

3D surfaces:
segmented structures
textured by another modality
or other (parametric) data

Volume Rendering:
Maximum Intensity Projection
ray-tracing/casting




Multidimensional visualization techniques: volume rendering

Maximum Intensity Projection Volume Weighted Transparency
maximum value <-> projection

Rendering value <-> opacity

observer observer




Multimodality visualization techniques: volume rendering (VH)

(source VH datasets courtesy

B~ LVl / /
post-proc./visu. LIv
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Imaging uses:

- dlagnhosis/staging

- treatment selection
<- planning/targeting
<- guidance

- response monitoring

- follow-up and restaging




Whole body MultiModality imaging (source MR.PT(CT) courtesy MSKCC;

post-proc./visu. LMB)

VIRTT PE] PET+MRIr PET+CT
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Wh0|e bOdy MUltIMOdallty |mag|ng (source 3Dus,PT/CT courtesy MSKCC,

a@st-proc./visu. LIVIB)
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Pre-op Al: multiphase Cl (kidney) (source CTs courtesy MDACC,;

post-proc./visu. LMB)
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Iphase CT (liv

Pre-op. £

tumaor




Brain tumor: MR + FDG-PET




Brain function: EMT In epilepsy (from 1kHz EEG)




Pre/Post-op Al: neuro-epilepsy (MR + PET + SPECT + EMT + grid)

(source data + collabs
HUG & CHUV, post-proc./visu. LMB)




Refined 3D segmentation: Partial Volume Effect correction
(source MR/SPECT/PE T courtesy HUG,;
post-proc./visu. LMB)

tissues




Inter subject registration:

Registering:
acquisition
registration

rgid
affine

averaging average MR brain ’

Exploitation ('a la’ SPM):

high (spatial) frequency smoothing

statistical analysis




Creating a better average atlas (courtesy LONI)

Average Brain Templates

o Sth order Continuum-
ICBM305  Alline pglynomial Mechanical




Amazing Atlas

Variabhility
Maps

Displacenent

Displacement

Maps

Probability
Maps

Asymmetry
Maps

Tensor Maps
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Multimodality/sensor: hybrid machines: PET/CTs, etc... mark || design

(denved from D). Townsend)
Gantry dimensions:

170 cm x 168 cm x 110 cm 168 cm

A

Rotation: 30 rpm

24 =]

+ >

Simple axial translation... 100 cm
Dual-modality Imaging range

l:> - hon simultaneous and motione
- differenttime scale (C 1. few secs.; PI. several mins.)




Real need for registration? (motion...)

(courtesy Universtty of Chicago)




Time based registration: breathing correction for cardiac MR vr courtesy HUG)

i original




Parathyroid adenoma (KK)

30 MIN IMMEDIATE PARATHYROID 2/6/2006 1.5 HR DELAY PARATHYROID 2/6/2006
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Parathyroid adenoma (KK; Tc-99M-sestamibi SPECT/CT)
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Parathyroid adenoma (KK; Tc-99M-sestamibi SPECT/CT)
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PET/CT: very first combined VR (prostate cancer with FDG)




PET/CT in lung tumors

man
-

"...vessel co-option as a mechanism of acquired resistance to anti-angiogenic therapy and could

have iImportant implications including the potential therapeutic benefits of targeting vessel co-option
In conjunction with vascular endothelial growth factor receptor signaling.”

(Trom £ .A. Kuczynhskl et al J Natl Cahcer inst 106(8)

- Y
-

2016)




Organ (breast, etc.) specific (hybrid) imaging and fusion:
PET/CT + MR DCE




Suppress biopsies? (fr; osteosarcoma) - PET : MR: T1, T1post, T2 <> biopsy




Image guidance: integrated navigation and "robots" + intra-op MM imaging
+ "real-time” monitoring of therapy (surgery, ablation, RT, etc) <~ one-stop-shops
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Subjectivity...
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... how ok In politics (aka "AltFacts”), butto be avoided in clinical settings...

=> lmaging as a biomarker!..

can we use imagqing to better characterise disease
and/or quide and assess therapy?




Imaging biomarkers for cancer ... in a nutshell ... V2 (LMB)

00000000000000000000000000000000000000000000

Physical, structural measurements: (CT, MR, U/S) texture ;
-"Direct”: stereology, BMD, HU; DWI, ADC, DTI; elasto:; £
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for every new approach and paradigm:
R&D, implementation, trials (evaluation, validation), exploitation




Therapy Response Assessment: morphological (baseline+follow-up)

(colorectal cancer + liver metastases) (RECIST.: Response Evaluation Criteria In Solid Tumors)

automatic dxXes

sum = total burden

30D wvolume 0 &% spherical avatars  os

index




Therapy Response Assessment: morphological (baseline+follow-up)

(colorectal cancer + liver metastases) (RECIST. Response Evaluation Criteria In Solid Tumors)
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Therapy response: functional (breast cancer mets and chemoT)

no response
=> change of regimen

therapy A therapy B

»
3O
el

UT-MDARC

time + therapy




"Q"Al: Standard Uptake Value (or SU Ratio)

mean activity within a ROl (mCi/ml)
SUV =

iInjected dose (MCI)/body mass (kQg)

variations: use body surface area or lean body (mass)weight

SUYV Is affected by:
- plasma glucose levels
- time between administration and acquisition
- body weight or surface area
- size of ROI
- resolution of scanner and patient motion
(<=> blurring and PVE)
- actual definition

SUV <2.0 =>Dbenign lesion

> 2.0 =>malignant lesion
(2.0 = blood pool activity)
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QAI: parametric imaging - FDG PET (Patlak: R(t) = K 'C'p(fr) dr + VoCy(t)
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but stilf seldom implemented in the clinic (logistics, throughput, ...)
except for MR-DCE




Radiomics: definition, principle

"“Radiomics™ = extraction and analysis of large amounts

of advanced quantitative imaging features from Semantic Agnostic
medical images, including standard-of-care images | |
very large potential subject pool. Size Histogram (skewness,
Radiomics data are in a mineable form that can be used Kurtosis)
Fo build descriptive and predictive models (elating Shape Haralick textures
image features to phenotype; or genet—pr.otel.n L ocation Laws textures
signatures. The core hypothesis of radiomics Is that Tem—— Wavelet
these models, which can include biological or medical ASCIRaIRY S
data, can provide valuable dlagnostlc prognostic or Spiculation Laplacian transforms
predictive information. (zcapied from V. Kumaretal, 2012) Necrosis Minkowski functionals

- semantic: through ladlologlst s visual assessment | Attachments or Fractal dimensions

- aghostic: mathematically derived lepidics
l. Image patients Il. Identify ROI lll. Render in 3D IV. Extract Features IV. Data Integration
- B T Data Mining

Model Building

Whole tumor

00 0204 06 081C

Radiogenomics
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Biomedical translation: the case of drug discovery and development...

target

discovery

target
validation

lead
discovery

validation

optimization

proof of

preclinical
development

clinical
trhals

L
-

- > Novel Drugs }
== Novel Therapies
w=—a Novel Drug Delive

\ 4

| Preclinical
‘ Imagin
Amm IModels Q Q

Pathology
Biochemical Analysis
Modelling and Bioinformatict
DMPK

:

Decision
DATA MINING —» Making

Source' HM Prarma Consulkancy

L.Bidaut— Plovdiv20190917



MM (structural and molecular) animal imaging

ans ) r ..:'
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Autoradiography

Fluorescence

Ultrasound
(+ PhotoAcous tic:gxﬁh.
B T

.Q A B

Bioluminescence



UMM (CT, MR and PET) of a mouse lung tumor




MPET mouse imaging: multiple hypoxia tracers <> contenders

(courtesy SKI-MSKCC)

F18-FMISO

3 hr pi

1124-1AZG F18-FDG

"Small”
(0.2gm)
tumor

2™ gen. hyp. tracer 1= gen. hyp. tracer

Hypoxia < progression + resist. chemo & R1

fast clearance SIOW clearance

-
.

raclioactive half life: 18F: 109.8min: 1241: 4 .2d



Hypoxia imaging for IMRT plan (F-MISO = 18F-misonidazole)

Satbnthntindiond

CT/PET: (a) FDG uptake of
primary tumor, (b) FMISO
uptake (hypoxic subvolume of
primary tumor)

(c) MPR of iIsodose map (IMRT
plan) superimposed to CT.
Primary was
treated to
FIMISO PTV {red) was treated
with an additional 10-Gy boost
IN a consecutive plan.
Ipsilateral parotid gland
‘blue) receives <40 Gy to 40%
of its volume.

recelves
20% ofits volume.
Mandible {sky blue)
constrained to
Cord (pink) constrained to

<45 Gy




The future?...

"The future is here. It's just not widely distributed yet.”
Willlam Gibson, writer

... will likely build on the past and present...

"The best way to predict the future is to create it."
Abraham Lincoln, former US President




Dual(multi)-energy CT: = material decomposition => virtual (un)enhanced,

monochromatic (to minimize pseudo-enhancement) and iodine map images




More/better probes (PET tracers for cancer as exemple, etc.)

System Ligand

Glucose metabolism 18F-FDG

Lipid metabolism 11C-acetate

Nucleic acid metabolism 18FUdR (uridine) //7%8 /d/fé//’é’ 0/" Pff

Amino acids 11C-Methionine .
11C-Tyrosine d/f/’ﬁ/ NM 15 14
18F-FMT proves, not
18F-FET (fluoro ethyl tyrosine) . 0 e

INSTIUINENLALION

Hypoxia 18F-FMISO (fluoro misonidazole)
64Cu-ATSM M/%e Pﬁezp_g
B famous PET proneer
18F-FAZA

Proliferation 18F-FLT (fluoro deoxy thymidine)
11C-Thymidine
18F-FMAU

Bone mets 18F-NaF

also: 11C-Leucine, Monoclonal AntiBodies (mAb's), etc.

radioactive halflife: 11C: 20.4dmin; 18F: 109.8min; 64Cu: 12.7h: 1241: 4.2d




More/better integration via hybrids and exploitation thereof
PET/CT & PET/MR (also SPECT/CT, etc.)

- —

B
i

L . .n
18F-FDG PETCT scan (thick MPR) (a) shows multiple confluentnocdes above and below the

ciaphragm. Multiple liver lesions are also seen. Cross sectional PET-MRI (b) MIP and (¢) volume
rencleredreconstruction show similar appearances.
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Truly whole body (and beyond.. )

=> opportunity/challenge of new metrics & paradigms

also: Industrial,
backscatter.,
muons, ...




Whole-body (PET/CT melanoma): of the forest and the trees...




More/better metrics and integration

appearance, size,

Pathology Ima J N g 3 Bl RECIST WHO
e ey Ty z e
- ’ | ’ H §6 Vi me, Mot on,

, gi (=), lhlrf'J k& 'IL1I»'
ANATOMY ' A o - il S rljll_lr_-l.. ote
3 | 47) NDOEFE PK
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E O VR VMRS
g ; fflll_||l I}—'.' r:Jl.l_-.
2 |

Demographlcs

orobe 0ai th 'a‘f"-i-? I,

MOLECULAR
IMAGING

mpliR etc
3 X Aol

- \,\ >

radiomics pipeline

Imaging Segmentation Feature extraction Analysis

extracting more information from medical images using advanced feature
analysis < "advanced CAD"




"Imaging” as part of a bigger whole... "Big Data" (+ M & D Learning...)

Iranstforminggeancer patient care with IBM Watson™ for Oncology.

In the analyst call, Michael I<a|a54d<jﬂi\/l VP of Inn@yations, descrided

a new type of healthcare hienas chyng? heeds when he spoke of
Wats\bn‘s dvolution. A

\ - | . Y
. yuterfiyould beg@BIE to give f@edical .

20S1S Bhd treati@ent |of patiglgts.

atsogmappedigertain pat®ns and
e pa@ent, basgrl upon whaldthe practitioner
Input.

deC|S|ons on potential dlagndses vvhl gre base@ipon the earlier
INputs mmJ\lactltlonels andithe mappmg of condatl Nns and patterns.

- discovery, is whege the'aRaiyiicSiperuseia vast b(%dy of papers and
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End goal: personalised/precision._medicine:
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Biomedical imaging: inherently multidisciplinary
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Conclusions:

Software registration isn’t dead
and remains a key component of modern”
iImaging and protocols (/ncl. hybrids)

Much is happening on the advanced”
iImaging and translational™ sides of things

Personalized/precision medicine IS imminent®...

‘moving targets...
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