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Outline

• U>liza>on	of	HPC		

•  Hepatocellular	Carcinoma	(HCC)	

•  AI	

•  FEM	

•  MD	

	



Industry adop'on of AI
• Profound	adop>on	of	AI	in	healthcare	industry	

•  Fully	automated!	

• Business	model:	semi-automate	large	datasets	to	reduce	cost	

!	localize	!	scan	!	push	to	db	!	preprocess	!	analyze	!	model	zoo	!	outcome	predic>ons	to	
dash	board	



The Lancet, 379, Forner, A., Llovet, J. M. & Bruix, J. Hepatocellular carcinoma, 1245–1255, 2012 

•  Hepatocellular carcinoma (HCC) 
•  >600,000 new cases diagnosed globally per year 
•  ~ 1 new case every minute 
•  Challenging treatment decisions 

•  Liver detoxifies blood 
•  Alcohol, parasites, hepatitis ! liver damage ! inflammation ! liver 

disease/cirrhosis ! reduced liver function 

•  Liver disease commonly asymptomatic until life-threatening disease 
has developed 
•  HCC treatment decisions challenging and must balance (1) 

preservation of  liver function and (2) treatment of  disease 
•  20% eligible for curative therapy 

Motivation 



Multiple Staging approaches to guide treatment 

Dhir, M., et al. (2016). A Review and Update of  Treatment Options and Controversies in the Management of  Hepatocellular Carcinoma 

•  Semi-quantitative Staging models 



20% eligible for curative surgery, tissue 
extraction for gold standard comparison 

Survival time  
6-20months 
(modeling impact?) 

The Lancet, 379, Forner, A., Llovet, J. M. & Bruix, J. Hepatocellular carcinoma, 1245–1255, 2012 

•  Barcelona Clinic Liver Cancer (BCLC) Curative therapies reserved for 
‘good’ liver function (child pugh A) 

Treatment staging 

Multiple Staging approaches to guide treatment 



Patient Selection 

•  Thought experiment: How can math improve 
therapy ? 

–  Traditional survival analysis stratifies responders and 
non responders. 

–  This is equivalent to identifying patients who will not 
respond well to improve the mean in a statistically 
equivalent sense. 

•  Allows physicians to make actionable choices. 

 

 

 

Oden, Farrell 2015 



Treatment Overview 

West, JAMA Oncology 2015 

•  Curative therapy: resection and 
liver transplant 

•  Otherwise, Survival = 
6-20months 
–  Ablations does not work for lesions 

> 3cm 
–  TACE does not work for lesions > 

7cm 
•  Catheter navigated from femoral artery to 

feeding vessels of  tumor ! inject chemo and 
material to stop blood flow to tumor 

–  Y90 is used for lesions > 7cm 

–  Role of  RT is unclear 



Radiomics, Quantitative Imaging, Computer Aided Detection, etc 

Aerts, et al. Nature comm. 5 (2014). 

Segmentation 

•  Diagnostic Biomarkers 
•  Therapy Response Biomarkers 

•  Extent of resection 



Background 

•  Manual Segmentation, CT 
•  Tumor size, arterial enhancement, GLCM homogeneity correlated with response 

•  Semi-Automated, MR 
•  78% prediction accuracy 

•  Patient characteristics (N=105) 
•  TACE as the sole first-line or initial bridging therapy  
•  Availability of  multiphasic contrast-enhanced CT images obtained at baseline  (on average 3 weeks 

before TACE) with no image artifacts 
•  Clinical endpoint:  TTP based on mRECIST 



Step 1 – Segmentation 

•  Training data 

Study cohort of 105 patients with 
HCC. Each patient with pre-
TACE liver CT and subsequent 
follow up CTs. 

Manual segmentation of all lesions 
with repeats. Segmented portions 
included background liver, viable 
tumor, and necrotic tissue.  

Random Forest (RF) classifier 
trained on the manually 
segmented livers. 



Pipeline – segmentation 

Publically available neural network models used 
to generate the initial liver mask.   

Trained RF model used to automatically segment 
viable, necrotic tumor and vessels.   

Automatic Liver and Tumor Segmentation of CT and MRI Volumes Using Cascaded Fully Convolutional Neural Networks 
Christa P F, Ettlinger F et al  arXiv:1702.05970v2 [cs.CV] 23 Feb 2017 



Evolu'on of 
Algorithms in Crowd 
Sourcing Challenges

13	

2013	–	2014:	Classical	SVM,	RF	methods	at	
top	
	
2015:	Deep	learning		
	
Current:	Ensemble	of	NN,	Differen>able	
programming	



Mo'va'on - Deep Learning
•  2014,	DSC	=	.7	

	

	

•  2015,	DSC	=	.8	

Truth	

Blue	-	.7	
Yellow	-	.8	
Red	-	.9	
	



Comparison	between	manually	handcra]ed	image	features	(RF)	and	deep	NN	
	
-	RF	usually	works	well	on	the	training/cross	valida>on,	but	not	generalizing…	

Hand	Cra]ed	Features 	 	 	 	 	Learned	Image	Features	

Benefits of Deep Learning
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Distributed	Training	Speedup	

4200	nodes!	

arxiv.org/abs/1709.05011	
	
Image	net	training	on	M40	GPU		-	14days	
	
2048	KNL	nodes	–	20	mins		

•  Data	size,	batch	size,	number	
of	processors	

•  Parallel	work	needs	larger	
batch	!	faster	epoch	but	
longer	to	converge	

horovod	

Performance	difference	is	mainly	from	memory	latency	issues	



Pipeline – segmentation 

•  Label Tumor 
•  Enhancing Tumor 
•  Necrosis 
•  Background liver 
•  Vessels 

•  Fully Automated! 

•  6mo ! 2 days 

•  DSC accuracy for latest 
models was   ~.6-.7 for RF 
model 



•  Develop intuition for data – NO FREE LUNCH! 
•  No correlation ! not likely to predict 

•  Data Reduction 
•  reduce model overfit 

•  Model Sensitivity Analysis 

•  Calibration 

•  Cross-Validation 

Input Variable Correlations 

Responders 
  

Non-Responders 

Step 2 - Modeling 



Modeling Principles 

•  What are the fundamental principles ? 
–  Correlated inputs provide no new information 

–  Correlates input with output are likely to build a predictive model 

•  Nonlinear combination of two uncorrelated inputs correlated with 
output ?... Ie magic 

outcome 

Input 1 

outcome 

Input 2 

outcome 

f(Input 1, Input 2) 

??? 



Pipeline – (Boruta method feature correlation) 

original_shape_Maximum2DDiameterSlice.viable original_shape_Maximum2DDiameterSlice.liver 

original_shape_MajorAxis.liver original_shape_Volume.necrosis 



Pipeline – prediction results 

•  No information rate = 
accuracy of  
classification  of  all the 
dominant class 

–  ie null model = all 
patients responders 
= 63% 



With and without BCLC 



Clinical endpoint (TTP) 

•   TTP based on mRECIST 
•  Difficult to improve prognosis for TTP 

< 5mo 

A TTP cutoff  of  14 weeks was used to stratify patients as follows  

•  TTP ≥ 14 wks were considered as TACE response 

•  TTP < 14 wks were considered as TACE refractory 



Conclusion 

•  We found that prediction of  HCC response to TACE using quantitative imaging 
and clinical measurements of  pretreatment lesions is a potentially useful clinical 
tool that can assist in patient selection for TACE. 



Future work 

•  Larger patient populations, prospective trial? 

•  Natural progression Binary ! multiclass ! TTP regression 

•  Has the max accuracy been achieved? Or can HPC find a model with 
improved prediction accuracy 

•  Training data update: 
–  Need image intensity standardization beyond daily QC protocols. The trigger times of 

the bolus is different and causes problems. 
–  Need landmark registration validation of the different phases 
–  Need more training data to eliminate vessels, kidneys, and unwanted segmentation 

artifacts 



MOST IMPORTANT!!! VIEW YOUR DATA!!! 

•  Tools	to	view	the	data	are	VITAL	

•  Excel	to	quickly	view	‘outliers’	
•  Macros	to	call	linux	



Most Important!! View your data!!

•  Screen	shot	of	mul>ple	itksnap	windows	

• Need	confidence	that	the	feature	images	make	sense!!	



Landscape	of	various	database	highlight	opportuni>es	for	data	science	collabora>ve		
efforts	for	the	various	database	to	communicate	
	
Redundancy	in	manual	data	effort	=	$$	
	
Bonleneck:	Data	cura>on	

All	researchers	work	together	to	develop	useful	infrastructure	and	not	interfere	with	
clinical	opera>ons	or	jeopardize	PHI	

Leadership	
Cura>on	>	90%	of	>me/effort	
	

Database	visualiza>on	
	

Challenges - DatabaseNOT	a	rela>onal	
database	

Store	EVERYTHING	with	NoSQL	
	
SQL	Structure	as	needed	

STILL	USING	TCIA/
MICCAI/
CROWDSOURCING	
DATA	



DeepEverything

• Deep	learning	opportuni>es	for	theorists!	
• Works!	No	one	understands	why	it	works! 		
•  Goes	against	tradi>onal	thoughts	of	model	building	

•  What	is	a	good	model?	

•  Improve	DSC	accuracy	to	~1.0	while	
simultaneously	reducing	variance	?	

•  Cannot	have	both	
	

• Have	to	try	to	get	a	bad	result…	
•  Data	portal	!	upload	new	dataset	!	get	dice	>.9	

29	
hnps://github.com/fuentesdt/livermask		

Short	course	material	–	Running	DL	in	a	Day	



•  Spowng	the	matrix	algebra	is	central	to	understanding	
the	problem		

	
•  Convolu>on,	Pooling,	Upscaling	are	Linear	Operators	

•  Product	business	model:	Ease	of	use	
•  Input	group	of	images	!	normaliza>on	!	registra>on	!	

segmenta>on	!	output	result	is	automated	

•  Best	of	both	words	-	Mechanis>c	understanding	of	each	
layer	with	data	driven	accuracy	

•  Effec>vely		PDE	constrained	op>miza>on	

Next steps - 
Physics based ML



First principle 
physics 
based 
predictions 

Input/Output 
relationship 
learned from 
the data 

Non-Mechanistic Approach 

•  Conventional paradigm 
–  Computer must be programmed to do something new 

•  Meticulous detail 
–  start from 1st principle physics, line by line instruction 

•  Machine Learning  
–  Program something you don’t know how to do yourself 
–  How do you tell the difference between the liver, kidney, heart, etc 

•  the liver is in the top left, has intensity threshold within a given range, simply connected, higher intensity 
values inside the liver are ok…. Robust?  

•  Very difficult to write an analytical expression for this however ML provides a mechanism 
–  train an algorithm to do a complex task by assembling a group of relatively trivial tasks 
–  better than writing a single monolithic complex algorithm 

You See This Computer sees  a matrix of  numbers 

•  Machine Learning: Field of  study 
that gives computers the ability to 
learn without being explicitly 
programmed 

•  Learning Theory: How many 
datasets are needed to achieve a 
certain prediction accuracy ?  
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Thermochemical Abla'on (TCA)

Cell	kill	

Focus	on	
boundary	

•  Cressman	et	al	demonstrate	efficacy	of	TCA	for	cell	kill	
•  coagulate	a	18.9mL	volume	of	blood	perfused	>ssue	in	vivo	

animal	models	
•  sodium	hydroxide	+	hydrochloric	acid	!	salt	+	water	+	

heat	
•  Mo>va>on:	Mathema>cal	models	to	further	study	factors	that	

affect	the	extent	of	abla>on	borders	



Governing Equa'ons

• Heat	transfer	coupled	to	miscible	flow		
•  Low	order	FEM,	stabiliza>on,	finite	difference	>me	stepping	



•  Segment vessels on imaging
•  Vessels provide boundary condi'ons for the simula'on
•  Tissue proper'es obtained from imaging



Outline
•  U>liza>on	of	HPC		

•  Hepatocellular	Carcinoma	(HCC)	

•  AI	

•  FEM	

•  Molecular	dynamics	model	for	osmo>c/thermal	stress	induced	structural	changes	of	proteins	at	the	cellular	
scale	

•  Alterna>ve	approach	than	usual	FEM	models	for	understanding	abla>on	
•  Insight	for	characterizing	fundamental	thermal	and	osmo>c	damage	mechanisms	

•  Analogy:	in	vitro	models	invaluable	system	for	studying	complex	in	vivo	behavior	of	cancer	under	controlled	
condi>ons	

•  MD	models	allow	detailed	systema>c	inves>ga>on	of	correla>ons	between	temperature	or	osmolarity	
stress	and	structural	changes	poten>ally	leading	to	tumor	cell	death.		

•  Correla>ons	with	cell	viability	experiments	representa>ve	of	TCA	environment	

	



Insight from Molecular Models
•  Literature:	salt	induced	strengthening	of	
hydrophobic	interac>ons	

•  With	respect	to	the	Hofmeister	series,	the	salts	used	for	TCA	
func>on	as	kosmotropes.	These	act	to	preferen>ally	hydrate	
proteins	and	are	preferen>ally	excluded	from	the	protein-
solvent	interface		

•  Water	concentra>on	near	interface	increases	burial	forces	for	
hydrophobic	residues		

•  MD	quan>fies	“burial	force	increase”	in	terms	of	free	energy	

•  Salt	addi>on	stabilizes	the	protein	
•  Free	energy	is	lowered	as	a	func>on	of	salt	
concentra>on	

•  Increased	stability	of	nonfunc>onal	protein	
conforma>ons	induced	during	hea>ng	may	have	a	role	
in	TCA	induced	cell	stress	

•  Less	of	an	affect	on	unfolded	states			
•  Molecular	models	allow	us	to	further	study	the	
effect	of	salt	and	temperature	as	well	as	ionic	and	
Van	der	Waals	forces	in	ligand-receptor	
interac>ons	

General	idealized	polymer	with	hydrophobic	forces	influencing	
self	assembly	



Extracellular Model
• Molecular	models	of	the	extracellular	environment	as	a	first	step	

•  Intracellular	models	have	addi>onal	confounding	factors	for	experimental	comparison	
•  Idealized	fibronec>n/integrin	molecular	models	of	extracellular	environment	to	further	
study	molecular	scale	effects	

•  Guided	by	availability	of	PDB	models:	4MMX,	1FNA	
•  Cell	anachment	to	ECM,	including	fibronec>n,	correlated	with	viability	

•  arginylglycylaspar>c	acid	(RGD)	domain	important	for	fibronec>n	binding	to	integrins	on	the	cell	
surface	included	in	these	models	

•  Hypothesis:	extracellular	proteins	influence	survival	!	infer	mechanisms	of	TCA	
reduced	viability	from	observed	structural	changes	

•  Matching	experimental/simula>on	thermal/osmo>c	condi>ons	



Model System

•  Fibronec>n	bound	to	integrin	
•  Binding	domain:		RGD	mo>f	

fibronec>n	

integrin	



General Algorithm
Need	star>ng	posi>on,	
velocity,	and	all	pairwise	
interac>ons	for	all	1e6,	1e9	
par>cles	in	a	simula>on	“box”	

Protein and Ions

Coulomb	Force	

Simula>on	box	~	10nm	



Bond Poten'als

Parameters	calibrated	to	thermodynamic	proper>es	in	
idealized	experimental	scenarios	and	using	quantum	
mechanical	simula>ons	

Born-Oppenheimer	approxima>on:	mo>on	of	atomic	nuclei	and	electrons	decoupled	



Domain Decomposi'on for Parallelism

Local	Machine	Linux	Worksta>on		~	9months	



Stampede2 > 200000 cores
•  Simula>on	>me	of	1	microsecond	

– months	(xeon,	12	cores,	2.4	GHz,	local)	!	
weeks	(knights	landing,	256	cores,	1.2	
GHz)	!	4	days	(skylake,	96	cores,	2.1	GHz,	
vectorized	instruc>on	set)	

-DCMAKE_C_FLAGS="-std=gnu99	-O3	-xCORE-AVX2	-axMIC-AVX512,CORE-AVX512	-mkl=sequen>al	-g	”		
-DCMAKE_CXX_FLAGS="-std=c++11	-O3	-xCORE-AVX2	-axMIC-AVX512,CORE-AVX512	-mkl=sequen>al	-g	”		

More	sockets	!	less	communica>on	
bonle	neck	

Flop	Time	<<	memory	transfer	<<	message	passing	(MPI)	



Experimental Setup
•  Human	HCC	lines	HepG2	and	Hep3B	were	subject	to	combined	hyperthermal	stress	(43C	for	1hr)	and	
hyperosmo>c	stress	(24h)	with	the	Sodium	salts	in	the	Hofmeister	series	below,	at	concentra>ons	of	0,	40,	
80,	160	and	320mM:	

•  A]er	1h	at	43C	the	cells	were	returned	to	37C.	
•  A]er	24h	of	treatment	ini>a>on,	the	salts	were	removed	from	the	cultures,	and	cell	viability	was	measured	
using	AlamarBlue®	3,	24	and	48h	a]er	removal	of	salts.	PLOTS	CORRESPOND	TO	48h	TIMEPOINT.	
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Linear Pull
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Linear Pull



Synergy of Salt and Temperature 


Intui>vely	forces	opposing	the	system	tendency	to	dri]	to	
lower	free	energies	are	related		

At	the	largest	hyperthermal	and	hyperosmo>c	stress,	fibronec>n	binding	to	integrin	was	energe>cally	less	favorable.	
Correla>ons	with	viability	again	suggest	that	less	favorable	cell	anachment	condi>ons	contribute	to	reduce	cellular	viability	at	
the	TCA	abla>on	boundaries.	



Summary

•  Insight	for	further	experimental	design	

• MD	simula>ons	mainly	correlated	with	salt	concentra>on	!	salt	
concentra>on	correlated	with	survival	!=	MD	simula>ons	correlated	with	
survival	

•  Need	to	repeat	viability	experiments	to	confirm	influence	of	TCA	blocking	of	cell	
anachment	on	viability	

•  Limited	by	PDB	models.	Fibronec>n/Integrin	chosen	because	PDB	file	available		
•  Future	work,	upstream/downstream	intracellular	HSP	targets	?	

• Would	expect	any	model	to	show	increase	`hydrophobic	hiding’	in	salt	
environment.	As	well	as	salt	concentra>on	to	decrease	binding	energy	from	
Van	der	Waals	Forces	

•  Integrin	inhibitor	drug	trials	failed	10yrs	ago…	need	more	modern	receptor-ligand	
system	



Tetra	pep>de	–	TYR-TYR-LYS-TYR	
	

Molecular	dynamics	inves>ga>on	of	self-assembly	of	pep>de-
containing	nanostructures	



d�uentes@mdanderson.org	
	
hnps://github.com/ImageGuidedTherapyLab	
	
	


