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Medicine is a science of 
uncertainty and an art 
of probability 

 

W. Osler    

 

 

 



 Global Health Challenges for the XXI 
Century 



 

1. Globalisation 



 

Source: United Nations 2005. 

2,000 M Increase over 
the next 40 years 



 

2. Aging 



 

3. The XXI 

Century 

Epidemia 
 

 

 
1. Chronic 

diseases 

 

2. Obesity 

 

3. Disability 

 



 
4. Newely emerging infectious 

diseases of rapid spread 

HIV H1N1 
Influenza 



5. Changes in the 
pattern of diseases 



6. Vulnerable 
populations 

poorly addressed by Medical 
Research 

 
 

…BECAUSE 
YOU DESERVE 

IT! 

Research with adults cannot 
simply be generalized or 
extrapolated to infants, 
children, and adolescents  
 
 
Research involving children is 
essential if children are to share 
fully in the benefits derived 
from advances in medical 
science 
 

Marilyn J. Field and Richard E. Behrman. Ethical conduct of clinical research in children. Committee on Clinical Research Involving Children. Institute of Medicine of the National 
Academies. The National Academy Press 



 
7. Health 

Expenditure 
will keep on 
increasing 

 
  
 Liqun Liu. NCPA Policy Report No. 297 February 2007 



 

8. And, finally,  
sometimes things are not what 

they seem to… 



Diseases don’t come alone… 
 
 

but clustered in 

 Human Disease Networks? 



 



…and human being is not that 
simple  

 

but structured in 

Gene Networks? 



 





…and human being is not that 
simple  

 

but agregated in  

Social Networks! 





How does Humankind overpass 
Health Challenges? 

 
 

How does Medicine lead to Medical 
Paradigm’s shifts? 

 
 
 



Biomedical Research 



Do the right things 
& 

  Do things right 



Biomedical Research 
BASIC RESEARCH TRASLATIONAL 

RESEARCH 
CLINICAL RESEARCH 



 

The art of formulating and answering 
the right  
questions 



Multiple Questions to be 
answered 

Hans-Georg Eichler, Brigitte Bloechl-Daum, Eric Abadie, David Barnett, Franz König and Steven Pearson. Relative efficacy of 
drugs: an emerging issue between regulatory agencies and third-party payers. JAMA vol. 9 ,AprIl 2010 



 



 
Generation of Scientific Evidence 

towards Clinical Decisions 



 



 
 



Investigación biomédica 
“Traslación” del conocimiento 



 

Challenges to Biomedical 
Research 



 

1. Traslation 



  

Valleys of Death 



The Valley of Death 



 



 

2. Resources 



 



Resources 
 

 

 

 

 

 

Clinical Research 
sometimes impeded due to lack of 

ERMC White Paper: Present Status and Future Strategy for Medical Research in Europe. ESF 2005 

TANGIBLE INTANGIBLE 

 RRHH 

 Recursos materiales 

 Financiación 

 RRHH 

 Recursos materiales 

 Financiación 



 

3. Safety 



Protect patients 





 

Protect data integrity 



 



 

4. Fragmentation 



 



 



 

6. Cooperation 



 
Individual 
Objectives 

Common 
Needs 

Individual 
Objectives 

Individual 
Objectives 

Individual 
Needs 

Individual 
Needs 

Individual 
Needs 

Individual 
Needs 

Resources 

Individual 
Objectives 

Individual 
Objectives 

Individual Needs 



Personalised Medicine 







P4™ Medicine 

• Personalized; 
– it is based on an understanding of how genetic variation drives 

individual treatment 

• Predictive 
– it is able to identify what conditions a person might contract in 

the future and how the person will respond to a given 
treatment, enabling the development of a tailored health 
strategy 

• Preventive 
– it facilitates a proactive approach to health and medicine, which 

shifts the focus from illness to wellness. 

• Participatory 
– it empowers patients to make informed choices and take 

responsibility for their own health. 



Multiple Questions to be 
answered 

Hans-Georg Eichler, Brigitte Bloechl-Daum, Eric Abadie, David Barnett, Franz König and Steven Pearson. Relative efficacy of 
drugs: an emerging issue between regulatory agencies and third-party payers. JAMA vol. 9 ,AprIl 2010 



 



 





Safety 

Scope: 
–  CTs: Adverse Event Reporting 
– Real Life: PhV 
 
Challenges: 
– Identification of real Trends & Threats 
– Causality assessment in a multifactorial setting 
– Identification of individual Factors to predict/prevent 

outcomes 
– Nocebo effect (SPC…) 
– Regulatory Label 

 



Efficacy 

Scope: 

– Short Term/ small size Biomed Research  

• CTs, observational 

Challenges 

– Causality assessment in a multifactorial setting 

– Identification of individual Factors to 
predict/prevent outcomes 

 



Effectiveness 

• Scope: 

– long Term/ big size Biomed Research  

• Observational 

Challenges 

– Causality assessment in a multifactorial setting 

– Identification of individual Factors to 
predict/prevent outcomes 

 



 



 



• in the united States, the continuous increase in federal spending on 
health care, and a growing awareness that “hard evidence is 
often unavailable about which treatments work best for 
which patients and whether the added benefits or more-
effective but more-expensive services are sufficient to 
warrant their added costs” has prompted a highly publicized 
debate over the need for comparative effectiveness research (CER). 

 

• In February 2009, US president Barack Obama signed into law an 
act that allocates uS$1.1 billion for CER 

 
Comparative Effectiveness 



 



Health Outcomes 

Scope 

• Stakeholders’ Reported Outcomes 



 



 
 

Variability 
Heterogeneity 

Diversity 
Complexity 

 



Personalised Research towards 
Personalised Medicine 

 From de “average research patient” 
to the “individual clinical patient” 



 



From the average study subject to the 
individual clinical patient 

 



From the average study subject to the 
individual clinical patient 

• Despite the increasing number of published studies 
that have enhanced general knowledge regarding the 
best candidates for -blockers and 5ARIs, physicians 
and patients still lack tools to help translate this body 
of general knowledge into individualized, evidence-
based recommendations for clinically important 
questions 



From the average study subject to the 
individual clinical patient 

1. Do I need to perform a prostate 
biopsy on this patient? 
 
2. What are the chances that the 
biopsy will identify cancer? 
 
3. For patients with BPH only, what 
is the long-term risk of developing 
prostate cancer? 
 
4. Who needs a repeat biopsy if an 
initial biopsy fails to detect 
prostate cancer? 

5. What is the long-term risk of 
experiencing BPH progression in 
this patient? 
 
6. Will this patient experience a 

significant reduction in BPH 
symptoms if medical therapy is 
initiated? 

 
7. What would the reduction in risk 
of developing either prostate cancer 
or BPH progression be if I start 
the patient on a 5ARI? 

 



Nomograms:  
Enabling Technology for Data convergence in Predictive Medicine 

• Nomograms that incorporate novel diagnostic and clinical information can provide 
personalized, evidence based answers to clinically important questions 

 

• Practically, a nomogram is a device or model that uses an algorithm or 
mathematical formula to predict the probability of an outcome, optimized for 
predictive accuracy 

 

• Nomograms allow continuous variables to remain continuous, maximizing their 
predictive power 

 

• They allow for the convergent use of all important data parameters, so that the 
most accurate prediction model can be built 

 

• Nomograms can be constantly updated by building on prior knowledge rather than 
replacing it 



Nomograms:  
Enabling Technology for Data convergence in Predictive Medicine 

 



For all safety, efficacy, effectiveness, comparative 
effectiveness, healthoutcomes 

 

Outcome Prediction 
• Biomarkers 

• Risk / Protective Factors 

• Predisposing Factors 

• Precipitating Factors 

• Influencing Factors 

• Aleviating/agravating 
Factors 

• Noise identification 

• Genomics 

• Proteomics 

• Metabolomics 

• Diseasomics 

• Demographics 

• Psychological 

• Cultural/social 

• Financial 



Patient Centered Health Care & 
Research 

 

Ginsburg G, et al. Sci Trans Med 20111, Vol 3 Issue 101 



BIG DATA and Biomed Research 

 

Ginsburg G, et al. Sci Trans Med 20111, Vol 3 Issue 101 



BIG DATA and Biomed Research 

• “We have recommendations for you,” 
announces the website Amazon.com each 
time a customer signs in. 
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BIG DATA and Biomed Research 

• This mega-retailer analyzes billions of customers’ 
purchases—nearly $40 billion worth in 2011 
alone—to predict individuals’ future buying 
habits 

 

• And Amazon’s system is constantly learning: 
With each click of the “Place your order” button, 
the company’s databank grows, allowing it to 
both refine its predictions and conduct research 
to better understand its market.   

 

 

 



BIG DATA and Biomed Research 

• These days, this sort of “Big Data Analytics” 
permeates the worlds of commerce, finance, and 
government 

– Credit card companies monitor millions of 
transactions to distinguish fraudulent activity from 
legitimate purchases; 

– financial analysts crunch market data to identify good 
investment opportunities; 

– the Department of Homeland Security tracks Internet 
and phone traffic to forecast terrorist activity. 

 



BIG DATA and Biomed Research 

• Where is Amazon’s equivalent in healthcare 
and biomedical research?  

 

• Do we have a “learning healthcare system” 
that, like Amazon.com, can glean insights from 
vast quantities of data and push it into the 
hands of users, including both patients and 
healthcare providers?  

 



Not even close 



Biomedical infrastructure lags well 
behind the curve 

• Our healthcare system is dispersed and disjointed; 

• medical records are a bit of a mess;  

• we don’t yet have the capacity to store and process the crazy 
amounts of data coming our way from widespread whole-
genome sequencing 

• there are privacy issues 

• Moreover, while Amazon can instantly provide up-to-date 
recommendations at your fingertips, deploying biomedical 
advances to the clinic can take years. 



Biomedical infrastructure lags well 
behind the curve 

• Despite these infrastructure challenges, some researchers are 
plunging into biomedical Big Data now, in hopes of extracting 
new and actionable knowledge 

 

• They are 
– doing clinical trials using vast troves of observational health care 

data;  

– analyzing pharmacy and insurance claims data together to identify 
adverse drug events;  

– delving into molecular-level data to discover biomarkers that help 
classify patients based on their response to existing treatments;  

– and pushing their results out to physicians in novel and creative ways. 



Big data in biomedicine 

1. the genomics-driven end  

– genotyping, gene expression, and now next-
generation sequencing data 

 

2. the payer-provider end 

– electronic medical records, pharmacy prescription 
information, insurance records, CTs…) 



the genomics-driven end  

• With next-generation sequencing, it is now possible to 
generate whole genome sequences for large numbers of 
people at low cost 

• Raw data-wise, it’s 4 terabytes of data from one person  
• But now imagine doing this for thousands of people in the 

course of a month. You’re into petabyte scales of raw data 
• So how do you manage and organize that scale of 

information in ways that facilitate downstream analyses? 
 

• genomics data matrices remain long and thin, with typically 
tens to hundreds of patients but millions or at least tens 
of thousands of variables 
 



the payer-provider end 

• we’re dealing now with large longitudinal claims data sets that 
are both wide and deep 

 

• A data matrix might have hundreds of thousands of patients 
with many characteristics for each—demographics, treatment 
histories, outcomes and interventions across time—but 
typically not yet thousands or millions of molecular 
characteristics. 

 



The two sides of biomedical big data 
have yet to converge 

• Some researchers work with the clinical and pharmaceutical data; others 
work with the biomolecular and genomics data 

 

• the large body of healthcare data out there has yet to be truly enhanced 
with molecular pathology 

 

• And without that you’re really not getting at mechanisms of action or 
predictive biology 

 

•  Where there is data It’s almost this random thing: Molecular data is 
collected at a few time points but that’s it. 

 

 



The two sides of biomedical big data 
have yet to converge 

• Nevertheless, a world where these biomolecular and clinical 
datasets come together may arrive soon 

 

• In maybe ten years time, all newborns and everyone walking 
through the door will have his or her genome sequenced and 
other traits collected and that information will all be crunched 
in the context of their medical history to assess the state of 
the individual 

 

 



THE TOOLS OF BIG DATA ANALYTICS 

 



THE TOOLS OF BIG DATA ANALYTICS 

• If you have data sets with millions or tens of millions 
of patients followed as a function of time, standard 
statistics aren’t sufficient, especially if you are looking 
for associations among more than two variables, or 
data layers 
 

• This is not about genome-wide association studies 
(GWAS) 
 

• Such studies typically seek to connect genomic 
signatures with disease conditions—essentially looking 
at only two layers of data. 



THE TOOLS OF BIG DATA ANALYTICS 
• The U.S. Department of Homeland Security examines such things as cell 

phone and email traffic and credit card purchase history in an attempt to 
predict the next big national security threat 

 

• They want to consider everything together, letting the data speak for 
itself but looking for patterns in the data that may signify a threat 

 

• They achieve this using machine learning in which computers extract 
patterns and classifiers from a body of data and use them to interpret and 
predict new data 

 

• In a clinical setting, that could mean looking at not only which molecular 
or sequencing data predicts a drug response but also what nurse was on 
duty in a particular wing during specific hours when an event occurred 



THE TOOLS OF BIG DATA ANALYTICS 

• In addition to machine-learning there is a 
need for approaches that scale up to the 
interpretation of big data: 

 

• hypothesis-free probabilistic causal 
approaches: Bayesian network analysis 

– to get correlations 

– cause and effect 



THE TOOLS OF BIG DATA ANALYTICS 

• the use of Bayesian networks—graphical representations of probability 
distributions—for machine learning. 
– These methods scale well to large, multi-layered data sets 
– break the dataset into trillions of little pieces, evaluating little relationships 
– Each fragment then has a Bayesian probabilistic score signaling how likely the 

candidate relationship is as well as the probability of a particular directionality 
(an indication of possible cause and effect). 

–  After scoring all of the possible pair-wise and three-way relationships, it grabs 
the most likely network fragments and assembles them into an ensemble of 
possible networks that are robust and consistent with the data. 

– Next comes forward simulation to predict outcomes when parts of each 
network are altered. 

– This procedure allows researchers to score the probability that players in the 
ensemble of networks are important and to do so in an unbiased way across a 
large dataset. 



However… 

• In order to get translational breakthroughs, 
you have to start out with an intentional 
design: does it work well yet hypothesis free? 

 

• In a GWAS of course you look at everything 
because you don’t know where to look 

• But the answers you seek can be lost in the 
noise. 

 



CLINICAL & PHARMACEUTICAL BIG 
DATA: ALREADY ABUNDANT 

 



 
CLINICAL & PHARMACEUTICAL BIG 

DATA: ALREADY ABUNDANT 
 • Kaiser Permanente (KP), an HMO* 

– has a 7 terabyte research database culled from electronic 
medical records. That doesn’t include any imaging data or 
genomics data. 

– This special research database has been pre-cleaned and 
standardized using SNOWMED CT, an ontology of medical 
terms useful for research 

– By cleaning and standardizing the data and making it easily 
accessible, research could be done faster and more 
accurately 

*health maintenance organizations (HMOs),  



CLINICAL & PHARMACEUTICAL BIG 
DATA: ALREADY ABUNDANT 

• Medco, a PBM, accumulates longitudinal pharmacy data , covers about 65 million 
lives in the United States 

• Medco manages the pharmaceutical side of the healthcare industry on behalf of 
payers. 
– Their clients are health plans and large self-insured employers, state and governmental agencies, and 

Medicare 

• The company has agreements with some of these clients who provide large sets of 
medical claims data for research purposes. 

• From the claims data, Medco can extract: 
– patient indications 

– treatments 

– dates of treatment 

– and outcomes (for example, whether the patient was hospitalized or not) 

• Putting this multi-layered data together, Medco can search for associations 
between drug use, patient characteristics, and clinical impact (good, bad or 
indifferent) in order to determine whether a drug works the way it should. 



CLINICAL & PHARMACEUTICAL BIG 
DATA: ALREADY ABUNDANT 

• big data analytics has already reaped dividends by uncovering drug-
drug interactions 
 

• For example, clopidogrel (Plavix™) 
– is a widely used drug that prevents harmful blood clots that may cause 

heart attacks or strokes.  
– However, researchers were concerned that certain other drugs—

proton-pump inhibitors used to reduce gastric acid production—might 
interfere with its activation by the body.  

– Using their database, Medco looked for differences in two cohorts: 
those on one drug and those on the two drugs that potentially 
interact. 

– The study revealed that patients taking both Plavix and a proton-pump 
inhibitor had a 50 percent higher chance of cardiovascular events 
(stroke or heart attack). 

 
 



CLINICAL & PHARMACEUTICAL BIG 
DATA: ALREADY ABUNDANT 

• A similar study showed that antidepressants block the 
effectiveness of tamoxifen taken to prevent breast cancer 
recurrence. Patients taking both drugs were twice as likely to 
experience a recurrence. 

 

• Both of these studies are prototypical of the kinds of 
questions we can ask in our database where we can correlate 
pharmacy data with clinical outcome data 

 



GOING HYPOTHESIS-FREE 

• Though Medco’s outcomes are impressive, they have 
thus far relied on fairly straightforward statistical and 
epidemiological methods that were nevertheless quite 
labor intensive 

 
– The hands-on analytics time to write the SAS code and 

specify clearly what you need for each hypothesis is very 
time-consuming 

– In addition, the work depends on having a hypothesis to 
begin with—potentially missing other signals that might 
exist in the data. 

 . 
 



GOING HYPOTHESIS-FREE 

 
• To address this limitation, Medco is currently working to 

determine whether a hypothesis-free approach could yield 
new insights.  

 
• So in the Plavix example, rather than starting with the 

hypothesis that proton-pump inhibitors might interact with 
drug activation, they’re letting the technology run wild 
and seeing what it comes up with 

 
• If automatized the process, Medco can take the strongest 

signals from the data and avoid wasting time on 
hypotheses that don’t lead to anything 



ADDING GENOMICS TO THE MIX 

 





ADDING GENOMICS TO THE MIX 
example #1 

• GNS Healthcare and Biogen identified novel therapeutic intervention 
points among the one-third of arthritis patients who don’t respond to a 
commonly used anti-inflammatory treatment regimen (TNF-α blockade) 
 
– The clinical study sampled blood drawn before and after treatment of 77 

patients 
 

– The multi-layered data included genomic sequence variations; gene 
expression data; and 28 standard arthritis scoring measures of drug 
effectiveness (tender or swollen joints, c-reactive protein, pain, etc.) 

 
– Despite being entirely data driven, the second-highest rated intervention point 

they discovered was the actual known target of the drug. The first-highest 
rated intervention point—a new target—is now being studied by Biogen. 

•   



ADDING GENOMICS TO THE MIX 
example #1 

• a data-driven computational approach (rather 
than a single biomarker approach) has been 
applied to do this in a comprehensive way 

 

•  although the number of patients was relatively 
small, the study suggests that researchers can 
now interrogate computer models of drug and 
disease biology to better understand cause and 
effect relationships from the data itself, without 
reliance on prior biological knowledge. 

 



ADDING GENOMICS TO THE MIX 

• Today, rather than deal with the vastness of genomics data, 
many researchers distill it down to look only at the hundred 
or so gene variants they think they know something about 

 
• But this will be a mistake in the long run… 

 
• We need to derive higher level information from all of that 

data without reducing dimensionality to the most naïve 
level 

 
• And then we need the ability to connect that information 

to other large data sources such as all the types of data 
gathered by a large medical center 



ADDING GENOMICS TO THE MIX 
example #2 

• The eMERGE Network, an NIH-funded collaboration across 
seven sites, is taking a running start at doing this 

 
• They are linking electronic medical records data with 

genomics data across seven different sites. 
• Researchers will be able to study cohorts extracted from 

this “big data” without having to actively recruit and gather 
samples from a study population. 

 
• To a great extent, though, the eMERGE Network is still 

building its repository and confirming that it can repeat 
known results. The analytics are only now getting 
underway. 
 



MAKING BIG DATA ACTIONABLE 

 



MAKING BIG DATA ACTIONABLE 

• Extracting knowledge from big data is a huge 
challenge, but perhaps a greater one is 
ensuring that big data infrastructure will push 
Amazon.com-style recommendations to 
practitioners and patients 



MAKING BIG DATA ACTIONABLE 

• in the Plavix example described above, Medco was in a 
position to immediately effect a change: They could pull 
a switch and say that each and every pharmacist on their 
list needed to be told about that 

 

• After implementing the rule, Medco saw a drop of about 
one third in co-use of the interacting drugs 

 

• This is one example where the use of big data in this 
stepwise process has cut down on the time it takes to 
get changes into clinical practice 



MAKING BIG DATA ACTIONABLE 

 



MAKING BIG DATA ACTIONABLE 

 
• genotyping reduced the rate of hospitalizations among warfarin-

dosed patients by 30 percent. 
• Armed with that information, payers became supportive of Medco 

reaching out to physicians to suggest they use the genotyping test 
before prescribing warfarin 

• Because of Medco’s big data infrastructure, this outreach could be 
easily accomplished: Each time a physician prescribed warfarin, a 
message was routed back through the pharmacy to the physician, 
suggesting use of the test 

• The result: an increase in uptake of the test from a rate of 0.5 
percent or so in the general physician population up to 
approximately 20 to 30 percent by physicians in the network. 



MAKING BIG DATA ACTIONABLE 

• Big data, and the connectedness of big data to 
the real world, provides the opportunity to 
take advantage of teachable moments at the 
point of care. 



Thanks 4 your attention! 
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Hacia una 
medicina e 

investigación 
centradas en 

 

 el 
paciente 


