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Abstract: 

Big data technologies do have great potential in the domain of computational biomedicine, but their development should take 

place in combination with other modeling strategies, and not in competition. This will min imize the risk of research investments, 

and will ensure a constant improvement of in silico medicine, favouring its clinical adoption. In this paper, we combine big data 

analytics with VPH technologies to produce robust and effective in silico medicine solutions. 

 

Index Term: Bio-medicine, clin ical adoption, data analytics  

 

I. INTRODUCTION 

Medical research has taken place for decades. It has provided 

what we as a society feel are some of the greatest modern 

achievements, from the discovery of bacteria and viruses to the 

development of antibiotics. Today, as the healthcare industry 

begins its transition into the digital age it is easy to see the 

event as a mere coming of age, simply the transformation of 

the medical community’s paper documentation into electronic 

form. However, it provides so much more. Th is transition has 

laid the foundation for another fundamental advancement in 

the field of healthcare, the evolution from preventative care 

into personalized treatment plans. It has been well documented 

that early detection and treatment of many diseases is directly  

correlated with improved health outcomes for the patient 

(Etzioni et al., 2003) (Wilkinson, Donaldson, Hurst, 

Seemungal, &Wedzicha, 2004) (Lard et al., 2001). As a result, 

regular so called “wellness-visit programs” have been 

implemented by many companies and care providers in order 

to promote pre-emptive testing for certain conditions 

(Kickbusch& Payne, 2003; Ozminkowski et al., 2002). 

However, as the identification and treatment of these diseases 

are performed in the same manner for mult iple indiv iduals 

based primarily on their current health state, i.e. age, gender, 

race, prior lab results, etc. this type of care falls closer to 

preventative medicine than personalized care.  Whereas prior 

studies have guided preventative medicine treatment strategies 

by providing historical probabilistic models based on the 

outcomes of patients who developed similar conditions, new 

predictive techniques can help create personalized models of a 

patient’s  future health risks tailored to the individual’s health 

profile. In order to create these personalized models, data 

mining techniques have been applied to population-level health 

data aggregated from electronic healthcare records (EMR).  

After ten years of research this has produced a complex impact  

scenario in which a number o f target applications, where such 

knowledge was already available, and are now being tested 

clin ically; some examples of VPH applications that reached the 

clin ical assessment stage are: 

 

1) The VPHOP consortium developed a multiscale 

modeling technology based on conventional diagnostic 

imaging methods that makes it possible, in a clin ical setting, to 

predict for each patient the strength of their bones, how this 

strength is likely to change over time, and the probability that 

they will overload their bones during daily life. With these 

three predictions, the evaluation of the absolute risk of bone 

fracture in patients affected by osteoporosis will be much more 

accurate than any prediction based on external and indirect  

determinants, as it is in current clin ical p ractice [21].  

 

2) More than 500 000 end-stage renal disease patients in 

Europe live on chronic intermittent haemodialysis treatment. A 

successful treatment critically depends on a well functioning 

vascular access, a surgically created arteriovenousshunt used to 

connect the patient circulation to the artificial kidney. The 

ARCH project aimed to improve the outcome of vascular 

access creation and long-term function with an image-based, 

patient-specific computational modeling approach. ARCH 

developed patient specific computational models for vascular 

surgery that makes possible to plan such surgery in advance on 

the basis of the patient’s data, and obtain a prediction of the 

vascular access function outcome, allowing an optimization of 

the surgical procedure and a reduction of associated 

complications such as non-maturation. A prospective study is 

currently running, coordinated by the Mario Negri Institute in 

Italy. Preliminary results on 63 patients confirm the efficacy of 

this technology [22].  

 

3) Percutaneous coronary intervention (PCI) guided by 

fractional flow reserve (FFR) is superior to standard 

assessment alone to treat coronaries stenosis. FFR-guided PCI 

results in improved clin ical outcomes, a reduction in the 

number of stents implanted, and reduced cost. However, 

currently FFR is used in few patients; because it is invasive 

and it requires special instrumentation. A less invasive FFR 

would be a valuable tool. The VirtuHeart project developed a 

patient-specific computer model that accurately predicts 

myocardial FFR from angiographic images  alone, in patients 

with coronary artery disease. In a phase 1 study the methods 

showed an accuracy of 97%, when compared to standard FFR 

[23]. 

4) A similar approach, but based on computed 

tomography imaging, is even at amore advanced stage, having 

recently completed a phase 2trial [24].  

 

II. RELATED WORK 

At the time of its publication, the CARE algorithm was the 

first of its kind, receiving a United States patent. However, to 
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date many other diseases recommendation systems have been 

created (Tassy&Pourquí e, 2013; Jensen et al., 2012; Austin, 

Tu, Ho, Levy, & Lee, 2013;  AbuKhousa& Campbell, 2012). 

While these systems utilize many different machine learn ing 

and data min ing techniques in order to produce their 

recommendations, each still potentially suffers from the 

dependence on high volume datasets. Typically these systems 

fall into two main categories, making use of both a patient’s 

phenotypic profile, or their medical, disease and family  

histories as the training set of disease occurrences. Among the 

most widely known is the system HARM (McCormick, Rudin, 

& Madigan, 2012). Similarly to CARE, HARM is a 

personalized disease recommendation system, but rather than 

of using collaborative filtering HARM utilizes a significantly  

more complex mathemat ical model based on association rules. 

However as with CARE, and many of the other systems 

mentioned above, the authors of HARM do not discuss the 

potential for parallelizat ion or distributed computing in their 

paper. Conversely, it has already been well established that 

distributed computing can provide significant improvement in 

runtime for computationally expensive systems (Goil&  

Choudhary, 1997; Stonebraker et al., 2010).       Co llaborative 

filtering techniques like those employed by CARE have been 

used for some time in online product recommendation systems 

such as Amazon.com (Linden, Smith, & York, 2003). 

However, their application to disease prediction is relatively 

new. This practice has been brought about by a fundamental 

shift in how we think about diseases. Recently there has been a 

focus on modeling diseases as a network rather than isolated 

instances, allowing for the utilization of numerous networking-

modeling techniques (Steinhaeuser& Chawla, 2009). However, 

healthcare information is extremely private, and the difficult ies 

associated with of transporting and housing large scale 

healthcare data platforms have been some of the major 

obstacles preventing techniques such as these from widespread 

adoption. There exists some prior work evaluating privacy 

when using collaborative filtering techniques on distributed 

data sets, such as the work done by Berkvosky el. in  

(Berkovsky, Eytani, Kuflik,& Ricci, 2007). This paper details 

the concern of passing around sensitive informat ion just to 

perform calculat ions on the data. However in his 

implementation, Berkvosky details a method for subset data 

selection in order to pass a minimal amount of identifiable 

informat ion to the system. The solution proposed in our paper 

aims to take the method one step further, and rather than 

distribute a minimal data subset for computation, distribute the 

computation to each data site. Further, this paper also aims to 

address privacy concerns by transmitting only the result of 

calculations over the network. The architecture provided in this 

paper is more akin  to the work described in class MapReduce 

problem, where the data are summarized at each node and then 

these summary results are returned to the requester (Dean 

&Ghemawat, 2008).  Additional work related to the concept of 

personalized distributed data can be seen in the Lathiaet. paper 

(Lathia, Hailes, & Capra, 2007). Lathia details a method for 

creating a custom similarity ranking based on random 

instances to protect the privacy of data. This similarly data 

could then be passed around without fear of revealing 

personalized in formation. 

III. S YS TEM ANALYS IS  

 

 In this phase a detailed appraisal of the existing system is 

explained. This appraisal includes how the system works and 

what it does. It also includes finding out in more detail- what 

are the problems with the system and what user requires from 

the new system or any new change in system. The output of 

this phase results in the detail model of the system. The model 

describes the system functions and data and system 

informat ion flow. The phase also contains the detail set of user 

requirements and these requirements are used to set objectives 

for the new system. 

 

A. CURRENT S YSTEM 

 

For a long time the development of b ig data technologies was 

inspired by business intelligence and by big science. Some 

analysts started to claim that all prob lems of modern healthcare 

could be solved by big data. To reduce the complexity of liv ing 

organisms, we decompose them into parts (cells, tissues, 

organs, organ systems) and investigate one part in isolation 

from the others. This makes it  very difficult to cope with multi-

organ or systemic diseases, to treat multiple diseases and in 

general to unravel systemic emergence due to genotype-

phenotype interactions. 

 

B. PROBLEM DEFINITION 

 

 Very difficult to cope with mult i-organ or systemic 

diseases 

 Predictive  accuracy is not sufficient 

 Require mult iple space-time scales 

 

C. PROPOS ED S YS TEM 

 

In our proposed system, we propose that big data analytics can 

be successfully combined with VPH technologies to produce 

robust and effective in silico medicine solutions.We also 

introduce random forest algorithm for efficient search result In 

order to do this, big data technologies must be further 

developed to cope with some specific requirements that 

emerge from this applicat ion. Such requirements are given 

below:  

 

1. Working with sensitive data.  

 

2. Analytics of complex and heterogeneous data spaces.  

 

3. Including non-textual information, etc.  

 

These domain-specific requirements suggest a need for 

targeted funding, in which big data technologies for in silico  

medicine becomes the research priority.  

 

D. ADVANTAGES  

 It produce robust and effective in silico medicine solutions 

 Data  security is achieved 

 Performance is improved 

 Accurate predictive 

 Computation time is less  

 

IV. METHODOLOGY 

 

A random forest is one of the most successful ensemble 

learning techniques. Is used for pattern recognition and 

machine learn ing for h igh-dimensional classification and 

skewed problem. In the real world data sets the over fitting 

problem that causes the classifier to have a high error of 

prediction in the unseen data set often encounters. Therefore, 

the bagging mechanism in RF can enable the algorithm to 

create classifiers for high dimensional data very quickly.  
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Figure.1.System Architecture  

 

Random forests (RF) is one of the most successful ensemble 

learning techniques which have been proven to be very popular 

and powerful techniques in the pattern recognition and 

machine learn ing for h igh-dimensional classification and 

skewed problems. These studies used RF to construct a 

collection of indiv idual decision tree classifiers which utilized  

the classification and regression trees (CART) algorithms. 

CART is a rule-based method that generates a binary tree 

through a binary recursive partitioning process that splits a 

node based on the yes and no answer of the predictors. The 

rule generated at each step is to maximize the class purity 

within the two resulting subsets. Each subset is split further 

based on the independent rules. CARTs use the Gin i index to 

measures the impurity of a data partition or set of train ing 

instances. Although the aim of CART is to maximize the 

difference of heterogeneity, however, in the real world data 

sets the overfitting problem that causes the classifier to have a 

high error of pred iction in  the unseen data set often encounters. 

Therefore, the bagging mechanism in RF can enable the 

algorithm to create classifiers for high dimensional data very 

quickly. The accuracy of the classification decision is obtained 

by voting from the individual classifiers in the ensemble. The 

common element in all of these steps is that the number of b 

tree and a random vector (Sb) sing bootstrap sample are 

generated independent of the past random vectors but with the 

same distribution, and a tree is grown using the train ing set and 

Sb. The random forests algorithm is shown in Fig. 2.  

 

Figure.2. Random forests algorithm 

 

V. CONCLUS ION 

 

It is very important that the big data research community does 

not repeat the same mistake. While there is clearly an  

important research space examining the fundamental methods 

and technologies for big data analytics? It is vital to 

acknowledge that it is also necessary to fund domain-targeted 

research that allows specialised solutions to be developed for 

specific applications. Healthcare in general and computational 

biomedicine in particu lar, seems a natural candidate for this. 
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