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Abstract—Clinical decision systems (CDSs) showed 

promising results in different areas including reminder 

systems, diagnostic, drug dose, prescription, and other pharma 

related domains. However, many aspects are subject to rethink 

and redesign in the era of precision medicine. Current clinical 

decision systems are more focusing to serve one or the other 

area of clinical care, imparting individualistic characteristics of 

a single and probably an isolated domain or sub-domain.  

While precision medicine requires a comprehensive data and 

knowledge for making precise decisions. The comprehensive 

knowledge shall contain information about disease sub-types, 

disease risk, diagnosis, therapy, and prognosis. Building such a 

comprehensive knowledge and executing queries to get the 

results from the decision support system may require 

federation at query level and integration at data level that is 

accumulated from different databases situated in one or more 

than one setup. In this paper, we research to provide an initial 

idea and guide of redesigning the CDS architecture in a way to 

serve the very need of precision medicine. We describe the 

limitation of existing CDSs, challenges to address them and 

propose a solution to address those challenges. This work may 

lay down a foundation for the architectures of futuristic CDSs 

in the era of precision medicine. 

Keywords—clinical decision support, precision medicine, big 

data, knowledge base, integration, federated queries. 

I. INTRODUCTION  

The purpose of clinical decision support (CDS) is to keep 
the knowledge and other person-specific information, 
updated and intelligently inferred for the betterment of health 
and healthcare [1]. Different stakeholders are the 
beneficiaries of CDSs including clinicians, staff, patients, 
and other individuals. Taking a gander at the history, CDSs 
demonstrated promising outcomes in various areas including 
reminder systems, diagnostic, drug dose, prescription, and 
other pharma related domains [2]–[4]. Despite the 
significance of CDS in medicine, do we have to rethink 
about the design and the development of CDS’s sub-
components such as knowledge base and inference engine in 
the era of precision medicine?  The answer to this inquiry is 
yes, because many of the researchers have emphasized in 
their work [4]–[6] that a CDS with a comprehensive 
knowledge base is required to be designed to fulfill the very 
need of precision medicine. Current CDSs are not adequate 
as they either can serve one or the other area of clinical care 
where in precision medicine a collective decision will require 
to collect data from diverse resources. Researchers in their 
work on informatics research agenda to support precision 
medicine [6] emphasized on the very need of designing a 

comprehensive knowledge base (KB) to contain information 
about disease sub-types, disease risk, diagnosis, therapy, and 
prognosis. As indicated by the authors, the present KBs and 
databases are separated from each other, subsequently unfit 
to offer help for executing and dealing with the federated 
inquiries. Consequently, they should be patched up to help 
not just the federated queries rather also stretched out 
reasoning abilities notwithstanding adaptability and 
versatility. In the review study [4], the authors featured the 
isolation issue from a different perspective that is the 
scientific and clinical data sets are normally located in 
different databases worldwide as information silos. They 
need to be linked to bring them in one place in the form to be 
easily reviewed by physicians and researchers. This raises 
the need to apply Intelligent algorithms with a use of 
standardized languages/phenotypes for the decision of 
choosing the right piece of information to satisfy the need of 
a specific question. The Clinical Pharmacogenetics 
Implementation Consortium (CPIC) Informatics Working 
Group is actively working to develop a set of standard set of 
CDS functions and EHR-agnostic implementation resources 
into its guidelines for the successful adoption of 
Pharmacogenetics into routine clinical care [7]. This group 
likewise demonstrated the confinement of contemporary 
CDS issue of tending to single gene by depending on local 
forms of national guidelines and stressed to move from local 
to national usage, therefore persuaded them to take a shot at 
planning and actualizing of modern resources. 

II. LIMITATION AND CHALLENGES 

Contemporary CDSs are developed in isolation with 
knowledge bases not sufficient to serve the federated queries 
composed of an array of information accumulated from 
different sub-domains. Current architectures are not designed 
to support functions of accumulating data from different sub-
domains and to manage federated queries. Also the structure 
of knowledge bases is not scalable to accommodate diverse 
knowledge of different disease sub-types as well as the 
clinical, genomic, and other wellness information of users. 

Moreover, there is an integration issue of clinical data 
with scientific research data. Making a precise decision 
requires both aspects to be integrated thus raises to a big 
challenge of designing methods to support the acquisition of 
clinical as well as scientific research data and their 
integration. The knowledge base is needed to be inspired 
from the integrated data scope rather than only one of them. 
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Figure 1: Proposed architecture of clinical decision system 

 

III. PROPOSED SOLUTION 

Based on the initial investigation, we come up with an 
architecture as depicted in Figure 1 to combine different 
components required by the next generation CDS. The 
architecture abstractly describes the modules containing the 
required functions of envisioned CDS’s architecture for 
making precise decisions. We here introduce and explain the 
details of each of these modules for a better understanding of 
the proposed idea. 

A. Health Data Acquisition 

The core requirement of precision medicine is to use 
diverse information of a user for a precise decision, including 
clinical data, genomic data, and lifestyle related wellness 
data. Currently, the electronic health record (EHR) systems 
are dealing with only clinical data. Although, work has been 
started to link clinical data with bio-specimen resources for 
genomic research. 

 Clinical data: It is the set of data that is used in 
current patient care, such as demographics, medical 
history, physical examinations, risk factors, 
diagnosis, treatments, and different dates [8], [9]. 

 Genomic data: It refers to the Genome and DNA 
data of an organism. The aim of genomic data is to 
analyze it for determining the function of a specific 
gene. In the past, it was not feasible to include 
genomic data in patient care because of two main 
factors: (i) it was expensive activity and (ii) it was 

computationally expensive and time taking activity. 
Today, however, with the advent of advanced 
technology, genomic data could be used alongside 
clinical data to precisely diagnose and treat different 
sub-types of diseases such as cancer and others. This 
data itself renders a set of challenges to acquire, such 
as designing of a database to hold voluminous data 
and controlling the variability of the data and so 
forth [10]. 

 Wellness data:  it refers to the information about a 
person’s lifestyle data, e.g. physical activity, dietary 
information, and sleeping patterns. An array of 
services and tools such as Fitbit [11], Samsung 
Health [12], Google Fit [13], and Noom Coach [14], 
are geared towards monitoring user health status of 
activities, diet, and to some extent sleep and the 
effects of environmental factors. These tools and 
services could be used to facilitate the acquisition of 
user lifestyle data to be utilized together with clinical 
and genomic data. 

The acquisition of clinical data, genomic data, and 
wellness data involves processing at two levels: one at 
individual data level, for instance methods to collect genomic 
data and preprocessing, and second, the integration of all 
these three types of data at one place.  

B. Acquisition and Integration of scientific research data 

The health data acquired from local may or may not be 
sufficient to answer the questions of every kind. There is a 
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need of looking towards scientific literature that includes a 
list of primary and secondary studies and reviews. Acquiring 
data from the literature is itself a challenging task. Currently, 
different databases like MEDLINE, ClinVar [15], and 
MedGen [16] are accessible through PubMed services. The 
challenge is the algorithm accuracy and efficiency of 
identifying relevant and quality studies applied in the context 
of patient care. In other words, linking the clinical data with 
scientific data need contextual interpretation and processing 
of the sub-elements of both the data types in order to answer 
the clinical questions. 

C. Knowledge Base Design 

The current knowledge bases of CDSs are not designed 
to uphold divers kind of data. They need to be redesigned to 
in a way to accommodate individual knowledge bases for 
each type of disease as well as the combination. Also, the 
current top-down and model-driven approaches are not 
sufficient in the era of precision medicine. A bottom-up and 
data-driven approach is required to be incorporated alongside 
the expert-driven approach. The knowledge bases should be 
indexed and configured for answering the question in due 
clinical time. An ontological approach associated with data-
driven models is one of the potential approach to be consider 
for designing the overall knowledge base structure. 

D. Knowledge Inference and Execution 

The capabilities of reasoning algorithms that can work on 
a model-driven approach to be enhanced to cover up the 
results of data-driven approaches. Our proposition for such 
algorithms is to design them in a hierarchical fashion so that 
the results of one algorithm to be used as an input for another 
algorithm. It means the overall inference algorithm shall be a 
combination of sub-algorithms, including both expert-driven 
and data-driven. Moreover, the execution environment is  

enriched with methods to accept federated query and run 
on the knowledge base. Also, the execution environment 
shall provide the results with logical and semantic 
interpretations in response to the federated query input in 
order to fulfill the ultimate user requirements. 

E. Federated queries 

Federated query is the ability to provide solutions based 
on information from many different sources. In other words, 
it connects the end of one query to another query to form one 
wholesome query. The main purpose of federated queries to 
meet the need of searching multiple disparate content sources 
with one query. This allows a user to search multiple data 
sources at once in real time. 

IV. RESULTS 

We have worked in the area of designing and developing 
clinical decision support systems for the last couple of years. 
All together, we developed Smart CDSS [17] system for 
facilitating physicians in decision for head and neck cancer 
treatment. Similarly, we also worked on the acquisition and 
appraisal of scientific literature using our proposed technique 
of KnowledgeButton [18]. Using KnowledgeButton 
approach, we were able to acquire quality articles from 
PubMed database at the first stage and check for the quality 
using a machine learning approach at the second stage. The 
model of quality appraisal was trained on a subset of about 
50000 annotated documents acquired from a team of expert 
physicians. Moreover, we also developed a framework of 
Mining Minds [19] to curate lifestyle data, manage, and 
reason over it and discriminate the results to the user. Briefly 
the outcomes of the existing work are described in Table 1. 

Table 1: Authors’ existing work outcomes 

System/Service Characteristics  Outcomes 

Smart CDSS  Core CDS system for Head and Neck Caner 
disease treatment 

 Expert-driven rule-based system 

 Interactive knowledge authoring 
environment 

 Knowledge Base encoded in HL7 Arden 
Syntax 

 System is demonstrated at multiple 
venues. 

 Limited version is implemented in one of 
the collaborating hospitals. 

 About 15 times physician’s performance 
enhanced in rule creation. 

 Publications published [17], [20]–[23]. 

KnowledgeButton  A service for scientific research acquisition 
and appraisal. 

 Knowledge-based query automated 
construction 

 Quality of research contents with machine 
learning approach. 

 Tested on PubMed service 

 Quality model is trained on a subset of 
50000 annotated documents. 

 Overall, the system has showed 4% 
better performance than the existing 
service. 

 Publications list [18], [24], [25] 

Mining Minds  A health and wellness framework 

 Big data curation framework 

 Activity and diet recognitions 

 Data-driven and expert-driven knowledge 
acquisition methods 

 Personalized recommendation services 

 Capable of writing 2.2 requests or 
packets per second in average 

 Activity recognition with 0.95 F-Score 

 Overall the system gets 7.5 out of 10 
user satisfaction level in the initial 
evaluations. 

 Publication list [19], [26]–[28] 
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A. Experimentation roadmap of the proposed research 

In light of our existing work, we plan to perform 

experiments on real data collected from hospital and the 

research publication from PubMed database. As noted 

above, we will integrate the data from local databases with 

the data extracted from the research publications. For 

collecting data from local databases, we will follow the data 

acquisition strategy of Mining Minds [19] with additional 

functions. To retrieve data from PubMed database, we will 

use the strategy followed by KnowledgeButton [24], [25] 

with additional functions. For data preparation, training, and 

testing, we will utilize the services of data science tools such 

as Rapid Miner [29]. We will utilize the design of the Smart 

CDSS [21] knowledge base for the proposed architecture 

with extension of a comprehensive inference engine to 

support not only the reasoning over the rules but also the 

federated queries. 

 

V. CONCLUSION AND FUTURE WORK 

Precision medicine is the future of medicine and we need 
to prepare for it. This paper highlighted the limitations of 
contemporary clinical decision systems, associated 
challenges and guidelines to revamp and redesign the 
architecture of the era of precise decision. We proposed a 
comprehensive architecture of a futuristic decision support 
system that contains modules for acquisition of diverse data, 
their integration, management of federated queries, 
comprehensive knowledge base and the execution 
environment of reasoning and inferencing. This work 
provided an initial roadmap of the future journey towards 
designing a big system for precision medicine. In the future, 
we will expand our previous work to build new components 
and enhance the capabilities of existing components to 
construct a clinical decision system for the era of precision 
medicine. 
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