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Abstract

Relational databases evolved in accordance to the prevailing technological require-

ments and constraints that had suitability, applicability and relevance at that time.

However, times have changed and also the contemporary requirements. To allevi-

ate the problems associated with relational databases in handling present big data,

which is predominantly un-structured, a new class of databases has emerged, known

as NoSQL databases. As and when a new class of data-storage emerges and be-

comes popular, researchers start working towards its integration with the existing

databases. Likewise, with the widespread use of NoSQL data-stores, the problem

of integrating them with existing database technology has became a challenge. The

goal is to select the most appropriate data storage technology that meets the specific

requirements of each module of the application.

Amalgamation of different databases within an application is known as Mul-

tiparadigm approach or Polyglot-persistence. Persistence needs of applications are

progressing from mostly relational to a mixture of data-stores. For example various

modules of Health-care Information System (HIS) use different data-stores to model

data closer to their semantic usage. The researcher has showcased the applicability

of our multipradigm framework in HIS, considering the variety of data and diverse

categories of NoSQL data-stores with which they may be managed. But the concept

is equally well applicable to any other application area, where different parts of the

application deals with distinct data formats.

The researcher has implemented a healthcare information system – PolyglotHIS,

which makes use of one relational and two NoSQL data-stores. This coalition of data-

stores is not arbitrary, instead it is prudently chosen on the basis of careful analysis

of alternative data-stores. Each involved data-store has its own specific advantage.

Relational data-stores are preferred for data pertaining to financial transactions,

since they support transactional properties. Employees’ payroll data, patients’ billing
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information and financial component of pharmacy department are handled by the

relational database – PostgreSQL. NoSQL data-stores supports BASE (Basically

Available Soft-state, Eventually-consistent) properties, which is the opposite of ACID

and therefore not suitable for transactions.

Other two NoSQL data-stores used in PolyglotHIS are: MongoDB and Neo4j.

MongoDB, the most widely-used document-database today, is schema-less and best

suited for storing unstructured or semi-structured data, such as laboratory reports,

laboratory images, instrument manuals, photos of the patients and doctors, etc.

The data containing in-built relationships, such as blood relation between various

patients thereby helping doctors to trace presence of any hereditary disease(s) by

examining these relationships, are stored in graph database (i.e. Neo4j). Inter-

linking between symptoms has also been stored in Neo4j graph database to assist

the doctor in visualizing the links between symptoms and the disease, leading to

quicker diagnosis.

Integration of multiple data-stores is facilitated through usage of multiple co-

operative agents, which make up mediation layer of the system. Provision of a frame-

work to represent knowledge about schemas of constituent data-stores in a unified

representation scheme is achieved with the help of Datalog facts and rules. Datalog,

which is a declarative logic programming language, is used to store sets of facts and

rules, helps in the storing and inferring about the capabilities of data-stores used in

the PolyglotHIS. Homogenization of results obtained from heterogeneous data-stores

has been made possible due to the support for JSON format within all the involved

data-stores.

This proposed approach is novel in the way various data-stores are integrated,

making use of the NoSQL data-stores, which represent the modern data storage

technology. Apart from NoSQL technologies, multiple co-operative agents are used.

In terms of performance, the latency caused due to presence of the mediation layer

in PolyglotHIS is negligible and becomes totally insignificant as the dataset size

increases. Undoubtedly, the overall complexity of the system increases as there

is an impedance mismatch between various data-stores in terms of data modeling

and query languages; however, proposed solution is still advantageous because of
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its ability to store the data according to its usage, thereby simplifying the overall

programming model. Decentralized data processing is also made possible due to the

use of multiple data-stores.
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Chapter 1

Introduction

This chapter provides an overview of the thesis along with purpose and significance of

the research work. The need for the research work done is briefed initially, followed

by the importance of the research. Various research questions or gaps in existing

literature that helped us to formulate our problem statement are also presented in

this chapter.

Based on the gaps identified in the literature, objectives of the thesis were formed.

The research methodology followed to achieve the formulated objectives are also de-

scribed. Contributions and organization of the thesis are also presented in the chap-

ter. This chapter summarizes the complete thesis enabling the reader to quickly

understand the purpose, significance, objectives and the contribution of the thesis in

the area of integrating data from multiple heterogeneous data-sources.

This thesis proposed and justified the use of polyglot-persistence instead of tradi-

tional one data-model based data storage. Polyglot-persistent softwares make use of

more than one type of data-store within an application based upon the storage and

query requirements of the application.

1
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1.1 Research Motivation

Till now, relational database was the de-facto database. By default, a database used

to mean data stored in tables. Relational model is suitable for many kinds of data,

particularly when there is a requirement to pick apart data and re-assemble it in

diverse ways for different purposes. NoSQL data stores are getting more popular as

they handle the problem of scalability very well. But these data stores are still new

in the field and will take time to mature, to get standardized and become robust.

Besides, in order to run effectively on a cluster, most NoSQL databases have limited

transactional capability. With the advent of these variety of non-relational storage

solutions, programmers have many options to select from. Within one application

different classes of NoSQL databases can be used simultaneously. This concept is

known as polyglot persistence [1].

Within a single application different modules deal with different types of data sets,

for example some modules may have to interact with graphs, other modules access

data stored as documents etc. A single database system cannot efficiently handle all

these types of data-sets. If instead of one particular database, a hybrid approach is

available then a programmer can choose multiple databases for different data sets.

For example, for storing user sessions Redis can be used, since it provides rapid

access for reads and writes and this session information does not need to be durable.

Similarly, for transactional updates, relational databases are preferred; for shopping

cart implementation, Riak will be preferred as it provides high availability across

multiple locations and can merge inconsistent writes; for storing recommendations,

Neo4j will perform the best as it a graph database.

As explained above, each database has different strengths and weaknesses, which

need to be aligned for particular application requirements. There are few available

tools such as Clustrix, ScaleDB, NimbusDB, VoltDB etc. which use only a few

classes of NoSQL data stores, but not all classes of databases. Thus, there is a

need for a user friendly interface to query different types of data from the hybrid

database. Further, the implementation details of the system should be hidden from

the user. Various features which determine the selection of a particular data store
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are – throughput requirements of reads and writes, whether the application needs to

handle data distributed across nodes and serve query requests from users even when

some nodes fail, whether the application needs offline data processing capabilities,

application’s availability requirements, application’s data consistency requirements

etc.

1.2 Significance of the Research

We argue for a system based on the premise that instead of forcing all type of data to

fit in row-column format of relational databases, multiple data-stores should be used;

each storing and representing data closer to its actual representation and usage. We

have demonstrated the applicability of our proposed system in the domain of health-

care information systems (HIS). Different departments in hospital deal with diverse

types of data and hence should deploy distinct data-stores. Hospitals are extremely

complex institutions where large departments and units coordinate to provide the

needed care for patients.

Naive approach for implementation of HIS is to use any one popular database to

store and process all the data. Nonetheless, any single data-model cannot efficiently

store and process multitude of data generated by healthcare institutions. For exam-

ple, not all data fit well into row-column format of traditional relational databases.

However, modern NoSQL data-stores allow data to be stored in a form closer to their

actual representation and usage. There is an increasing dependence on HIS for diag-

nosis, suggestions, treatments and prescriptions for overall improvement in services

and practices of healthcare institutions. These institutes have ample amount of data,

but there is an acute shortfall in extracting useful information from this data.

One of the prerequisites for extracting useful information from medical records is

to store them unabridged. Clinical notes contain rich and diverse sources of informa-

tion but they cannot be stored capably in relational databases [2]. These databases

are suitable for storing structured data, whereas Electronic Health Records (EHRs)

are prominently semi-structured. Competent realization of HIS can not be accom-
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plished by capitalizing only on traditional methods of data storage. Each database

is delineated with different set of goals and is designed to solve distinct problems.

Using only one database paradigm for all types of storage needs is evidently not

a good strategy. ‘Polyglot persistent solution’ seeks to leverage highly specialized

solutions for extracting useful information from the data.

We have developed an intelligent information integration solution — PolyglotHIS

which uses multiple data-stores. PolyglotHIS frees the end-users from interfacing

with each data-store individually by providing a uniform query interface. The key

facet of proposed approach is the use of co-operative multi-agent architecture, along

with the use of Datalog for declarative specification of contents and querying pos-

sibilities of underlying data-stores which also assists the query planning module in

trimming trivial data-stores for a query. There is an urgent need to derive intelligence

from the huge amount of stored data of the healthcare industry and PolyglotHIS is

a step to address the same.

1.3 Research Gaps, Objectives and Methodology

Following major gaps are based upon the extensive literature survey and field study:

1. Traditional relational database based approach is not suitable for handling

heterogeneous and scalable data.

2. No standard query language exists for NoSQL and NewSQL datastores, since

each of these stores are designed differently.

3. There does not exist any middle-ware or adapters that provides layer over

NoSQL data stores to allow a programmer interact with these data stores in

SQL.

4. There is no single database system that can handle all sorts of data needed for

an application. Different database systems perform better for specific kinds of

data sets. For example, Cassandra is preferred for storing user data, MySQL is
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good for storing transactional data and Memcached databases are well suited

for session data.

5. Till date, no tool is available that automatically maps data present in a rela-

tional database to the NoSQL database. Transforming a relational data present

in tables into different structures of NoSQL data stores is a cumbersome and

tedious task.

6. There is no standardized NoSQL data store presently available that preserves

needed integrity constraints.

7. There is a shortfall of the appropriate documentation available to guide the

applicability of NoSQL data stores to different use-cases.

8. Schema extraction of NoSQL and NewSQL data-stores has not been explored

extensively due to their schema-less data modeling approach.

Based on the above stated gaps, following objectives have been identified:

1. To study and analyze the existing databases such as relational, NoSQL, NewSQL

etc.

2. To propose a novel framework for querying multiparadigm database which

makee use of two or more classes of databases.

3. To verify and validate the proposed framework against conventional databases

for efficiency.

To achieve the first objective, a comprehensive review was conducted to study

various existing relational, NoSQL and NewSQL databases. Each class of NoSQL

database is suitable for different use-case. For example, if requirement is to simply

store and retrieve non-transparent data items using key, a key-value data-store like

Redis will be preferred. If application needs to store records with lots of attributes,

but generally asks for only a few certain fields and also, if the analytical functions are

to be performed, then a column-oriented databases like HBase will be recommended.
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The graph database, Neo4j, stores data in the form of nodes and relationships

and provides various graph manipulation APIs that can be used directly by an ap-

plication. Whereas, if the value associated with the key is needed to be searched

and updated based on individual attributes within the value, a document database

like MongoDB will be ideal. Storage of friend-of-a-friend type of data will be more

natural in Neo4j graphs as compared to any relational database, which demands

complex joins of multiple tables. There is no hard and fast rules for mapping system

requirements to each class of NoSQL data-stores. To summarize:

• If an application simply stores and retrieves opaque data items that it identifies
by using a key, then use a key/value store.

• If an application is more selective and needs to filter records based on non-key
fields or update individual fields in records, then use a document database.

• If an application needs to store records with hundreds or thousands of fields,
but only retrieves a subset of these fields in most of the queries that it performs,

then use a column-family database.

• If an application needs to store and process information about complex rela-
tionships between entities, then use a graph database.

To achieve the second objective, a multi-paradigm database framework was de-

signed in which multiple data-stores are involved, each dealing with different types

of data set. The working of implemented framework can be summarized into the

following number of steps: (a) an end-user (doctor/nurse) queries the integrated sys-

tem, which further may require data from more than one underlying data-stores; (b)

mediation layer composed of various co-operating agents processes the user request

and determines how to split the asked query into sub-queries each pertaining to a

different data-store; (c) sub-queries are executed on the underlying data-stores and

individual results are returned to the reducer agent; and (d) results are merged and

shown to the user in a desirable format by the graphical interaction agent.

Inter-operation between involved data-stores having different semantics, represen-

tation and querying mechanisms has been achieved with the help of various agents
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which are software entities that chooses the best set of activities to be performed for

reaching a particular goal as desired by the user, using artificial intelligence tech-

niques.

The last objective, that is, the verification and validation of proposed framework

was performed by analyzing and comparing the improved performance of proposed

framework against existing approaches of data-integration. We have given a com-

parison of existing solutions dealing with multiple classes of NoSQL data-stores,

along with supported data-stores, and their querying mechanism, and implementa-

tion approaches. Integrating data from disparate clinical data sources is an enduring

research topic. Emergence of NoSQL databases have generated much excitement and

interest The concept of a polyglot persistent application is still in its inception and,

to the best of our knowledge, has not been implemented in the context of healthcare

information systems. Although, few systems have been proposed recently that store

data in (and query from) multiple data-stores discussed in Chapter 4, but none of

them considers graph database, also existing solutions do not support join operation.

Experiments were performed to compare the performance of PolyglotHIS with

systems that makes use of single database. The goal was to determine the overhead

introduced by the multiple layers of the integration system. We have implemented

four editions of the software; PolyglotHIS and other three editions of HIS using indi-

vidual data-stores. Latency caused due to presence of multiple layers of PolyglotHIS

is negligible and merges as the dataset increases. Evidently, in terms of function-

ality, HIS editions involving one data-store can accommodate greater variance as

each data-store supports different range of features. In contrast, in case of Poly-

glotHIS, their functionality is limited by the common operations supported by all

the underlying data-stores.

1.4 Research Contributions

This research contributes in the following ways:

• Modern data storage technology using NoSQL data-stores have been exten-
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sively explored. An exemplary data-store of each of the four classes of NoSQL

data-stores viz. Key-value, Column-oriented, Document and Graph-based,

have been covered in detail under literature review.

• Each class of NoSQL data-store follows a specific data modeling and query-
ing strategy. A thorough comparison has been presented, enabling an easy

process of in selecting a particular data-store in accordance with the software

application’s storage requirements.

• Query languages of MongoDB (Document-based data-store) and Neo4j (Graph-
based data-store) have been presented in details with exemplary queries and

schema, developing a familiarity with the querying aspect of these data-stores.

• There has been a paradigm shift from relational to mixed data-stores to cater

to the persistence needs of applications. In this research, a framework has

been proposed that uses multi-paradigm databases i.e. various modules of an

application can use specific data-stores to model their data that best match

the semantic usages of data.

• Applicability and evaluation of proposed framework is demonstrated in context
of Health-care Information Systems (HIS). HIS are multifarious in nature and,

thus, are best candidates to be implemented by using the proposed multiple

data-stores approach because one database definitely does not fit all the storage

requirements of such complex applications.

• Multiple co-operative agents have been employed in the implementation of the
mediation layer of the framework.

• The framework makes use of Datalog which is a declarative logic programming
language, and is used in the proposed system in order to express schema of

underlying data-stores in the form of a set of facts and rules.

• Performance of proposed framework that makes use of three different classes
of databases have been compared with implementations of the application that
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makes use of each one of the considered database systems individually. It

has been observed that the latency due to presence of multiple layers in the

framework is negligible and becomes insignificant as the dataset increases.

1.5 Organization of the Thesis

After giving an introduction to the thesis in Chapter 1, the rest of the thesis is

structured as follows:

The Chapter 2 presents a literature survey on database systems, explaining all

three major classes of databases of importance and contemporary relevance. Firstly,

relational databases are introduced, followed by discussing their limitations and in-

herent constraints posed by them. For handling today’s un-structured big data, the

importance of NoSQL data-stores have been already well established. NoSQL data-

stores are quite different from the traditional relational database systems. Therefore

their characteristics have been presented in detail. The latest class of database sys-

tems is the NewSQL data-stores, which includes hybrid of relational and NoSQL

data-stores. NewSQL data-stores have been discussed briefly at the end of this chap-

ter.

The Chapter 3 elaborates on NoSQL data-stores, explaining all its four classes

viz. Key-value, Column-oriented, Document and Graph-based. Pros and cons of

each of the class along-with its potential use-cases is explained. One exemplary

data-store of each class has also been discussed briefly. For each data-store, a code

snippet in Python programming language has been discussed for performing basic

CRUD operations with respective data-stores.

The Chapter 4 discusses various data integration techniques primarily cover-

ing multi-base and federated databases, mediation based data integration, data

warehouse and ontology-based integration. A detailed review of existing polyglot-

persistent techniques has been presented in a tabular form based on a set of pa-

rameters, for quick comparison amongst them. At the end of the chapter, the need

for polyglot-persistent applications in health-care data management has been under-
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lined.

The Chapter 5 describes the proposed multi-paradigm framework by explaining

the individual components of the architecture. The proposed framework makes use

of multiple co-operating agents especially at the mediation layer of the framework.

Other two layers involved are the user layer and the data-store layer. The user layer

contains only one agent, namely the graphical interaction agent, while the data-stores

layer consists of three different data-stores and one partial result storage component.

At the end, this chapter elucidates the need for such a polyglot-persistent framework

in applications that deal with multiple modules.

The Chapter 6 explores the creation and maintenance of Knowledge-base of Data

(KBoD), which is the brain of the framework. Querying capabilities of the data-

stores involved as well as the schemas of the data-stores have been expressed in form

of Datalog facts and rules and stored in KBoD. The formulation of every query is

performed with the help of KBoD. Before understanding the details of Datalog, a

preliminary knowledge about first order logic and deductive databases have been

covered in the initial sections of the chapter. Sample Datalog facts and rules that

need to be present in KBoD for a sample data-set have been explained in detail.

The Chapter 7 simplifies the understanding of the implemented framework and

the concepts explained in Chapter 6 with the help of an example query. All three

data-stores considered in the framework support different query languages, thus we

have described basic syntax of their query languages using three trial queries. A

specimen of data-set for both MongoDB and Neo4j is also presented as a pre-requisite

to understand the working of the example query. Execution of the considered query

is also shown diagrammatically for quick comprehension. Experimental analysis of

the proposed framework is also illustrated using performance graphs.

The Chapter 8 discusses various challenges and issues faced during the implemen-

tation of the framework. This chapter also gives concluding remarks on the research

by highlighting the significant contributions of the work done. Future directions

of the research work have also been presented towards the end of this chapter. The

chapter concludes the thesis, by explaining briefly the outcome of each of the chapter.



Chapter 2

Databases: A Review

Until now, the term ’Databases’ gets defaulted to ’Relational Databases’, which are

good at handling structured data. The data generated by Web 2.0 is primarily either

unstructured or semi-structured. Thus, to handle this data a chain of non-relational

data stores known as NoSQL databases have emerged and have got wide acceptance.

Unlike relational databases, NoSQL databases compromise ACID properties to

provide high availability and scalability. Until recently the Industry have been built

upon using ACID complaint softwares, hence they are now reluctant to non-ACID

softwares. To bridge this gap, a new class of database, known as NewSQL databases

that provides ACID properties of relational databases and scalability of NoSQL databases

have emanated.

This chapter briefly review the three popular type of databases, starting from re-

lational database to modern NoSQL and NewSQL databases. Timelines have been

presented to visualize the emergence of tools under all three categories of databases.

Characteristics, advantages and disadvantages of each type of database are also pre-

sented.

11



2.1 Relational Database 12

2.1 Relational Database

An organized collection of data is called database, while database management sys-

tem is a software application responsible for storage and management of data. Each

database is accompanied with an query language which is used to insert, update

and delete data as well as to perform various database administration operations.

In 1960s network model – CODASYL and hierarchical model – IMS were the most

popular databases [3, 4]. In 1970 Edgar F. Codd’s paper ”A relational model of data

for large shared data banks“ proposed a relational model which is one of the most

popular database model even today [5].

In mid 80s due to the surging popularity of object-oriented programming paradigm,

object-oriented databases were introduced which also overcome the problem of object-

relational impedance mismatch, but were later on merged with relational model itself

– known as object-relational databases. After 1990s due to popularity of HTTP, the

cost of posting and exchanging information became cheaper which led to the flooding

of information. It was realized that traditional techniques of data storage will soon

become stale and inefficient to handle such vast amount of unstructured and semi-

structured data. A timeline visualizing emergence of various database tools since

1959 is presented in Table 2.1.

A database that stores data in form of relational tables is called relational database.

Relational model was given by E. F. Codd in 1970 and is still in widespread use.

He gave 12 rules that a database must obey to be termed as relational database, in

which data is organized in the form of rows and columns within a table [6]. Each

table may contain a primary key which is made up of one or more columns and is

used for uniquely identify row of a table. Primary key of a table must be unique and

not null, thereby maintaining entity integrity. Tables are connected with each

other using foreign keys, where a foreign key is a unique key in one table which is

used to uniquely identify row in the joining table [7]. Foreign keys are also used to

enforce referential integrity of data, for example a subject can be assigned to

a teacher only if that subject exists in the Subjects table.

Relational databases provide quicker access to data with the help of indexing.
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Table 2.1: Database Timeline

1959 · · · · · ·• CODASYL (Network Model)

1968 · · · · · ·• IBM’s IMS (Hierarchical Model)

1970 · · · · · ·• Codd’s Relational Model

1973 · · · · · ·• Berkley’s Ingress

1974 · · · · · ·• IBM’s System R

1978 · · · · · ·• Oracle

1980 · · · · · ·• Informix

1983 · · · · · ·• IBM’s DB2

1984 · · · · · ·• Teradata

1985 · · · · · ·• Object Oriented Databases

1989 · · · · · ·• Microsoft’s SQL Server

1994 · · · · · ·• Deductive Databases

1995 · · · · · ·• MySQL

1996 · · · · · ·• PostgeSQL

1998 · · · · · ·• InnoDB

1999 · · · · · ·• Netezza, XML Databases

2000 · · · · · ·• SQLite

2003 · · · · · ·• Greenplum

2004 · · · · · ·• NoSQL Databases (Table 2.2)

2006 · · · · · ·• NewSQL Databases (Table 2.3)
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Indexes are usually created on combination of attributes. A query involving indexed

attributes does not require full table scans and subsequently results in faster results.

Performance of queries significantly increases when indexing techniques are applied

on primary and foreign keys. Join is a read operation that allows to get data from

more than one tables provided considered tables have some keys in common. Com-

mon keys usually involves primary key of one table and foreign key of another table.

Normalization is the process of organizing columns and relations of the database

such that data redundancy is reduced [8]. Relational tables are decomposed into

smaller tables using the concept of primary and foreign keys. Aim of normalization

is that operations such as addition, updation or deletion should be performed in one

table only.

Data stored in relational database is managed using Structured Query Language

(SQL)[9]. SQL is based on relational algebra and tuple calculus and supports both

data definition language (e.g. create, alter, drop) as well as data manipulation lan-

guage (e.g. select, insert, update, delete). SQL is undoubtedly the most popular and

most widely database query language. SQL is primarily a declarative language, but

is also extended towards procedural programming constructs known as PL/SQL.

PL/SQL allows loop constructs and conditional statements along with variables and

constants declaration and usage.

Relational databases provide transaction control using ACID properties. Each

ACID property constitutes building block of relational database’s transaction model.

Atomicity ensures that each transaction is either done entirely or not at all,Consistency

enforces that execution of transaction takes database from one consistent state to an-

other consistent state, Isolation confirms that concurrent execution of transactions

produces same results as if transactions are executed sequentially and Durability en-

sures that once a transaction is committed, data must persist even in the event of

failures.

Relational databases have proved their mettle since last four decades. Major

commercial relational database vendors are Oracle, IBM, Microsoft, SAP and Ter-

adata. Open-source implementations of relational databases are also in widespread

use e.g. MySQL, PostgeSQL and SQLite. ACID compliance of relational databases
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makes it most suited for OLTP (On-Line Transaction processing) applications. Rela-

tional database have matured incredibly with their age and provides all the advanced

features expected from a database management system including logging, reporting,

query optimization, recovery mechanism etc. SQL have also advanced with age in

terms of features. It is very easy to find help in any context in case of relational

databases. Finally, relational databases are supported by everyone and everything.

2.1.1 Shortcomings of Relational Databases

Relational databases were designed for structured data. But a large percentage of

digital information floating around the world is in PDF, HTML and other types

of formats which cannot be easily modeled, processed and analyzed using RDBMS.

Natural text can not be easily captured in form of entities and relationships. The

major problem is that the legacy tools require data schema to be defined a priory to

the data creation. In today’s world, where Internet has become an important part of

the common person’s life, deciding on rigid pre-defined schema is unrealistic. Schema

evolves as users start using the application and as the information to be dealt with,

varies according to user’s requirements. Structure of data also changes as informa-

tion is gathered, stored and processed. Also, all the available rich information cannot

be forcefully made to fit in the tabular format of relational databases. This prob-

lem was also faced by object-oriented databases under the name “Object-Relational

Impedance Mismatch” [10]. This mismatch occurs when an object is molded to fit

into relational structure.

Above stated problems of storing semi-structured information, object-relational

impedance mismatch and schema evolution originated because of the changes in

usage pattern of databases since the time the idea of relational databases were con-

ceptualized in 1970s. Relational databases were not designed keeping in mind sparse

information and scalability, where scalability is the ability of a system to handle

growing amounts of data. Their data model was based on single machine archi-

tecture and was not designed to be distributed. Today all softwares are developed

expecting a large user-base, which was not the case in 1970s.
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Few shortcomings of relational databases due to which NoSQL databases emerged

are enlisted below :

1. Structured Vs Unstructured Data – Relational databases were designed to store

structured data. But majority of data available today is either semi-structured

or un-structured. Attempt to store semi-structured data in relational databases

produce sparse tables, where rows contains large number of NULL values cor-

responding to optional attributes.

2. Schema Evolution – Relational databases demand that schema of an applica-

tion must be determined and fixed a-priori, this inflexibility in data-modeling

limits schema-evolution. Schema evolution refers to the problem of incorpo-

rating changes to the database schema of an application as per the requested

change.

3. Scalability – Relational databases were not designed to be scalable and go

beyond one server, because they were developed in an era when user-base was

very limited and Internet was also in its inception.

4. Flexibility – Relational databases follow “one size fits all” approach, where any

type of data is forced to fit in row-column format of relation (table).

5. Normalization – Performance of system degrades when the database system

consists of lots of normalized tables. More is the number of tables, more time

will be spent in indexing, joining and other similar operations.

6. Joins – Storing large amount of data in normalized fashion will result in sig-

nificant reduction in performance due to expensive join operations required to

access data.

7. Connected Data – Data generated from semantic web is highly connected and if

stored in relational database will result in a series of expensive join operations.

8. ACID properties – Adherence to strict ACID properties in case of relational

databases, limits availability as well as scalability of the system.
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Figure 2.1: MySQL, NoSQL, NewSQL Revenue [11]

Above mentioned problems of relational databases have lead to the development of

a new class of databases, popularly known as NoSQL databases. NoSQL databases

were designed considering the requirements of modern applications, thereby are at-

tempted to overcome all of the shortcomings of relational databases. Unlike rela-

tional databases which are suited for structured data, NoSQL databases handle all

the three types of data (structured, un-structured and semi-structured) very well.

NoSQL databases are schema-less databases and provide high scalability horizon-

tally. NoSQL databases come in four flavors providing flexibility to the developers

to choose from a variety of databases. NoSQL databases also do not support nor-

malization, joins and ACID properties.

NoSQL solutions should not be thought of as a replacement for RDBMS, instead

as a complementary product for handling issues of scalability and complexity. Non-

relational databases provide many enhancements over traditional relational databases

such as increased scaling across commodity servers or cloud instances, non-adherence

to rigid schema for inserting data and hence ease in capturing of different type of

data without much changes at schema level. These NoSQL databases may require

additional storage, since data is de-normalized, but results in overall improvements

in performance, flexibility and scalability.

The 451 research group published a report which states that although impact of
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NoSQL and NewSQL databases on MySQL is not huge as of now, but they certainly

pose long term threat due to their increased adoption in new projects. The key

findings of report is shown in Figure 2.1. Next two sections briefly discusses NoSQL

and NewSQL data storage solutions and explains how these databases are different

from relational databases.

2.2 NoSQL Databases

Although relational databases have matured very well because of their prolonged

existence and are still good for various use cases, unfortunately for most of the

today’s software design, relational databases show their age and do not give good

performance especially for large data sets and dynamic schemas. We live in a world,

where domain model is constantly changing both during development phase and even

after deployment. These changes in requirements along with various other reasons

described above, led to the development of non-relational databases known as NoSQL

databases. Popularity of non-relational databases can be very well imagined by the

fact that many universities have started teaching about these data stores as part of

their curriculum [12].

NoSQL which stands for Not Only SQL, is the term most commonly used to cover

all non-relational databases and it . There is much disagreement on this name as it

does not depict the real meaning of non-relational, non-ACID, schema-less databases,

since SQL is not the obstacle. The term “NoSQL” was introduced by Carlo Strozzi

in 1998 as a name for his open source relational database that did not offer a SQL

interface 1. The term was re-introduced in October 2009 by Eric Evans for an event

named no:sql(east), organised for the discussion of open source distributed databases
2. The name was an attempt to describe the increased number of distributed non-

relational databases that emerged during the second half of the 2000s.

1NoSQL (http://www.strozzi.it/cgi-bin/CSA/tw7/I/en US/nosql/Home%20Page)
2NoSQL (https://nosqleast.com/2009/)
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Table 2.2: NoSQL Timeline

2004−• Allegrograph

2005−• CouchDB

2006−• Google’s BigTable

2007−• Amazon’s Dynamo, Neo4j

2008−• Cassandra, MemcacheDB

2009−• MongoDB, HBase, Voldemort, Riak,
Redis

2010−• OrientDB, Infinite Graph

2011−• HyperDex, Oracle’s NoSQL

2014−• Accumulo

Increasing number of players dealing with WWW started recognizing the in-efficiency

of relational databases to handle huge amount of diverse data generated by the

introduction of Web 2.0 applications. Google was the first organization to lead this

movement by introducing BigTable [13] in 2006 followed by Amazon’s Dynamo [14]

in 2007. Influenced by adoption of non-relational databases by these big firms most

of the organizations started developing their own NoSQL data stores customized to

their requirements. Most of today’s popular NoSQL data stores have adopted ideas

either from Google’s BigTable or Amazon’s Dynamo. Those inspired by BigTable

are categorized as column-oriented or wide-table data stores and others which are

descendants of Dynamo are termed as key-value based data stores. There are two

other categories also, namely document and graph-based databases. These four

classes of NoSQL databases deal with different types of data and hence are suitable

for different use cases. Each has its own advantages and disadvantages in a particular

context. Various popular NoSQL databases are shown in Table 2.2 according to their

release year. Figure 2.2 shows the landscape of different classes of databases given
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by the 451 research group.

Figure 2.2: Database Landscape [11]

2.2.1 NoSQL Characteristics

There is no fixed definition of NoSQL databases, but most of them conform to the

following properties: Schema-less, Scales horizontally, Join-less, ACID-less (BASE),

Non-Relational, Does not use SQL, Open-source (mostly) and Supports big data.

Schema-less

All modern data-stores do not require schema of the application to be fixed prior to

the design and development phase. Instead, they provide flexibility in schema upda-
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tions technically known as Dynamic Schema Evolution. Unlike relational database,

each class of NoSQL database provides flexibility in terms of schema. For example,

in document database different documents may have different fields. Similarly in

Key-value database, values may have entirely different number and type of fields.

Same is true for the graph database as different nodes and edges may have different

properties.

Scales horizontally

Scalability is one of the most discussed issue today, since web applications have got

enormous popularity. Scalability can either be achieved vertically or horizontally.

Vertical scalability, also known as scaling up is easier to achieve as compared to

horizontal scalability also known as scaling out. As the name suggests, scaling-up

means addition of resources to a single node and scaling-out means adding more

nodes to a system. Horizontal scaling provides more flexibility as commodity servers

or cloud instances can be utilized [15]. Traditional databases rely on vertical scaling

where as recently evolved non-relational databases use horizontal scaling [16].

Sharding is the process of fragmenting data across clusters based on some pre-

defined criteria. Shards are typically partitioned based on the value of row key,

consequently query on a particular value need not traverse all nodes. Sharding can

improve the performance of data retrieval significantly by accessing the preferred

node without putting additional load on other nodes. Along with horizontal parti-

tioning, column groups are formed to achieve vertical partitioning. Sharding when

accompanied with replication, improves fault-tolerance of the node, achieving grace-

ful degradation. Most of the popular data-stores today such as MongoDB provides

built-in support for automatic sharding and replication.

Does not support join

Joins being expensive operation should be avoided especially in the case of large

data. Joins are a by-product of normalization, since the process of normalization re-



2.2 NoSQL Databases 22

sults in multiple small tables which need to be joined for querying purposes. NoSQL

databases do not use normalization hence need not to support join operations. If

required, code to join data in NoSQL databases is written at application level. Un-

doubtedly, de-normalization cause duplication of data but it provides significant

performance enhancements [17].

Provision of joins in relational databases require strong consistency and fixed

schemas. Avoiding joins in NoSQL databases have made flexibility in schema and

horizontal scalability easy.

Non-ACID – BASE

Unlike relational databases which strictly follow ACID (Atomicity Consistency Isola-

tion Durability) properties, NoSQL datastores follow relaxed approach towards these

properties. Eric Brewer provided CAP theorem in 2000 which states that it is not

possible to provide all three properties namely Consistency, Availability and Par-

tition Tolerance at the same time in an application [18]. CAP theorem was later

formally proved by Gilbert and Lynch [19]. Consistency is one of the ACID proper-

ties and ensures that each operation is either done fully or not at all. Availability of

a system means that the system is up and running at all the times. Availability of

a system is dependent on its reliability. Partition Tolerance refers to the ability of a

system to continue working in the presence of communication errors among subsys-

tems due to network partitioning. As shown in Figure2.3, databases are classified on

the basis of which two properties of CAP theorem they provide.

BASE (Basically Available, Soft-state, Eventually consistent) follows that ap-

plication should always be available, not all sites contain the current copy of data

but eventually everything will be consistent [20]. Soft state refers to the state when

multiple sites contain different copy of data due to asynchronous replication which is

essential for availability. At some point of time, whole system will become consistent

which is termed as eventually consistent.
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Figure 2.3: CAP Theorem

Non-Relational

NoSQL databases are also popularly known as non-relational databases attributed

to the fact that they do not store their data in relational/tabular format. Data

generated by Web 2.0 websites is largely semi-structured or un-structured, which if

forced to be stored in relational model will result in sparse rows i.e. rows containing

lots of NULLs. NoSQL databases thus provide programmer with a flexible model to

store large amount of semi-structured and un-structured data.

Does not use SQL

NoSQL databases are classified into four classes and each class further encompasses

number of datastores, each developed for specific requirements. Each NoSQL data-

store comes with its own specific query language. This characteristic of NoSQL

datastore is more towards disadvantage side. SQL provided uniformity in querying

all relational databases, but in case of NoSQL datastore due to lack of one uniform
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query language, developers have to learn syntax of each datastore to work with it.

Help and manuals, in the case of SQL, are available in plenty due to its maturity

and widespread use, which is not the case for young NoSQL datastores.

Open-source

One of the most bright side of the NoSQL movement is the availability of a number

of open-source databases. The tool box of the developer has increased significantly

both in number and variety.

Supports big data

Necessity is the mother of all inventions. NoSQL databases were invented because

they were required for handling big data. Traditional databases designed in 1970s

can not cope up with the requirements of data being generated today in all the three

aspects – Volume, Variety and Velocity. NoSQL databases are inherently scalable

(to handle Volume), and can easily store data in different formats (to handle Variety)

due to their schema-less nature. Major NoSQL databases provide built-in support

for Map-Reduce framework to process and analyze big data.

2.3 NewSQL Databases

NewSQL databases bridge gap between relational and NoSQL databases by pro-

viding ACID properties and SQL of relational databases, and schema-lessness and

scalability of NoSQL databases. NewSQL database was first mentioned in 2011 in

a research report of 451 research group [11]. NewSQL databases offer a middle way

to the industry, since these databases are designed for data management in cloud

environments while keeping SQL for interfacing and retaining the popular ACID

properties. Leading NewSQL databases are Google’s Spanner [21], VoltDB [22] and

NuoDB [23].
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Table 2.3: NewSQL Timeline

2006−• Clustrix

2007−• H-Store

2008−• NuoDB

2010−• VoltDB, SAP Hana

2012−• Google’s Spanner, MemSQL,
CouchBase, Aerospike

2013−• FoundationDB

Table 2.3 shows various popular NewSQL databases in the order of their release

year. NewSQL databases have re-architectured the database management system

from scratch to meet the changing requirements of software and data, while keeping

in mind the application already designed using relational databases. Hence, NewSQL

databases are best suited for legacy applications desiring to adapt themselves to new

trends in data growth.

Extent of support for SQL as query language varies among various NewSQL

datastores, for example NuoDB and Clustrix offer the maximum compliance with

SQL. VoltDB restricts the use of having clause and mostly interacts using stored

procedures. This class of database is specifically suited for applications perform-

ing transactions that involve manipulation of more than one objects. A detailed

comparison of all the four classes of NoSQL data-stores and NewSQL data-stores is

presented by Grolinger et al. [24].

Relational database systems keep the logical model separate from physical rep-

resentation and processing strategies. They are good at handling facts and extract-

ing reliable information from collections of facts. While implementing relational

databases a lot of attention is paid on developing conceptual, logical and physical

data models. New technologies such as XML, NoSQL and NewSQL databases have

put doubts on the usefulness of data models. For example, storing data in databases
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as XML blobs and documents in case of document-oriented NoSQL databases try to

eliminate the need for data modeling. But to describe any data structure, rules can

best be described as a data model. Although, these new generation of databases are

schema-less but the importance and requirement of data model will always remain to

understand and demonstrate the storage of data. Unlike relational databases where

modeling is decided by the structure of data, while modeling NoSQL databases the

types of queries those will be executed on data are also kept in mind. In other

words, design theme of relational database are focused on answers whereas NoSQL

and NewSQL databases are focused on questions.

Availability of different classes of databases, bring the challenge of careful selec-

tion of one class for your application. Pros and cons of each datastore need to be

analysed and then aligned with the requirements of the software to be developed.

Furthermore, Sadalage and Fowler [1] warrant the use of more than one type of

database within an application for different purposes. NoSQL data-stores expose

four data-stores namely key-value, document-oriented, columnar and graph oriented

data-store [25]. Chapter 3 discusses in detail all four classes of NoSQL data-stores,

giving one popular example of each class.



Chapter 3

NoSQL Data-Stores

Leading reason for choosing emerging NoSQL data stores over mature and rigid

relational databases is that they fit to data processing strategy more closely. NoSQL

solutions are not necessarily a replacement for RDBMS, but a complement to handle

issues of scalability, complexity and flexibility. Also, since most NoSQL databases

are schema-less, development gets easier and faster.

Classification of NoSQL databases is done based on which database can best store

associative schema-less or document or column-oriented or graphical data, each class

dealing with specific use-cases. The broader aim is to enable programmers to choose

database that models the data in the best possible way.

All four classes of NoSQL databases are presented in this chapter, along with brief

description of one popular database of each of the four classes. For easy understand-

ing, a case-study of heath-care information system is represented diagrammatically

to illustrate the differences in modeling of data in each class.

27
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3.1 Key-Value Data-store (KVS)

Key-value databases have a very simple data model — data is organized as an as-

sociative array of entries consisting of key-value pairs [26]. These databases can be

visualized as relational databases having multiple rows and only two columns — key

and value. Each key is unique and is used to retrieve the values associated with it.

Data type of key is limited to string, but there is no limit on type or length of value

to be stored. These databases store all data relevant to an item together, which

increase duplication of data but improves scalability due to absence of joins.

Unlike relational databases, referential integrity is taken care at application level

instead of being enforced at database level. Key-based lookups result in lesser query

execution time. Moreover values can be anything like objects, hashes etc., resulting

in flexible and schema-less model appropriate for today’s unstructured data. These

databases are highly suitable for applications where schema is prone to evolution.

In order to understand KVS, consider an operation to store details of a patient and

his/her treatment profile in a KVS based data-store. Figure 3.1 shows how KVS

performs the data storage.

Key-value data-stores are further of two types depending on where data is be-

ing stored — in-memory and persistent. Example of in-memory key-value stores

are Memcached 1 and Redis [27]. Other type of data-stores that stores data on

disk are called persistent key-value data-stores, examples are Voldemort [28] and

Riak2. Voldemort and Riak also provide support for Map-Reduce querying mech-

anism. These data-stores lack security as they lack Authentication, Authorization

and Auditing [29].

Use-cases: Content providing applications, Object Caching, Session manage-

ment, Storing user profiles and shopping cart etc.

Pros: Simple, Scalable, Suitable for cloud environment, Programmer-friendly

data structures and schema-free.

Cons: Integrity constraints at application level, Limited analytics capabilities,

1Memcached (http://www.memcached.org/)
2Basho Technologies, Inc. Riak (http://wiki.basho.com/Riak.html)
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Figure 3.1: Data storage in Key-value data-store

Not suitable for storing connected data and incapable of querying by value.

3.1.1 Redis

Redis stands for REmote Dictionary Server and is an open-source data-store. It is

an in-memory key-value data-store, writing back to disk only for persistence [30]. It

is also called data structure server as its keys can support strings, lists, hashes, sets

and sorted sets3. All these five data structures are discussed in detail in the next

section.

3.1.1.1 Data Types in Redis

Redis exposes five data structures or data types and each one of them has its own

specific set of commands for interaction. Some operations and scenarios are discussed

in this section in order to illustrate the usefulness of these data types. Every data

type has its own specialty and must be chosen carefully to exploit it to the fullest.

3Data Structure Server (http://en.wikipedia.org/wiki/Redis)
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Strings are the most basic and primitive data type available in Redis. Strings in

Redis are binary-safe, because they store everything in the form of raw data without

any specific format and thus can store anything like integers, strings, JSON objects,

etc. Having the basic key-value structure they provide a large number of operations

in order to exploit them to the fullest. Strings are very easy to use when we have to

maintain sessions and needs to set time to expire for the given key or in situations

where unique IDs need to be generated.

Strings fall short when we have to store something in form of columns and value

type structure similar to relational model’s attribute-value storage. Every data type

has its own peculiarity as said earlier and for this particular situation, Redis has just

the right thing: hashes.

Hashes are very easy to operate as they provide various operations to exploit

both value as well as fields. Hashes give outstanding performance up-to few hundred

fields and thus can efficiently store numerous such objects without losing the per-

formance factor [31]. Strings as discussed store everything as a serial object which

renders them useless whereas hashes with their filed names do wonders. One of the

many features of hashes helps to keep a check on the redundancy of data and thus

prevents setting value to a field for which one has already been assigned and that

too in constant time complexity.

Hashes can be implemented wherever we have relational model kind of structure

to store. Hashes’ filed can be closely related to column-name in relational model.

Strings can store data as serial objects and hashes do the same job, although a field

was added to enhance the features and usability. If we want to store data as an

array of objects corresponding to some key, then lists are the data types that are

most suitable.

Lists in Redis are implemented as linked lists which means that objects can

be added in constant time to either end of the list. Lists have some unique fea-

tures of its own and thus can cater to the needs wherever queues are needed to be

maintained. In addition to their implementation as queues, lists are of great use in

other situations like maintaining the list of recent ’n’ visitors, keeping chat log for a

messenger, etc. But when we have to perform operations pertaining to presence of
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some record or getting all the instances of the record in the database then the data

type with associative array storage like lists does not help much. One would think of

mathematical sets and to search all such instances of the record, intersection of all

the sets comes into mind. This is what particularly sets excel in and differentiates

them from all other data types.

Sets are a collection of strings stored in an unordered fashion. Most promising

feature they provide is that they store unique values only, thus reduce the overhead of

checking the whole data while inserting a new value [32]. As the name suggests sets

relate to algebraic sets only and various set operations like union, intersection etc.

can be performed on them to fetch desired results. So, when our application needs

comparison related operations, sets prove to be most optimal and efficient resort.

Some more operations are also available that can help to exploit sets to the

maximum. Sets may store and pool the data together as intended perfectly but it

falls short on some aspects too. It stores data as unsorted strings, giving preference

to none. Let us assume a situation where strings in the set are to be sorted in

some given order or priority and need to be considered accordingly. What to do

in such situations? These situations need a data type which is more powerful and

advanced than sets and Redis has another data-type called Sorted Sets to handle

these situations.

Sorted Sets are the most powerful weapon in Redis’s arsenal. Sorted sets are

similar to sets but with an additional field score to keep rank of the values. Like

sets they also hold unique values only. By default they store the value in increasing

order of the score. Every time a new value is added, it is inserted to the location

according to its score. This makes fetching of data sorted by the score or the rank

easier. Many applications can be modeled using this data structure.

To understand and implement Redis using Python, redis-py repository is used

which helps building applications using both Python and Redis together. To use

Redis via Python a connection is needed and to do that Redis needs to be loaded in

Python environment. A code snippet demonstrating how hashes and sorted sets of

Redis are operated using python is shown in Figure 3.2.
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import r e d i s

r ed i s conn=r e d i s . S t r i c tRed i s ( host=’ l o c a l h o s t ’ , port =6379 , db=0)

# HASHES

# adding pa t i e n t s to r e s p e c t i v e departments

r ed i s conn . sadd ( ” ent : p a t i e n t s ” , ”pat201406” , ”pat201407” )

red i s conn . sadd ( ” denta l : p a t i e n t s ” , ”pat201408” , ”pat201401” )

check=red i s conn . sismember ( ” ent : p a t i e n t s ” , ”pat2014070008” )

i f not check :

p r i n t ”not a member”

# t r a n s f e r r i n g a pa t i en t

r ed i s conn . smove ( ” ent : p a t i e n t s ” , ” ortho : pa t i e n t s ” , ”pat201407” )

# f i nd i n g pa t i en t s common in departments

p r i n t r ed i s conn . s i n t e r ( ” ent : p a t i e n t s ” , ” denta l : p a t i e n t s ” , ” ortho :

pa t i e n t s ” )

# SORTED SETS

# adding s tage o f pa t i en t ’ s i l l n e s s

r ed i s conn . zadd ( ”hrms : onco : pat s tage ” , 3 , ”pat201407” , 4 , ”pat201406” , 1 , ”

pat201408” ,4 , ”pat201401” )

# pa t i en t s so r t ed in descending order o f s tage

p r i n t r ed i s conn . zrevrange ( ”hrms : onco : pat s tage ” ,0 ,−1 , ”with s co r e ” )

# no . o f pa t i e n t s with i l l n e s s between given range o f s t ag e s

p r i n t r ed i s conn . zcount ( ”hrms : onco : pat s tage ” , 2 , 4 )

# s t r i c t r e d i s implementation takes increment as the l a s t arguement

red i s conn . z inc rby ( ”hrms : onco : pat s tage ” , ”pat201406” ,1 )

Figure 3.2: Redis hashes and sorted sets using python
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Redis and its data types can handle almost every type of data simply and effi-

ciently provided the right data type is chosen for the same. Each data type can be

exploited to do some particular type of job in best possible way. Although one could

use other data types as well for the same job but they might not be so efficient for

the given job. So, it all relies upon the right choice of data type for your storage

needs.

3.2 Column-Oriented Data-store

Also calledWide Table data stores, are primarily designed to address following three

requirements — huge number of columns, sparse nature of data and frequent changes

in schema. Column-oriented database systems perform better than traditional row-

oriented database systems, especially for analytical purposes as used in data ware-

houses, decision support, and business intelligence applications [33, 34]. A row-

oriented database must read the entire row in order to access the required column

where as columnar storage will read only those columns that are asked for [35]. As

a result, analytic and business intelligence queries generally read significantly more

data than is needed to satisfy the request, which causes unnecessary input-output as

shown in Figure 3.3.

These extensible record stores have been motivated by the success of BigTable,

Figure 3.3: Row Vs Column-oriented storage
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which is a NoSQL data store introduced by Google in 2006 [13]. Popular open

source column-oriented databases are Hypertable [36], HBase [37] and Cassandra

[38]. Hypertable and HBase are derivatives of BigTable where as Cassandra takes

its features from both BigTable and Dynamo.

Most of the columnar databases are also compatible with MapReduce framework,

which speeds up processing of large amount of data by distributing the problem on

large number of systems [39]. Also, in row-oriented storage design each column deals

with multiple data types and infinite range of values, thus making overall compression

less efficient as compared to columnar databases [40].

A column family is a container for rows, analogous to the table in a relational

system. Each row in a column family is referenced by its key. A column family

can contain columns or super columns, where a super column is a dictionary, it is

a column that contains other columns. Columns and super columns in a column

database are sparse, meaning that they take exactly 0 bytes if they do not have a

value in them. All the data in a single column family resides in the same file.

Figure 3.4: Data storage in Columnar data-store

Columnar databases consists of three elemental things, a unique name that refers to

the column, a value field to store the data that can be of various types like ASCIItype,

LongType, etc. and a time-stamp to validate the content. At the column level they
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are also key- value pair. This approach can be well implemented in clinical data

storage where the data varies from a patient to patient and so does the number of

columns. For instance the symptoms shown by a patient can never be fixed and

varies from patient to patient and hence there is need for columnar approach. Fig.

3.4 represents columnar method to store such data.

Column-oriented data stores are the preferred method for storing time series data

in many applications in capital markets [41]. For example, they are excellent choices

for storing tick data from stock exchanges, where tick data refers to market data

which shows the price and volume of every print, also often includes information

about every change to the best bid and ask. Performance gain is attributed to

the fact that only those attributes that are required by the query are read from

disk/memory. A detailed comparison between row and column stores in terms of

performance and query execution is available in [35].

Use-cases: Analytical querying, Blogging websites, Event logging, Content

Management Systems, Maintaining counters.

Pros: Flexible, Scalable, Efficiently handles random read operation, Supports

Map-Reduce, Provides high write throughput,

Cons: Integrity constraints at application level, Not good at handling relation-

ships, Ad-hoc querying needs revamping of column-family design.

3.2.1 HBase

HBase is an open source, non-relational, distributed database modeled after Google’s

BigTable and is written in Java [37]. It is developed as part of Apache Software Foun-

dation’s Apache Hadoop project and runs on top of HDFS (Hadoop Distributed

Filesystem) [42, 43], providing BigTable-like capabilities for Hadoop. HBase is basi-

cally a map as analogous to associative array but unlike other map implementations,

key-value pairs are stored strictly in an lexicographical order with the lowest or-

der appearing first in the table. This feature of storing values according to sorted

keys ensures that values of like keys are physically stored approximate to each other

which results in better performance while accessing data from large and distributed
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systems. This feature also enables the possibility of performing range queries on

keys.

Each row of data have a unique identifier called row key and a number of columns.

The number of columns can differ among the rows resulting in capability of storing

sparse data. This characteristic also allows dynamic and easy addition of columns

to specific rows. Column families comprise of any number of columns sorted by their

name, they groups data (columns) of same type. A column family may consist of one

or more columns. Different column families may contain different number of columns

or may contain no column at all. It is easy to add new columns within a column

family, whereas adding a new column family or modifying an existing one is very

difficult and expensive task. Number of column families are decided at the creation

of database. Each row can have multiple columns and column families. Rows do not

have null columns or pre-defined column width.

Figure 3.5: Column-families and Versioning in HBase

One of the most important advantages provided by HBase is versioning. In most

of the databases only one value is stored for each attribute, therefore every update

over-writes the previous value [44]. HBase allows storage of multiple values for any

particular attribute using versioning, as shown in Figure 3.5. Each version of the
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value is differentiated from others via time-stamp which is stored along with the

data. Timestamps can be explicitly defined by the user while inserting data. Data

is stored in reverse chronological order, which means value with highest time-stamp

is stored on the top. This is the most recent value and will be returned if asked

only for value. If time-stamp is also mentioned, while asking for the value then value

corresponding to that time-stamp or with lesser value of time-stamp will be returned.

Data stored in HBase can be queried using HBase shell. HBase has its own

web-based interface as part of its installation. There are many other open source

projects aimed at providing visual editors to query HBase data, for example Toad

for Cloud4 which is a free SQL-based tool with the familiar look and feel of Toad

that enables users to use SQL with a host of emerging non-relational databases

including HBase, Crux5 which provides a simple web based graphical interface to

access HBase, query data and create reports, HBaseXplorer6 which is an Java desktop

application for managing and exploring HBase database and HBaseExplorer7 that

allows to manipulate and explore HBase instances. Querying options in HBase are

very limited as of now especially in HBase shell, as compared to other established

databases. HBase can also be interacted using python library HappyBase which

internally uses Python Thrift library. An example code snippet is shown in Figure

3.6.

Unlike relational databases, where schema is fixed and common for all rows,

NoSQL databases like HBase are schema-less resulting in removal of constraints over

list of keys. Value corresponding to a number of keys can be a complex structure

in itself unlike atomic values in case of traditional relational databases. Addition

of a new key-value pair can be done at any time without affecting the remaining

database. Row key in column-oriented databases acts as primary key of relational

databases.

4http://toadforcloud.com/index.jspa
5https://github.com/sonalgoyal/crux
6https://github.com/bit-ware/HBaseXplorer
7http://sourceforge.net/projects/hbaseexplorer/
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import happybase

connect ion = happybase . Connection ( ’ l o c a l h o s t ’ )

connect ion . open ( )

connect ion . c r e a t e t a b l e (

’ Pat i ent ’ ,

{ ’ I n f o ’ : d i c t ( max vers ions=10) ,

’ C r eden t i a l s ’ : d i c t ( max vers ions=1, b l o ck cache enab l ed=Fal se ) ,

}

)

t ab l e = connect ion . t ab l e ( ’ Pat i ent ’ )

t ab l e . put ( ’ 101 ’ , { ’ I n f o : emai l ’ : ’ a1@ex . com ’ ,

’ I n f o : homeurl ’ : ’ a1 . ex . com ’ ,

’ Cr eden t i a l s : pswd ’ : ’ a2p ’ })

row = tab l e . row ( ’ 101 ’ )

p r i n t row [ ’ i n f o : emai l ’ ] # p r i n t s ’ va lue1 ’

f o r key , va lue in t ab l e . rows ( [ ’ 101 ’ , ’ 102 ’ ] ) :

p r i n t key , va lue # p r i n t s row key and data f o r each row

f o r key , va lue in t ab l e . scan ( r ow pr e f i x=’ 10 ’ ) :

p r i n t key , va lue # p r i n t s ’ va lue1 ’ and ’ va lue2 ’

row = tab l e . d e l e t e ( ’ 102 ’ )

Figure 3.6: Interacting with HBase in Python

3.3 Document Data-store

A document database is used to store, retrieve and manage semi-structured data.

In this database, data is stored in the form of documents. Documents are grouped

together in form of collections. These databases are flexible in nature as different
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Figure 3.7: Data storage in Document-oriented data-store

documents can have different fields, also any number of fields can be added to the

documents without wasting space by adding same empty fields to the other docu-

ments in a collection. Document can be in any format like XML (eXtensible Markup

Language) [45], YAML (Yet Another Markup Language) [46] and JSON (JavaScript

Object Notation) 8. Document-oriented databases are one of the categories of NoSQL

databases that are appropriate for web-applications which involves storage of semi-

structured data and execution of dynamic queries.

Document data-stores are inherently key-value data-stores, but here values are

stored in a structured format providing transparency and enable indexing and look-

up on values. Operation on these data-stores are no more limited on keys only.

Document data-stores enable us to store arbitrarily complex data such as trees, dic-

tionaries, collections very naturally as shown in Figure 3.7. One document can refer

to other documents by referring their object ids, but there is not in-built referential

integrity like relational databases. Like previous data-stores discussed in Section 3.1

and 3.2, document data-stores are not good at handling data containing relation-

ships.

8http://json.org/
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Practical usability of these databases can be guessed by the fact that there are

more than 15 document-oriented databases available, of which widely used are Mon-

goDB [47], CouchDB [48] and RavenDB [49]. CouchDB and RavenDB store data in

JSON format, where as the most popular document database MongoDB stores data

in BSON notation where BSON is Binary JSON that enables binary serialization on

data. Advantage of storing data in JSON or BSON representation is that it is easy

to map object structures of most of the programming languages directly into this

representation, no mapper/translators are required [50].

Use-cases: Blogging systems, Content Management Systems, Real-time analyt-

ics, Mobile applications, Inventory management, Shopping cart and Logging events

etc.

Pros: Powerful indexing, Good at handling complex data structures, In-built

support for Map-Reduce, Schema-less, Scalable, Fast writes, High availability, Shard-

ing Lesser workload on DBA and Suitable for agile development.

Cons: Not good at handling data containing relationships, Data duplication,

No transactional capabilities, Searching and Not good at performing complex trans-

actions.

3.3.1 MongoDB

MongoDB is the most popular document database. It is designed to be able to

face new challenges such as horizontal scalability, high-availability and flexibility

to handle semi-structured data. MongoDB stores data in the form of documents

which are grouped together in collections [51]. Compared to relational databases,

collections correspond to tables and documents to records. Different documents can

have different fields, also any number of fields can be added to a document without

wasting space by adding same empty fields to the other documents in that collection.

Unlike relational databases where every record in a table has the same number of

fields, documents in a collection can have completely different fields.
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> db . Pat i ent s . f i nd ( ) . p r e t ty ( )

{

” i d ” : ”OCLS1326” ,

”Name” : ”P1” ,

”Gender” : ”M” ,

”DOB” : ”18/07/1976” ,

”BloodType” : ”A−” ,

”DrugAl l e rg i e s ” : [

” Asp i r in ” , ” P e n i c i l l i n ”

] ,

# Embedding beg ins here

”Medication ” : [ {

” i d ” : ”Med123”

”Name” : ”Med1” ,

” StartDt ” : ”15/02/2014” ,

”EndDt” : ”17/04/2014” ,

”Freq” : ”2 Times a Day” ,

”Dose” : ”10mg” ,

” S i d eE f f e c t ” : ”Nausea” ,

”Prescr ibedBy” : ”SCL054”

} ,

{

” i d ” : ”Med456”

”Name” : ”Med2” ,

” StartDt ” : ”22/04/2014” ,

”Freq” : ”2 Times a Day” ,

”Dose” : ”10mg” ,

”Prescr ibedBy” : ”SCL130”

} ]

}

> db . Doctors . f i nd ( ) . p r e t ty ( )

{

” i d ” : ”SCL130” ,

”Name” : ”D1” ,

”Gender” : ”M” ,

”DOB” : ”15/08/1971” ,

” S p e c i a l i t y ” : {

”Type” : ”Surgeon” ,

”Area” : ”Thoracic ”

} ,

”Education” : ”M.D. ( Thoracic ) ” ,

” C e r t i f i c a t i o n s ” : [

” Surgery ” ,

”Thoracic and Cardiac Surgery

”

] ,

# Refe renc ing beg ins here

” Pat i en t Id s ” : [

”OCLS1326” ,

”DCMN9101” ,

”LMNH459”

] } ,

”BloodType” : ”O+” ,

”Locat ion ” : {

”Hosp i ta l ” : ” Fo r t i s ” ,

”City ” : ”Mohali ” ,

” State ” : ”Punjab” ,

”PinCode” : ”160162”

}

}

Figure 3.8: Embedding and Referencing in MongoDB

Documents are addressed in the database via a unique key called object id that rep-

resents the document. Both MongoDB and relation databases consist of databases
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so, they can be compared. Inside a database, relational databases contain tables and

MongoDB contains collections. Each row of a table corresponds to one document in

MongoDB. The term index remains same in both. Corresponding to joins in rela-

tional databases, MongoDB provides two options — Referencing and Embedding. As

shown in Figure 3.8, for referencing another document in an document, object id of

that document is used for referencing. Whereas, in embedding approach documents

are nested such that all the information is present at one place only thus eliminating

the need for referencing. Evidently, embedding approach incurs data duplication.

import pymongo

from pymongo import MongoClient

c l i e n t = MongoClient ( ’ l o c a l h o s t ’ , 27017)

db=c l i e n t . HIS

pa t i e n t s=db . Pat i ent s

# Pat i en t s i s the Co l l e c t i o n

db . Pat i en t s . i n s e r t ({ ’ ID ’ : ’ pat201406 ’ , ’Name ’ : ’ John ’ , ’Age ’ : 23 , ’

Contact ’ : ’ 5199918289 ’ })

# In s e r t ed one document conta ing one pa t i en t d e t a i l s on c o l l e c t i o n

Pat ient

l i s t (db . Pat i en t s . f i nd ( ) )

# For l i s t i n g a l l content s o f Co l l e c t i on Pat ient

db . Pat i en t s . en sure index ( ’Name ’ )

# Indexing pa t i en t names

db . Pat i en t s . remove ({ ’Age ’ : { ’ $gt ’ : 18}})

# Remove documents o f a l l p a t i e n t s having age g r e a t e r than 18

p r i n t db . Pat i en t s . count ( )

# Pr in t s number o f documents in Pat i en t s c o l l e c t i o n

Figure 3.9: Interacting with MongoDB in Python
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MongoDB provides searching based on regular expressions on fields and also have

provision of performing range queries. As shown in Figure 3.9, MongoDB allows

indexing on any field, secondary indices are also possible. MongoDB provides high

availability with the help of replica sets. Horizontal scaling is enabled using sharding.

Based on a shard key chosen by user, data is distributed in a collection. MongoDB

can be very well used as a file system, because of its automatic load balancing and

data replication mechanism. Document-oriented databases are most appropriate

for web-applications which require storage of semi-structured data and execution

of dynamic queries. Built-in support for Map-Reduce enables aggregation of large

amounts of data.

3.4 Graph Data-store

Graph database models are applied in areas where information about data intercon-

nectivity or topology is more important, or at least as important, as the data itself.

Graph databases are the best way to represent and query connected data, especially

when size of data is significant [52]. With the mass scale successes of companies

like Google, Facebook, Twitter which employed properietary graph technologies for

their business models, graph databases have gained attention. These databases are

tremendously suitable to model real world data which is highly interrelated. Graph

databases store information that more closely resemble the ways humans think about

data. In graph database modeling, data structures for schema and instances are mod-

eled as graphs. A detailed survey of various graph database modeling is presented

in [53], concentrating on data structures, query languages, and integrity constraints.

A graph database can traverse thousands of edges at a fraction of the cost of

the relational joins because relationships are direct links between nodes [54]. Figure

7.3 shows the three basic components that build and annotates a graph are vertex,

edge and property. Each vertex/node corresponds to entities in relational databases,

where an edge connects nodes to represent relationship between them. Edges are

labeled and directed where label identifies the relationship name and direction adds
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Figure 3.10: Data storage in Graph-based data-store

meaning to the relationship.

In today’s era, we are surrounded with graphs like semantic web, natural sci-

ences, social networks etc. Graph databases allows O(1) access to adjacent vertices

because every element has a direct pointer to its adjacent element. Unlike relational

databases, performance of graph databases do not degrade as size of database in-

creases since the cost of local step remains the same because each vertex serves as

mini-index of its adjacent elements [55]. Queries are performed using graph traversal

techniques. Meaningful patterns emerge when one examines the connections and

interconnections of nodes, properties and edges. Graph based data store is the back-

bone for all social websites.

Due to need of user-driven data it has become difficult to know beforehand what

type of attributes will be needed. Relational databases work on pre-defined schema

and there is no provision for dynamic and ad-hoc data. Almost all the available

graph databases have capability of storing semi-structured information. It does not

require a pre-defined schema which leads to easier adaptation to schema evolution

and ability to capture ad-hoc relationships.

More than 20 graph databases are available of which few are proprietary and oth-
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ers open-source, popular ones are Neo4j [56] and [54]. For these graph databases var-

ious query languages are available [57], Cypher for Neo4j [58], Gremlin which works

for various graph databases [59], SPARQL query language [60] is used to retrieve

and manipulate data stored in Resource Description Framework (RDF) format.

Use-cases: Pattern recognition, Recommendation systems, Navigational sys-

tems, Social networking applications, Spatial data.

Pros: ACID-complaint, Suitable for handling highly interconnected large amount

of data.

Cons: Not good at horizontal scaling especially when related nodes are dis-

tributed across machines.

3.4.1 Neo4j

Neo4j is a powerful graph database written in Java. It has capability of storing

billions of nodes and relationships efficiently and also provides very fast querying

and traversal. It is available under both open source and commercial license. In

addition to Java, Neo4j has bindings available in other languages too like Python,

Jython, Ruby and Clojure. It also provides transactional capabilities and traverses

depths of 1000 levels and beyond at millisecond speed [56].

Graph databases contain deeply connected data. To query this data which if

stored in relational schema will result in joins of high depth. Each join will result

in cartesian product of all potential combinations of rows and then filters out those

that do not match the condition specified in the where clause. For one million users,

the cartesian product of 5 joins will result in huge number of rows. Filtering out all

those records that do not match the query will be very expensive. However Neo4j

visits only those nodes that are relevant to the traversal so it’s performance is not

affected much with increase in data. Though, traversal get slower with increase in

the depth because of the increased number of results that are returned.
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from py2neo import neo4j

from py2neo import Node , Re la t i on sh ip

graph db = neo4j . GraphDatabaseService ( ” http :// l o c a l h o s t :7474/db/data/” )

Pat ient1 = Node ( ”Pat ient ” , ID=”pat201406” , NAME=”John” , AGE=22, SEX=”

Male” )

Symptom1 = Node ( ”Symptom” , ID=”sym2001” , SYM=”Fever” , CRTICAL=”Low” )

Doctor1 = Node ( ”Doctor” , ID=”doc200209” , NAME=”Dr . Stan” , DEPT=”Onco” )

diagnosed by = Re la t i on sh ip ( Patient1 , ” diagnosed by ” , Doctor1 )

t r e a t s = Re la t i on sh ip ( Doctor1 , ” t r e a t s ” , Symptom1)

a f f e c t e d by = Re la t i on sh ip ( Patient1 , ” a f f e c t e d by ” , Symptom)

graph db . c r e a t e ( a l i c e knows bob )

query = neo4j . CypherQuery ( graph db , ”match ( a ) RETURN a” )

p r i n t ( a )

f o r r e s u l t in a :

p r i n t type ( r e s u l t ) # py2neo . u t i l . Record ob j e c t

p r i n t type ( r e s u l t . p ) # p i s a py2neo . neo4j . Path ob j e c t

Figure 3.11: Interacting with Neo4j in Python
Neo4j can be queried through its native Java APIs, SPARQL, Gremlin or using

Cypher query language. Cypher query language is used the most, especially for

Neo4j graph database. Neo4j can also be queried via its shell. Visual editor for graph

databases are also available, namely Neoclipse 9 and Gephi [61]. Neo4j Web Adminis-

tration is the primary user interface for Neo4j, which is available at http://127.0.0.1:7474/

after installation of Neo4j server. Database backup facilities are also provided in

Neo4j enterprise edition 10. Importing data to Neo4j from MS Excel format is also

possible using Py2neo 11 which parses csv (comma separated values) file and load

it into Neo4j database. An example code snippet showing few basic operations of

9https://github.com/neo4j/neoclipse
10Neo4j Manual on Backup http://docs.neo4j.org/chunked/milestone/operations-backup.html
11Py2neo homepage http://py2neo.org
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Neo4j using Py2neo is shown in Figure 3.11.

3.5 Conclusion

Each class of NoSQL database is suitable for different use cases. For example, if re-

quirement is to simply store and retrieve non-transparent data items using key, key-

value data-store like Redis is preferred. If application needs to store records with lots

of attributes, but generally asks for few certain fields and also if the analytical func-

tions are to be performed, column-oriented databases like HBase is recommended.

Whereas, if the value associated with the key is needed to be searched and updated

based on individual attributes within the value, a document database like MongoDB

will be ideal. Storage of friend-of-a-friend type of data will be more natural in graph

database as compared to any relational database, which demands complex joins of

multiple tables. Although there are no fixed rules for mapping system requirements

to each class of NoSQL data-stores, above examples are just a subset of features and

their mappings.

Specialized representation of each data-store is accompanied with specific query

languages. Each NoSQL data-store comes with its own query language and API

bindings with various programming languages like Java, Ruby, Python etc. Learning

query language for each NoSQL data-store is an additional overhead, but at the same

time provides flexibility in querying underlying data in an expressive way. Absence of

a uniform query language to query NoSQL data-stores is one of the biggest hurdles in

quick adoption of NoSQL data-stores. Efforts have been made in this direction, but

are not very successful12, due to diverse nature of these data-stores, their querying

capabilities and query languages.

12UnQL (http://unql.sqlite.org/)



Chapter 4

Data Integration Techniques

Data integration deals with providing a uniform and transparent view of data stored

in multiple, heterogeneous, and autonomous data sources. Various projects have been

developed since late 1970’s for integrating heterogeneous databases. Initially, focus

was primarily on integration of relational databases with legacy data storage systems.

Subsequently, with emergence of object-oriented and XML databases; efforts were

made in the direction of integrating them with relational databases.

Popularity of new class of databases - NoSQL and NewSQL, necessitate the need

of developing application that partially make use of new databases, while keeping

some data in mature RDBMS; hence there is an urgent need for inter-operation

among these databases.

Researchers have designed different approaches and mechanisms for achieving

data integration, employing mechanisms like data-warehousing, mediated schemas,

data-dictionary, knowledge-bases etc., some of them are explained briefly in this chap-

ter. This chapter also discusses systems which combines relational and non-relational

databases.

48
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4.1 Data Integration

Purpose of data integration is to provide a mechanism for binding a group of databases

together [62]. Challenging aspect of data integration process is that the involved

databases are heterogeneous in nature, having different syntax and semantics and

exposing different capabilities. To integrate them as a single unit, pre-processing

at different levels are required. Data integration process consists of two important

activities – constructing a unified query interface and maintenance of integration sys-

tem. Maintenance activity encompasses various tasks related to efficient execution

of queries and handling of change in schemas of used data-stores.

Value of data is increased manifold when disparate data-sets are brought together.

It also increases the availability of data, allowing anyone to retrieve, examine and

analyze the consolidated data. Also, with the availability of wide range of integration

tools, expectations of users have also increased substantially, users are no more lim-

ited to performing simple queries but also performing complex and bulk queries over

disparate data sources. Various issues related to data integration includes expres-

siveness of common data model, expressing semantic correspondences across involved

data sources, resolving semantic conflicts between data sources prior to integration,

query decomposition and translation and optimization [63].

Major obstacle in achieving interoperability among disparate systems is data and

system heterogeneity [64]. Data heterogeneity refers to the different ways of orga-

nizing and interpreting data of various data storage systems. System heterogeneity

refers to differences in data modeling, data definition and manipulation languages,

concurrency control mechanisms etc. Data heterogeneity can be further divided into

– Schematic, Semantic and Intensional conflicts [65]. Schematic conflicts means con-

flicts in data-types, data labeling, data aggregation and data generalization. Scaling

and naming conflicts come under semantic conflicts. While, integrity constraints or

domain conflicts are covered in intensional conflicts [66].

Process of integrating a number of data sources is called source integration, which

is further classified into two classes – schema integration and data integration. In

schema integration, schemas of underlying data sources are joined intelligently to ob-
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Figure 4.1: Types of data integration

tain a common integrated schema, against which queries are performed [67]. Data in-

tegration on the other hand, provides a data catalog which contains data assimilated

from all the involved data sources [68]. Data integration is also called information

integration and it provides add-ons over schema integration by not only integrating

the schema, but integrating the underlying data as well. Undoubtedly, data integra-

tion approach violates the principles of data autonomy and data distribution. As

shown in Figure 4.1, data integration is further decomposed in several sub-areas.

• Structural Integration deals with the problem of structural heterogeneity such

as heterogeneities in data modeling techniques, querying mechanisms etc.

• Semantic Integration resolves semantic mismatches between involved schemas,
which are result of differences in conceptualization of multiple database engi-

neers. Semantic mismatches may occur at both data and schema level.

• Data Reconciliation encompasses data related problems such as object identifi-
cation and data cleaning. Object identification determines the associativity of

objects belonging to heterogeneous data-sources. Data cleaning on the other
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hand take care of the errors encountered during data acquisition. Data clean-

ing problems are further categorized as – invalid data and representational

differences of data.

Lazy Vs Eager Integration

Lazy integration can also be understood as on-demand integration, that is data

from underlying sources is integrated only when the user asks for it through queries.

And only those sources will be integrated which are specifically asked by the user.

During other times, data remain at rest in their respective data sources. In contrast to

reactive approach of lazy integration, eager integration follows an pro-active approach

– data is extracted, cleansed and put at a central place beforehand. All the queries

are then asked against this central data repository.

Answers may be stale in case of eager integration, while in lazy integration, user

always gets up-to-date answers. Query processing is the foremost judging factor here,

in eager integration query processing is done locally at central repository and hence

performs faster and can also fetch results even when data sources are not available.

On the other hand, in lazy integration query processing is slower as data is present

in data sources itself and it may also interfere with the local query processing.

Materialization Vs View Integration

Whether materialized copy of integrated databases is at one place or whether inte-

gration describes the process of query translation where queries are asked against the

view presented to the users, and are then translated into sub-queries of target data-

stores. In materialized approach, a central repository is made a-priori, all queries are

asked against this materialized database [69]. Whereas, in view integration sources

are accessed on the fly that is when query is asked [70]. Materialization provides

better performance, enables local query optimization, eliminates inter data-store

communication and is more reliable. However, initial cost of setting up materialized

integrated database is high and the maintenance is also costly [71].
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Read-only Vs Read-Write Integration

Ideally, data integration systems should provide consolidated access to the data-

sources and allow modifications (delete, update) also. But these modifications have

to be propagated through the integration systems to the data-sources, which neces-

sitates a tight integration of the underlying data-sources and the integration system

[72]. Alternatively, loose integration provides read-only access to the sources via the

integration system thereby maintaining autonomy of the data sources and resulting

in a simpler system [73]. Generally, in read-only integration systems the data-sources

and the integration system belong to different parties.

Data Translation Vs Query Translation

In data translation approach, first a global database which contains unified data

in a common format, collected from all local data sources, is constructed [74]. All

required data is present at same place, hence it becomes easy to execute queries.

Data is duplicated in both local and global databases which leads to wastage in

storage space. For each update performed in local data-stores, global database needs

to be updated as well which causes significant overhead. It is difficult to combine

data present in heterogeneous data-stores into a common format of global database

keeping various constraints present in local data-stores intact. Any addition and

removal of local data source causes a significant overhead to add/remove data from

global database.

Under query translation strategy, a global virtual view is created considering all

local data-stores, although data is present in local data stores only [75]. Global query

asked with respect to global schema (virtual) is translated into local queries by a

mediator. Results, which may be in different formats, are obtained after local query

execution from local data-stores are combined. As compared to above explained

approach, addition or removal of data-store is easier in this alternative.
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Procedural Vs Declarative Mapping

Query translation strategy is further classified on the basis of mapping; procedural

or declarative [76]. In query translation based on procedural mapping, the mapping

between virtual global database schema and multiple underlying databases is done

with the help of procedural functions which include objects from local data-stores

and corresponding objects in the global schema. This approach has been used in

systems like physician workstation at HP Labs[77], Kliesly system [78] and many

more. This approach gives adverse performance if data-stores keep changing. Every

change in data-store introduces changes in procedural functions also.

On the other hand, in query translation based on declarative mapping, a declar-

ative representation specifies the correspondence between objects and operations of

global and local schemas [79]. Query optimizer module will inspect these declarative

mappings to formulate the query execution plan. Declarative mappings are easy to

maintain and reflect changes in underlying data-stores as compared to procedural

mappings. TransFER system use declarative mappings by using an extended version

of relational algebra to define mapping among semantic data model and inherent

relational databases [80].

4.1.1 Multidatabase and Federated Databases

Multidatabases provide integrated access to multiple relational databases, whereas

in federated databases component data sources can be of any type; not necessarily

relational databases [81]. In multidatabases, information regarding distribution of

data sources is hidden from the user, but the system does not hide schemas of

component data sources from the user. Table names are prefixed with database’s

name. Queries and updates are performed in two phases, one at local level, second

at global level [82].

Limitations of multidatabases are –

1. User of the system is supposed to be fluent in SQL and should be aware of how

data is distributed among databases.
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2. Involved databases must be relational databases only.

3. Absence of metadata regarding component databases complicates the process

of query processing and results unification.

Federated systems integrate underlying data sources with respect to both data

model and schema, and the data is aggregated on demand basis [72]. These systems

consist of three layers - Integration, Export and Data. Integration layer provides

unified view of information present in data sources. Each database has its own

export schema which defines how its data will be accessed and viewed. Data layer

compromises of the component data sources. If the integrated schema is defined

by the user, system is called loosely couple federated system, whereas if defined by

administrator it is referred to as tightly coupled federated system.

Two main components of federated systems are federator at integration layer and

wrappers at data layer [83]. Federator is responsible for query decomposition and

distribution and finally aggregation of results. Wrappers support export schema by

mapping the component data models represented by the integrated schema. Benefits

of federated systems are support of ad-hoc queries, provision of fresh and current data

and requirement of a very less additional storage. Disadvantages are low response

time from data repositories and overhead due to translation between various source

schemas and data models.

Mediation systems are very similar to federated systems except that the mediation-

based integration is more light-weight and flexible. These systems primarily support

read only queries. Mediator takes place of federator. Unlike federated systems which

follows bottom-up approach, that is the data sources those need to be integrated

are known beforehand; mediation systems are engineered in top-down fashion [84].

Mediation based integration is explained in more details in the next section.

4.1.2 Mediation based integration

Data integration systems enable users to query multiple data sources without worry-

ing about actual location and format of the data source. Users are free from having
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to locate sources relevant to a query, interact with each one of them in isolation, and

then manually combine data from multiple sources to provide final result to the user

[85]. Queries from user are no more directed to the schema of underlying data sources,

instead are posed on mediated schema. Mediated schema gives a consolidated view

of the disparate data sources to the user. Mediated schema can be constructed either

manually or automatically [86], also its linkage with underlying data sources can be

specified by mappings as GAV (Global-As-View) or LAV (Local-As-View).

Global/mediated schema is defined in terms of data sources in GAV approach,

and local data sources are defined in terms of the global schema in LAV approach.

Any change in local data sources do not affect global schema in LAV because local

schemas are defined as views over the global schema, but query processing can be

complex. On contrary, in GAV since every relation in global/mediated schema is

mapped to a view over source local schema, querying is simple but for each change

in local data source global schema needs to be updated. Detailed comparison of these

two approaches is reported in [62, 73]. Another approach called GLAV (Global-Local-

As-View) that combines the GAV and LAV views together is available in literature

[87, 88]. The difference between GAV and LAV approach of mediation is explained

with the help of an example.

Consider a relational global schema having following relations:

blogpost(Title, PostingTime, AuthorName)

technical(AuthorName)

comments(Title, Bloggers)

The source schema contains 3 source relations namely r1, r2, and r3. r1 stores the

blog details since 2014, while r2 stores comments posted by other technical bloggers

on a post and r3 stores name of all technical bloggers.

r1(Title, PostingTime, AuthorName)

r2(Title, Bloggers)
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r3(AuthorName)

The LAV mapping is given by the following views,

r1(T, P, A) ← blogpost(T, P, A), (P � 2014)

r2(T, B) ← blogpost(T, P, A), comments(T, B), technical(A)

r3(A) ← technical(A)

Whereas, GAV mappings are given as follows:

blogpost(T, P, A)← r1(T, P, A)

comments(T, B) ← r2(T, B)

technical(A) ← r3(A)

Popular implementations of LAV approaches are Information Manifold [89] and

InfoMaster [90], and Systems those make use of GAV for integration are TSIMMIS

[91], HERMES [92] and Garlic [93]. The TSIMMIS data-integration system provides

integrated access via architecture that converts data from each source into a common

object-oriented model. Wrappers (also called translators) provide a common query

language and common data model for extracting information, and also translates

asked query into source-specific query. Wrappers also translates the data received

from each source into common data model.

4.1.3 Data Warehouse

Data warehousing is one of the most common eager integration method where data

from underlying data-sources is integrated in advance into a centralized repository

called as data warehouse. Intended user of the system execute queries against this

data warehouse. Data warehouses are tightly integrated and provide fully materi-

alized solution. It must be noted that since the data is combined from multiple

data-sources, data must be first filtered and translated to be able to finally merge
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Figure 4.2: Data Warehouse Architecture Figure 4.3: Mediation Architecture

into a common database schema, this process is also widely known as ETL (Extrac-

tion Transformation Loading) process [94]. Visibly, data warehousing follows data

translation approach in contrast to query translation approach (followed in mediation

architectures).

Data warehousing approach towards integration is appropriate for scenarios where

specific predictable chunk of data is asked by the client. Also, where the user does not

require current data, but performance of query is given priority. Major research issues

in implementation of warehouse approach is accumulation of data from underlying

heterogeneous data sources, which generally are present in multiple formats, another

important issue is incorporating changes in underlying data sources in the central

data warehouse at regular intervals [95].

Advantages – Advantages of data warehousing approach are largely derived from

the usage of central repository, thereby avoiding problems which are generally en-

countered in distributed systems such as network bottlenecks, unavailability of data
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sources low response time etc. Another important advantage is the absence of incon-

sistencies related to data representation because data from multiple heterogeneous

data sources is translated into a common format before loading.

Disadvantages – Efforts made during the process of translating and merging the

data from multiple repositories to a common database are very high and should not

at all be repeated frequently. Large amount of overhead incurred during the setting

up of data warehouse makes it very difficult to perform any update of data as well

as addition or removal of repository. Data present in data warehouse is mostly stale,

until repository is again updated with involved data sources.

Architecture of a data warehouse is shown in Figure 4.2, which shows that data

from involved data sources is periodically exported into the global data repository

also known as warehouse, which is queried by the user. Contrasting it with mediation

based integration architecture shown in Figure 4.3, data is not exported instead

the query itself is decomposed and then sent to the underlying data sources, after

execution the results are integrated at the mediation layer and presented to the user.

Evidently, in data warehousing approach, efforts are made during exporting and

warehouse creation whereas in mediation approach, efforts are made every time a

query is asked.

4.1.4 Ontology based integration

Ontologies are defined as “explicit specification of a conceptualization” [96], thus

ontologies can be used for stating the semantics of data sources for data integration

purposes. Ontologies can also be used for identifying and associating semantically

correlating concepts from data sources. Ontology facilitates integration process by

providing vocabulary that represents the semantic terms and relationships of a do-

main. In ontology based data integration, objective is to provide access to data

stored in heterogeneous databases through semantic layer formed using the concept

of ontology. Relationships between entities in ontology and data in databases is

stated using semantic mappings, as shown in Figure 4.4. In addition to explicating

the contents of data sources, ontologies have also been used as global query schema
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Figure 4.4: Ontology-based Data Integration Architecture

[97] which provides a more intuitive environment to the user of the system. Ontolo-

gies also plays a very vital role in automatic verification of schema mappings between

local and global schema and vice versa [98].

Ontology based integration architecture is classified into three groups – Single

Ontology, where ontology acts as global reference model in the system [99], Multiple

Ontologies, where each data sources is modeled in an ontology are combined which

require mappings among ontologies also in addition to mappings between ontology

and data sources [100], and Hybrid approach where multiple ontologies are used,

but all of them subscribe to one common vocabulary. Usage of ontology for data

integration has its advantages like – providing a common vocabulary that acts as a

steady theoretical interface, being independent of the underlying database schemas,

language offered by ontology is expressive enough for handling complex queries, and

ontology represents knowledge in sufficient detail so that description of all relevant

data sources can be merged into one common frame of reference.

Another type of integration is Link based Integration, where links are used to

integrate data present in different data sources. This approach is based on point
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and click mechanism and thus the path of links followed make up the information

pertaining to a query [101]. Architecture of link-based integration software is very

simple and physical integration of data is not required. Advantage of link based

integration is its simplicity, model does not demand expertise from the user of the

system. Setting up the system and then updating it only requires creation and

updation of an index. Its disadvantage is also due to its simplicity, since users are

restricted to search only keywords and have to browse multiple web pages manually

to access any required information. Heavy dependence on index is also a disadvantage

because if the initial design of the index is not correct, then possibility of overlooking

of crucial information may occur.

Each of the data integration approaches explain above have its own advantages

and disadvantages. Multi-database approach of data integration has inadequate

location transparency, requiring the end user to be aware about the location of

required data. Federated systems demand that the data sources to be integrated

must be known before-hand as it follows bottom-up approach towards integration.

Data warehouse incurs high overhead costs associated with creation and maintenance

of centralized repository. Ontologies enable semantic integration of heterogeneous

databases with the help of shared vocabulary. All of these integration techniques were

extensively studied using relational, object-oriented and XML databases. Integration

of modern NoSQL data-stores with existing databases is still in its inception.

4.2 Polyglot-Persistence

Data integration follows top-down approach, while polyglot persistence follows

bottom-up approach. In data integration, independent data-sources already exist

functioning autonomously, only when the need to provide an unified view of various

underlying sources emerge, a layer of data integration is incorporated in the frame-

work. Whereas in polyglot persistence, the framework is designed from scratch where

the data storage layer comprises of more than one type of data-store. It is decided

at the starting itself that data of the application will be stored in more than one
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data-store.

Modern applications need to store and manipulate data in multiple data-stores

repeatedly. However, interacting with heterogeneous data-stores is not an easy task

when it comes to managing complex queries such as joins. To make matters worse,

each NoSQL data-store exposes its query language and data model. To rule out

these problems, researchers have proposed several solutions to provide transparent

access to heterogeneous data-stores. Some of the proposed solutions are based on

the definition of a common API while others are based on frameworks able to access

different data-stores.

Also, with the availability of a plethora of NoSQL databases, developers are now

equipped with a range of databases to choose from before starting their application.

Developer may also wish to use more than one data-store in an application depending

upon the specific requirements of the application. An application that makes use

of more than one data-store is called polyglot persistent application [1]. Polyglot

persistence has already been well adopted by organizations like Facebook, Twitter,

YouTube and Pinterest. In polyglot persistent solution, data is distributed across

multiple data-stores therefore, there is no single point of failure as is the case with an

application using centralized RDBMS. Each available data-store comes with its own

strengths and weaknesses, first step towards achieving polyglot persistent solution is

to select data-stores those meet the application’s requirements completely.

Table 4.1 gives comparison of existing solutions which deal with multiple classes of

NoSQL data-stores along with supported data-stores, their querying mechanism, and

implementation approaches. SOS [102] and ONDM [103] allow application to query

data from different NoSQL data-stores but do not support processing of complex

queries which requests data from multiple data-stores. SOS provides CRUD opera-

tions at the level of individual data-store. These operations are provided via GET,

PUT, and DELETE methods. Interoperability among different classes of NoSQL

data-stores is transparent and is provided by accessing them via a common inter-

face. Metamodelling approach has been used for mapping data storage and querying

mechanism of involved data-stores with the common model.

ONDM provides ORM like API based on popular Java Persistence API (JPA) to
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Table 4.1: Detailed comparison chart of existing polyglot-persistent solutions

Integration
System

Supported Data-stores Querying
Mechanism

Approach

SOS [102]

Column: HBase

PUT, GET,
DELETE

Metamodelling : Handlers of
each data-store mapped to
common Meta-Layer

Document: MongoDB

Key-Value: Redis

ONDM [103]

Column: Cassandra Object-
Oriented
API, based
on JPA

NoAM (NoSQL Abstract
Model) [104]Document: MongoDB

Key-Value: Redis

Curé et al.
[105]

Column: Cassandra Bridge
Query
Language
(BQL)

GAV : Mediated (Relational)
Schema and set of mapping
assertions

Document: MongoDB

Relational data-store

Curé et al.
[106]

Column: Cassandra

SPARQL
DL (Description Logic)-based
OBDA (Ontology Based Data
Access)

Document: MongoDB

Relational data-store

Roijackers et
al. [107]

Relational: PostgreSQL
NoSQL
Query
Pattern
(NQP)

Hybrid read-only data-store
combining relational and
non-relational dataDocument: MongoDB

Unity [108]
Relational: MySQL

SQL)
SQL to NoSQL translator, Data
Virtualization

Document: MongoDB

ODBAPI
[109]

Key-Value: Riak

REST API
Unified REST API for
performing CRUD operationsDocument: CouchDB

Relational data-store

CDPort [110]

Column: Amazon SimpleDB

Common
API

Platform independent data
abstraction layer using adaptersDocument: MongoDB

Key-Value: Google Datastore

Proposed
Framework -
PolyglotHIS

Relational: PostgreSQL Native
Query
Language of
data-stores

Mediating Layer, Datalog for
KBoD and JSON for result
unification

Document: MongoDB

Graph: Neo4j
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application developers to interact with NoSQL data-stores. ONDM approach capi-

talizes on common features of NoSQL databases by representing data as collection

of aggregates, few initial activities are thus autonomous of the target data stores.

This approach provides scalability, consistency and performance with the help of its

basic data model – aggregates. In line with JPA, it is heavily influenced by entity

data model, consisting of entities, relationships, and complex objects.

Curé et al. [105] also attempted to combine three classes of data-bases, namely

relational, document and columnar. They represented the global schema by a rela-

tional data model to query NoSQL and relational DBMSs and defined a mapping

language to map attributes of the data sources to the global schema and a Bridge

Query Language to rewrite queries. BQL acts as a bridge between specific query lan-

guage of the involved data stores and the SQL query language which the user uses for

expressing the query. Preferred access paths are stored for each mapping assertions,

which also deal with data conflicts. Instead of data translation, query translation

approach is employed. Data remains at data sources itself, one centralized virtual

relational database is created against which queries are asked in SQL.

In a second step, Curé et al. [106] extended their solution by using Ontology Based

Data Access (OBDA). Additionally, they replaced BQL with SPARQL1. Although

their proposal is promising, it lacks in some functionalities viz. no query optimization

at global level and no complex query execution.

Roijackers et al. [107] proposed a hybrid mediation approach in which they inte-

grate relational and document data-stores. More precisely, documents are logically

embedded inside relational data-stores to form hybrid data-stores queried via the

proposed extended-SQL language called NoSQL Query Pattern (NQP). Reasons for

loading NoSQL into SQL and not vice versa were the maturity and advanced ca-

pabilities of SQL. Unity [108] project is another attempt at unifying relational and

document-oriented NoSQL databases which provides an SQL interface for querying.

Unity automatically translates SQL queries into data store specific query syntax.

Unity virtualization system architecture consists of SQL Query parser, Query trans-

lator, Query optimizer and virtualization execution engine.

1http://www.w3.org/TR/rdf-sparql-query/
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ODBAPI [109] provides a unified REST API for combining relational and two

classes (key-value and document) of NoSQL data-stores. Interacting with multiple

data-stores demands knowledge of API of each of the target data-store. ODBAPI

alleviates this burden by enabling CRUD operations on underlying data-store with

the help of one REST API.

CDPort [110] provides an extensible framework enabling data portability as well

as data exportability among cloud-based NoSQL data stores. A common data model

and API is implemented which eliminates the need to change software code if under-

lying cloud-based storage model is changed. CDPort also significantly reduces the

work demanded for migrating data from one storage solution to another, especially

within different classes of data stores. The tool is extensible to support other than

the already supported three data-stores - Amazon’s SimpleDB, Google Datastore

and MongoDB by creating new adapters for the target data-store. Other similar

projects which deal with the issue of interoperability in cloud storage systems are

moSAIC [111], Cloud4SOA [112] and MODACLOUDS [113].

We have developed an intelligent information integration solution–Polyglot Health-

care Information System (PolyglotHIS) which uses multiple data-stores [114].

The rationale is to select the most appropriate data storage technology that meets the

specific requirements of each module of HIS. Our approach is novel in the way vari-

ous data-stores are integrated. Apart from NoSQL data-stores, multiple co-operative

agents are also employed. The system also makes use of Datalog for integrating these

data-stores. Datalog which is a declarative logic programming language used to store

set of facts and rules, helps in the storing and inferring of the capabilities of data-

stores used in the PolyglotHIS.

Biggest hurdle in the integration of NoSQL data stores is the support of different

query languages for each data store. Attempts have been made by the researchers to

develop a common query language which can query as many NoSQL data-stores as

possible. Valer et al. [115] proposed a solution that maps data from various NoSQL

models to XQuery and XPath Data Model (XDM ) which can further be queried using

XQuery. UnQL [116] is a superset of SQL and supports JSON document structure

containing collections and documents. Another attempt towards standardizing query
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language for NoSQL databases is JSONiq [117], which is a XQuery based language

for JSON. JSONiq is superset of XQuery and primarily supports MongoDB and

CouchDB.

In [118] Debashish Ghosh proposed an multi-paradigm database architecture that

uses multiple NoSQL data stores for different modules in an application to store the

data closer to its representation and usage. In addition to usage of multiple frontal

data stores, proposed solution used relational database as centralized underlying

storage for generating reports, execution of batch processes and other work. Rela-

tional database is synchronized with other non-relational data stores with the help

of asynchronous message passing, which being asynchronous leads to attainment of

eventual consistency. Asynchronous updates does not limit scalability and availabil-

ity. But, Eventually consistent solution is not acceptable to everyone. For example

banking applications requires data to be ever-consistent.

Medical database integration will lead to overall development and well being of

human in addition to benefits provided to medical/research organizations. Inte-

gration of bio-informatics will serve as back-bone to research of 21st century’s life

sciences. Integration of the medical data is vital for improvement of patient care,

biomedical research, working of medical organizations and public health overall [62].

Heterogeneous database integration in context of hospital information systems

(HIS) have been extensively studied in literature [119]. Hitherto work in using mul-

tiple data-stores in HIS contemplated integration amongst multiple relational data

sources and later on also considered object-oriented and XML data sources. Each new

technology up-brings new prospects of improving the existing work. Analogously,

NoSQL data-stores have also clinched popularity in coherent storage of health-related

data. Use of individual NoSQL data-stores for implementation of specific use-cases

have already been studied in the literature.

The performance of NoSQL, XML-enabled and native XML databases for storage

of structured clinical data have already been compared[2]. NoSQL data-store was

discerned advantageous in terms of query execution time, while XML databases pro-

vided better flexibility and extensibility. XML databases have been proven to store

EHRs better than relational databases [120]. In [2] authors compared performance of
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NoSQL, XML-enabled and native XML databases for storage of structured clinical

data.

MongoDB have been used for storage of ethnomedicinal data available in multiple

sources [121]. Support for flexible schema in MongoDB empowered incorporation of

both standard and customized ethnomedicinal plant data format. Another NoSQL

data-store, columnar database HBase exhibited proficiency for storage of EHRs using

distributed storage model [122]. Hybrid approaches have also been advocated, e.g.

the use of hybrid row-column two-level database for storage of DICOM files which

stores regular information about patients, as well as images and videos have been

recommended [123].

Jiang et al. [124] have implemented an polyglot-persistent framework involving

both structured and unstructured data to manage voluminous and diverse nature

of data generated by sensors and RFID readers. Data was distributed among file

repository, MySQL and MongoDB. In another work, pyEHR is a toolkit for develop-

ing scalable health-care data management system using MongoDB and ElasticSearch

[125].

Integrating data from disparate clinical data sources is an enduring research topic.

Emergence of NoSQL databases have generated much excitement and interest in the

bio-informatics research community. Concept of polyglot persistent application is

still in its inception and to the best of our knowledge have not been implemented

in context of healthcare information systems. Although, few systems have been pro-

posed recently that store data in (and query from) multiple data-stores. Stonebraker

[126] presents the problems and the limits that a user may encounter while using

NoSQL data-stores. These problems derive from the lack of standardization and the

absence of a unique query language and API, not only between NoSQL data-stores

but also between relational data-stores and NoSQL data-stores.
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4.3 Conclusion

Data integration deals with combining data present in multiple homogeneous or

heterogeneous data sources, enabling user to query underlying data-sources from a

unified view. Two popular approaches for achieving this are data-warehousing where

data from all the sources is transformed into a common format and physically loaded

into a single database, and mediated schema where data resides in the data-sources

while user can pose queries against a Global Virtual View (GVV) which provides

a integrated, virtual view of the underlying sources. Data-warehousing approach

incurs overhead during assimilation of data into a uniform format, especially while

dealing with heterogeneous data-sources. Addition or removal of data-sources result

in updation of complete data-warehouse, again an intimidating task. Query pro-

cessing is however very efficient since all the data is present at one place and in an

uniform format.

Query processing in mediated schema involves various steps starting from de-

termining the required data-sources, query decomposition into multiple sub-queries,

sub-queries execution at underlying data-stores, and finally result unification. Other

components worth mentioning are - Query planning and query optimization. Addi-

tion or removal of data source is easy and data present in autonomous data-sources

in multiple formats need not to be converted into a uniform format. Data is queried

in-place.

In this chapter, we discussed various data-integration techniques accompanied

with advantages and disadvantage of each of them. We also discussed the polyglot-

persistence approach towards application development where more than one type

of database is employed for data-storage purposes. The essence of this approach is

to use the best data-base according to the storage and query requirements of each

module, which may lead to use of many databases within an application. The advent

of NoSQL databases have undoubtedly increase the options available to the developer

community to chose from. In next chapter, we have presented the architecture and

components of our system – PolyglotHIS which makes use of three different data-

stores.



Chapter 5

Proposed Multi-paradigm
Framework: PolyglotHIS

Persistence needs of applications are shifting from mostly relational to a mixed data-

stores paradigm. Various modules within an application should preferably use differ-

ent data-stores to model data closer to its semantic usage. Hence nowadays use of

hybrid data-stores is emerging as a viable solution.

Amalgamation of different databases within an application is known as Polyglot-

persistence. Pre-requisite for achieving polyglot- persistent solution is the availability

of different types of databases. As late as 2005, relational databases ruled as the

de-facto databases but now their reign is challenged by the advent of non-relational

databases known as NoSQL data-stores, making Polyglot Persistence possible.

This chapter presents the detailed architecture of proposed framework – Poly-

glotHIS which relieves the end-users from interfacing with each involved data-store

individually. We have considered Healthcare Information System (HIS) as a case-

study, as it deals with variety of data corresponding to various departments in the

hospitals. Thus justifying the need of polyglot persistent solution.

68
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5.1 Introduction

Any practical multi-platform software assimilating data of different formats and hori-

zons demands different querying modes. A software which make use of more than

one type of data-store is called polyglot persistent software. This term was proposed

by Pramod Salvage and Martin Fowler [1] and takes its origin from the term polyglot

programming, which is refers to a software which uses more than one programming

language. Overhead of polyglot-persistent solution lies in execution of queries that

require data from more than one data-store to give complete result, because there

is an impedance mismatch between various data stores in terms of data structures,

granularities, query languages, backup and restore strategies [127].

By choosing appropriate data-store and using its benefits to store data which it

handles best, overall improvement in performance can be achieved [128]. To get data

from different data sources, one needs to first learn different user interfaces and then

cross-reference these data sources. Data sources contain lot of useful information,

but due to unavailability of uniform/integrated interface to query across them, lots

of questions remain unanswered. Following steps to used to implement a polyglot

persistent solution

1. Identify use-case and analyze the requirements : Is polyglot persistent solution

really required?

2. Literature survey of existing database solutions : Which databases to chose to

store the data in hand?

3. Architecture and integration approach : Which integration approach to use?

First the requirements of software are analyzed thoroughly and if the application

deals with variegated data only then an implementation of a polyglot-persistent

solution is planned. Planning is required because polyglot-persistence comes with a

cost and hence must be adopted only if utmost necessary. Once decided to implement

the polyglot persistence the most important step is to choose which databases to use

for various modules within an application. This decision is getting tougher day by

day with the availability of large number of choices in data storage solutions [129].
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Various research papers and blog posts have given very well observed compari-

son of well known databases [130–134]. They must be studied carefully and specific

requirements of each module are then mapped to different data-stores. Chapter 3

has presented a detailed study of all four classes of NoSQL data-stores together with

one popular data-store implementation of each class. We have also presented how

each of the data-store that can be queried and manipulated using Python program-

ming language. The final step that is selection of the integration strategy, has been

discussed in Chapter 4 by explaining various possible integration solutions.

Polyglot-persistent softwares are gaining popularity and are being adopted for im-

plementation in various fields [135]. Researchers have proven the success of polyglot-

persistent software development methodology over traditional method of using one

database only in context of health-care [136], energy data management system [137],

energy consumption control [138], LAIS (Library, Archival and Information Services)

[139], digital forensics [140], biometrics domain [141] and geo-spatial big data man-

agement [142].

Functionality of the implemented polyglot-persistent framework – Polyglot Health-

care Information Systems (PolyglotHIS) can be described with the help of following

steps: (a) end-user (doctor/nurse) submits a query to the integrated system, which

may require data from more than one underlying data-stores; (b) mediation layer

composed of various co-operating agents processes the user request and determines

how to split the asked query into sub-queries each pertaining to a different data-store;

(c) sub-queries are executed on the underlying data-stores and individual results are

returned to the reducer agent; and (d) results are merged and shown to the user in

a desirable format by the graphical interaction agent.

5.1.1 Polyglot-persistence in Healthcare Data Management

With the extinction of paper-based record keeping hospitals, data management is no

more an optional component of healthcare systems, rather it is now regarded as spinal

chord of these systems. One visit of a patient to a healthcare organization or a stay

at hospital generates thousands of data elements like new clinical record, diagnosis,
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medications, lab results, billing and so on. In 2012, worldwide estimated digital

healthcare data was around 50 petabytes and is expected to reach 2,500 petabytes

in 2020 [143]. This Voluminous data is accompanied with Velocity (real-time data

streaming) and Variety (semi-structured EHRs). Markedly presence of 3 V’s of big

data in healthcare has marshalled the notion of healthcare big data [144]. Like an

e-commerce website that predict ‘you might also like’ products for its customers,

clinical institutions can also tap healthcare big data to provide better facilities to

their patients.

In unison, it is absolutely necessary to store the clinical data in its entirety to

be able to later deduce useful information from it. Storage of health-care data as a

whole is vital for patient himself as well as for other patients of same age and gender

or having same symptoms or diagnosis for reference. However one should be careful

that the system must be adopted as a whole and not on a piecemeal basis as the

absence of even a small piece of information could lead to wrong results and could

prove disastrous for the patients and the reputation of the hospital. For example, if

information about smoking habit of a patient diagnosed with kidney failure is not

stored in the system, the system may not infer the cause and effect relationship. This

can lead to misleading results which can play havoc with the life of the patient and

in-turn give bad name to the hospital.

Researchers have proved that non-relational databases are more suitable for mod-

eling and storing clinical data present in Electronic Health Record (EHR) in com-

parison to relational databases [122, 145, 146]. An EHR is a patient record created

by organizations like hospitals and clinical centers. EHR stores basic information

as well as complete profile of a patient including medical history of patient’s family

and patient’s life style. EHR also stores symptoms, diagnosis and suggested/on-

going treatment for each visit of the patient [147]. Relational databases are good at

storing structured data, whereas EHR is predominantly semi-structured. Querying

capabilities of a health-care information system includes interactive queries that pro-

vide assistance to the doctors in reaching to a conclusion in the form of treatment,

after analyzing patient’s symptoms and profile. We can also look out for treatment

effectiveness by reviewing EHRs of a large number of other patients [148].
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Figure 5.1: Architectural Overview of PolygotHIS (Proposed System)

Health-care information systems support interactive queries as well as analytical

queries. They also embody data about symptoms, diagnosis, various possible treat-

ments, medicine drug composition, doctor’s specialty, besides data about various

procedures and activities of a health-care information system. An ad-hoc query ask-

ing for side-effect of a particular medicine may involve multiple conditions: type of

cancer “Lung Cancer”, specific medicine “Med2”, side-effect “Hair Loss”. For exam-

ple, due to availability of detailed information about patients and their treatments:

1. It can be deduced which treatments are effective on patients or group of pa-

tients.

2. Decision regarding diagnosis and treatment will be automated, supported by

analysis of previous data.

3. It will also help in mitigating any unintended mistake in diagnosis or treatment.

Pre-eminent solution for implementing HIS is to combine several disparate database
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solutions in-line with data storage needs. We are hereby proposing a polyglot-

persistent solution for managing the big data of HIS – PolyglotHIS . This polyglot-

persistent application uses several database technologies to achieve an amalgamated

solution. PolyglotHIS use one relational (PostgreSQL) and two NoSQL data-stores;

graph(Neo4j) and document(MongoDB). NoSQL data-stores have been used for stor-

ing semi-structured data such as laboratory images and un-structured data such as

patient-doctor interaction report, where as relational database is used for storage of

structured and financial data.

The coalition of data-stores in PolyglotHIS is not arbitrary, instead it is well

planned out with the careful selection of data-stores. As depicted in Figure 5.1 each

of the involved data-store has its own specific advantages. Relational data-stores are

preferred for data pertaining to financial transactions, since they adhere to ACID

properties. Employees’ payroll data, patients’ billing information and financial com-

ponent of pharmacy department are handled by relational database – PostgreSQL.

In the next section the architecture and underlined components of the proposed

PolyglotHIS have been presented in order to have a better insight of the system.

5.2 Architecture and Components

Today healthcare industry is at its wits’ end to store variety of data ranging from

individual patient/doctor information to patients’ medical history including various

clinical results. HIS is used to structure this voluminous and disparate stream of

data. HIS are multifarious in nature and thus can be best implemented by using

multiple data-stores because one database definitely does not satisfy all the storage

requirements of such complex applications.

Instead of forcing all types of data to fit in row-column format of relational

databases, it is proposed to use multiple data-stores; each storing and representing

data closer to its actual representation and usage. Though different departments in

hospital deal with diverse type of data and hence require to deploy distinct data-

stores. PolyglotHIS free the end-users from interfacing with each data-store individ-
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Figure 5.2: Detailed architecture of PolyglotHIS (Proposed System)
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ually by facilitating through a uniform query interface facade. Key facet of proposed

approach is the use of co-operative multi-agent architecture, together with the use

of Datalog for declarative specification of the contents and querying possibilities of

underlying data-stores while also assisting the query planning module in trimming

trivial data-stores for a query.

The broad goal of PolyglotHIS is to enable access to heterogeneous data-stores,

while insulating user from the information pertaining to location and querying mecha-

nisms of underlying data-stores. The simple approach is to construct a global schema

that contains snapshot of information present in all data-stores, against which user

will pose queries. However, this approach is not free from its associated problems —

difficulty in integration of heterogeneous data from multiple and different sources,

difficulty in adding new or removing existing data source and requirement of reformu-

lation of the global schema to incorporate any updates in the underlying data-stores.

In place of data translation, PolyglotHIS employs query translation mechanism,

thus eliminating the need of global schema. Query translation has advantages in

terms of flexibility, scalability and dynamic query execution. Dynamic query execu-

tion takes into account current circumstances such as unavailability of any data-store

or addition of a new data-store [149].

The various components underlying the proposed architecture are presented in

the next subsections.

5.2.1 Agents

Inter-operation between involved data-stores having different semantics, representa-

tion and querying mechanisms has been achieved in PolyglotHIS with the help of

various agents. Agents are software entities which, using artificial intelligence tech-

niques, choose best set of activities to be performed for reaching a particular goal

as desired by the user [150]. Agents possess important properties like reacting in a

timely fashion, adapting to dynamic and unexpected changes, working autonomously,

following proactive approach and having ability to communicate with users and other

agents. Intelligence of agents is contributed to their reasoning and learning capabil-
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ities. Communication between agents is done using Knowledge Query Manipulation

Language (KQML) [151]. Agents have already been widely used in integration sys-

tems, especially for enhancing automation [93, 152]. As shown in Figure 5.2, each

agent is designated specific task as detailed below.

Query translation approach along with declarative mappings have been used in

PolyglotHIS. Query translation takes care of translating query asked using query

interface facade into equivalent set of local queries, in specific query language of

corresponding data-store. Data is stored in heterogeneous local data-stores. Results

obtained from underlying data stores are transmitted to the mediator layer, where

they are transformed and combined to be presented to the users or application.

Information stored in mediation layer, also called meta-information, is utilized

to divide the global query asked against the common GUI, into multiple sub-queries

each asking data from relevant data stores. This meta-information is accessed every

time to generate specific local queries. Maintenance of meta-information is very vital

for correct working of the PolyglotHIS.

The various types of agents have been presented below:

5.2.1.1 Graphical Interaction Agent

Graphical User Interface (GUI) of PolyglotHIS involves multiple dynamically gener-

ated drop-down menus based on querying capabilities of the involved data-stores. It

serves as an entry point to the PolyglotHIS with the usage of REST API and also

acts as an interface to perform CRUD operations on the data-stores. Aggregated

results have also been shown to the user via this agent. Interface has been designed

to be simple and easy to use by the users. GUI acts as the front end of the system

and let the user query put up a facade over multiple data-stores providing required

transparency. Information is presented to the potential users from user’s point of

view and not in the system’s language. Tasks required for navigating through the

interface match with real life scenarios for providing a natural flow of actions. Ap-

propriate validations are present when and where required, prompting the user with

suitable error messages to correct any error. A minimalist design strategy was fol-
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lowed to avoid any unnecessary distraction to the user from the task at hand by

avoiding irrelevant and extraneous information.

5.2.1.2 Data-store Apropos Agent

Data-store apropos agent is the primary entry point into the mediation layer of

the system and is responsible for determining on-the-fly which data-store(s) is/are

required for answering the posed query. This agent performs data-store selection

dynamically and identifies the data-stores required to answer the query. It is also

responsible for verifying syntactic and semantic soundness of the query. Provision

of drop-down driven menus in GUI limits user to ask specific queries but in turn

churns out any invalid query posed by mistake by the user of the system. Required

attributes asked by the user are passed on to apropos agent to determine what is to

be fetched and from where.

Data-store apropos agent takes input from Datalog Agent and provides processed

output to the Query Planning Agent. Primary role of apropos agent is to understand

the query entered by the user via GUI and check it for syntax and semantics i.e.

whether the asked query is feasible to be fetched from the data available in data-

stores. The semantic description of data-stores is expressed in form of Datalog facts

and rules in KBoD, hence datalog agent retrieves the relevant details pertaining to

the query, ascertaining its semantic validity.

5.2.1.3 Datalog Agent

Data-store apropos agent works in conjunction with Datalog agent, which asks for

the required information from KBoD in the form of Datalog queries. Key obstacle in

answering the queries over a collection of data-stores is that the system must under-

stand and utilize the relationship amongst their contents. Meta-data management

also assist the system in pruning of data-stores that are not required to answer a

specific query. Declarative specification of contents and querying possibilities of un-

derlying data-stores is done using Datalog, which also helps in generation of query
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execution plans [153, 154].

Datalog is a nonprocedural query language based on the logic-programming lan-

guage Prolog [155]. Schema and capabilities of underlying data-stores are exposed to

the mediation layer with the help of Datalog facts and rules stored in KBoD which

are queried with the help of Datalog agent. Information thus provided by the Datalog

agent is utilized for formulating query plans by the Data-store apropos agent.

Datalog extended with skolem functions in the head of rules to handle existentially

quantified variables is used in the areas of data exchange and integration, due to

resemblance between Datalog rules and GLAV schema mapping mechanisms [154].

Inverse rules algorithm have also been used in integration across multiple source

schemas by helping in reformulation of queries against target schema [156]. Existing

integration systems that make use of Datalog are Information Manifold [89], Clio

[157] and Orchestra [158].

5.2.1.4 KBoD

In order to collaborate amongst the heterogeneous components of a federation, a

common model for describing the sharable data must be established. This model

must be semantically expressive enough to capture the intended meaning of the con-

ceptual schemas that may reflect several kind of heterogeneities. Further, this model

must be simple enough to understand and implement. KBoD stands for Knowledge

Base of Data and it basically stores semantic description of the contents of each mem-

ber data-store. It determines where to look for while answering a particular query.

Pruning the data-stores not required to answer a specific query is also determined by

KBoD. One possible way of constructing KBoD is to store complete semantics of the

relationships amongst schemas of all underlying data-stores, using a typical expres-

sive language. In the proposed system, non-procedural query language – Datalog

has been used to implement KBoD [153]. Information thus provided by the Data-

log agent is utilized for formulating query plans by the Data-store apropos agent.

There are several issues in the creation and maintenance of KBoD, such as How to

create it? Is master schema updated every time schema of any underlying data-store
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changes? How information regarding various existing relationships between multiple

data-stores is acquired?, which have been explained in detail in Chapter 6.

5.2.1.5 Schema Extraction Agent

Schema extraction agent creates the KBoD in the form of Datalog facts. Extracting

schema from schema-less data-stores is one of the most important contributions of

this agent. Relational databases are structured databases with mostly fixed schemas

that can be easily expressed in any formal model. Expressing schema of NoSQL data-

stores is achieved through Datalog. This agent is run first in the whole architecture

shown in Figure 5.2 because it is responsible for creating the knowledge base. Then

it is run sequentially on all the involved data-stores to build up the Datalog facts.

Database administrators then manually intervene to create set of Datalog Rules so

that information expressed in form of Datalog facts can be further mined to create

new set of Datalog facts.

Extracting schema of structured relational databases is quite trivial. Also, rela-

tional databases being matured and used by industry for so long, there are many

APIs as well as mechanisms available to express the schema in logic programming.

But the same does not prevail for the non-relational databases attributed to their

schema-less nature and relative novelty. In order to address this issue, we have de-

signed and implemented a few algorithms to extract and represent the schemas of

MongoDB (Document-oriented) and Neo4j (Graph-based) databases.

5.2.1.6 Query Planning Agent

Apropos agent provides the details of data-stores and specific relation/node/doc-

ument to be queried, to the Query Planning Agent which is responsible for con-

structing best plan for retrieval of data by dividing the query into sub-queries and

determining the order of their execution. This component determines how relevant

data-stores (identified by apropos module) must be queried in an orderly manner

to deduce the desired result. It constructs a plan for data retrieval. Query planner
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follows the divide and conquer approach to answer a complex query seeking data

from multiple data-stores, dividing the query into a series of sub-queries.

For a given query, multiple query plans are possible. To decide the suitable and

efficient plan amongst these possible query plans, Query Planner considers various

parameters such as overhead of retrieving intermediate results, storing and joining

them to produce final data. Besides, the query plan should exploit parallelism if

multiple data stores are involved in answering the query, so that sub-queries can be

issued concurrently.

5.2.1.7 Learning Agent

Learning agent empowers the query planning agent to find the least expensive query.

This plan is derived by execution of previous query plans. Each generated query

plan is cached and used for learning by the intelligent information agent based on

query performance metrics such as intermediate result storage, total time taken for

planning and execution etc. With execution of each query, system is able to learn

new rules. These learnings are remembered by the system and looked upon for

future queries by embedding this learning into the rules stored in KBoD. It can also

optimize the query plan, based on previous query plans and their performances. To

make this possible, history of the executed query plans needs to be stored.

Each executed query follows a query plan generated by the query planning agent.

This plan is stored in KBoD along with the information received from reducer agent

in the form of Datalog rules on top of Datalog facts already stored in the KBoD.

Learning of the system is enhanced by execution of each query dealing with under-

lying data-stores in different manners. Knowledge thus acquired is then fetched by

Learning Agent to generate an optimized query plan by the Query Planning Agent.

5.2.1.8 Query Mapping Agent

Query plan produced by Query Planning Agent is provided to Query Mapping Agent

to map different parts of the query onto the specific target data-store. PolyglotHIS
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consists of more than one data-stores, making the role of mapping agent very crucial.

Mostly parallel execution of queries is handled by this component. Order of execution

of various sub-queries is also an equally important function of this agent. Ordering of

sub-queries plays a very important role in achieving an overall efficiency. Especially,

in case of query required to perform join operation, order of joining output of one

data-store with another is critically important to plan. Therefore mapping agent

plays a very significant role in distribution and execution of the queries.

5.2.1.9 Translators and Partial Result Storage

Translators act as mediators between PolyglotHIS and intrinsic data-stores. Trans-

lators receive query written in PolyglotHIS query language, and translate it into

required query language of the target data-store. PolyglotHIS is made up of hetero-

geneous data-stores, each having its own query syntax. More specifically, PostgreSQL

uses SQL, while MongoDB uses its own MongoDB query language and Neo4j uses

Cypher query language. Existing query builders1 of PostgreSQL, MongoDB and

Cypher are used during the process.

Intermediate data generated by queries is stored in Partial Result Storage. For

queries using ‘join’ which require data from multiple data-stores, this type of storage

is very essential. Results obtained after query execution are accumulated temporarily

in the partial result storage component, that are then passed on to Reducer Agent

for joining them and providing it back to the user interacting via GUI.

5.2.1.10 Reducer Agent

Reducer agent combines results thus obtained from underlying data-stores available

in partial-result storage. Results of various sub-queries are reduced to final result

pertaining to one complex query posed by the user at the query interface facade. In-

tegration of results is possible due to availability of JSON format supported by all the

involved data-stores. JavaScript Object Notation (JSON) is a human understand-

1www.npmjs.com/package/
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able text used for data transmission generally stored or transmitted as attribute-value

pairs. It has been derived from JavaScript2. JSON is highly compact, faster, gets

easily loaded into JavaScript and efficient to parse. Results combined by the Re-

ducer Agent are then put up at the GUI for reference of the user. Reducer agent

also provide the statistics pertaining to each query to the Learning Agent for query

optimization purposes.

It is also worth noting that DDL (Data Definition Language) queries affect the

schema of the database. Changes in the schema must be updated in KBoD for

successful execution of upcoming queries. DDL queries are propagated both ways,

towards KBoD for updating master schema as well as updating Datalog rules and

underlying data-stores for making the physical changes in the schema. In contrast,

DML (Data Manipulation Language) queries update only data present in data-stores.

DDL (Data Definition Language) queries affects the schema of the database. Changes

in schema must be updated in KBoD for successful execution of upcoming queries.

5.3 Conclusion

In the present scenario a number of options are available to user in terms of data

storage and maintenance. One may choose between various relational and non-

relational data-stores available. But with the growth of ever complex data and the

need to store them optimally, has led to the problem of integrating various data-

stores required for storing the data of an application. This can be achieved in many

ways. The most feasible way is to store the data of all data-stores in a common

format at the background that is understandable by all the data-stores. Here, JSON

provides an solution by supporting a format which enhances this interoperability

amongst various data-stores.

Polyglot persistent solution takes leverage from highly specialized solutions. Un-

doubtedly, the overall complexity of the system increases as there is impedance mis-

match between various data-stores in terms of the data modeling and the query

2JSON (http://www.json.org/fatfree.html)
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languages. However, the proposed solution is advantageous because of its ability to

store the data according to its usage thereby simplifying the overall programming

model.

HIS is a multiplex system dealing with multitude of data and is thus best imple-

mented using multiple database paradigms. Different departments in hospital deal

with diverse type of data and hence deploy diverse data-stores. Proposed system

empowers integration of these disparate data-stores by providing a uniform query

interface facade. Key facet of proposed approach is the use of Datalog for declara-

tive specification of contents and querying possibilities of underlying data-stores that

also assist the query planning module in trimming trivial data-stores for a query.

Query translation approach along with declarative mappings have been used in

PolyglotHIS. Query translation takes care of translating query posed to query in-

terface facade into equivalent set of local queries, in specific query language of the

corresponding data-store. Data is stored in heterogeneous local data-stores. Re-

sults obtained from underlying data stores are transmitted to the mediator layer,

transformed and combined to be presented to the users or application.



Chapter 6

Design and Maintenance of KBoD

Integration systems that consist of schema-less data-stores like PolyglotHIS face strin-

gent task of extracting schema from schema-less data-stores. Queries asked against

PolyglotHIS may require data from more than one data-stores, hence it is of utmost

importance to first determine which data-stores are required for each query. For de-

termining this, schema and source capabilities of underlying data sources must be

stored in a query-able format.

In PolyglotHIS, schema and capabilities of underlying data-stores are exposed to

the mediation layer with the help of Datalog facts and rules stored in KBoD which

are queried with the help of Datalog agent. Information stored in KBoD is utilized

to divide the global query asked against the common GUI, into multiple sub-queries

each asking data from relevant data-store. KBoD is accessed every time to generate

specific local queries. Maintenance of KBoD is vital for correct working of an inte-

gration system. This chapter provides preliminaries for understanding Datalog and

how Datalog facts and rules are used to express schema of the involved data-stores.

84
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6.1 Introduction

Queries posed to PolyglotHIS are reformulated into queries to be asked from multiple

individual data-stores. Global query is reformulated into an equivalent set of local

queries expressed on the local schemata. The data sources store the real data, while

the PolyglotHIS query interface provides an integrated and virtual view of under-

lying sources. Proposed system retrieves data from multiple sources by performing

following tasks — (a) for a given query, determine which data attributes are to be

retrieved from which data source, (b) translate the uniform query into data store

specific query, (c) execute queries, (d) unify obtained result and finally (e) present

it to the user. Information stored in KBoD also called meta-data, is utilized to di-

vide the global query asked against the common GUI, into multiple sub-queries each

asking data from relevant data-stores.

Information stored in data-stores is described logically in the form of views. In

literature, multiple approaches for providing integrated view of disparate heteroge-

neous data sources have been discussed, most popular are LAV (Local-As-View),

GAV (Global-As-View) and GLAV which is hybridization of GAV and LAV, also

known as TGD (Tuple Generating Dependencies) [159]. In all these approaches,

user pose queries to one global mediated schema. Major difference between these

approaches is in the way data sources are presented in the global schema. We have

considered LAV approach in our architecture, where the decisions about intercon-

nection of data-stores and unification of their data are done during query execution.

Mechanism employed for storing description of data-sources must have following

properties, in addition to the storage of schema:

1. Ability to find data-sources relevant to a query

2. Express relationship among data-stores (to enable pruning of irrelevant data-

sources)

3. Addition or removal of data-sources dynamically and easily

Datalog has recently been used in the areas of data exchange and integration,

which is due to resemblance between Datalog rules and GLAV schema mapping
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mechanisms [154]. KBoD is the brain of PolyglotHIS as it stores the information

pertaining to the schemas of the under-lying data-stores in form of Datalog facts

(IDBs) and Rules (EDBs). Each datalog rule corresponds to a conjunctive query.

Datalog consists of “if-then” rules consisting of facts, where facts are atomic state-

ments that always hold true. One or more facts together comprise a Datalog Rule,

which corresponds to Formula in propositional logic. A Datalog rule consists of a

head and a body and every variable in the head must appear in the body. Name of

facts and rules as well as arithmetic symbols are called predicates, whose arguments

can be variables or constants. Logical variables begin with capital letters, whereas

constants can be identifiers or string literals.

Fact-base stored physically on hard disk or memory is referred to as Extensional

Database (EDB). Datalog is a rule-based query language which primarily focuses

on the rules, making the rule-base inherent to it, thereby named as Intensional

Database (IDB). Unlike relational model which can express only facts also known as

Extensional Database (EDB), Datalog model can also express Intensional Database

(IDB) via Datalog rules. IDBs make use of existing EDBs to define new rules, thereby

increases expressing power of Datalog. Existing integration systems that make use

of datalog are Information Manifold [89], Clio [157] and Orchestra [158].

Prolog is also a logical language but Datalog is different from Prolog in the

following aspects: Datalog requires that the variables appearing in the head of a

clause must also appear as positive literals in the body of the clause; it restricts

the use of recursion and negations abiding to stratification; it also mandates that a

negative literal in the body must have the same positive literal appearing in the body

of the clause besides it does not allow complex arguments in predicates. Datalog

is a vast language and can be understood well by having prior knowledge of its

background and basics of its successors. This chapter discusses First Order Logic,

its representation, formal syntax, meaning and interpretation. An introduction to

deductive databases is also presented, followed by the introduction to Datalog and

its basic constructs. Relationship of established relational algebra with Datalog is

also discussed in later sections.
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6.1.1 First Order Logic (FOL)

FOL is considered to be the successor of predicate logic with an additional descriptor

– Predicates in its syntax [160]. Everything is interpreted as either True or False.

Formula and predicate are the basic constructs of FOL syntax. For instance “Hector

is a frog” is a valid FOL statement where “is a” is predicate and “Hector” and “Frog”

are terms. Terms can be of three types:

• Variables : Example- X, Y, etc. They are further quantified into two categories:-
Universal quantification: Applicable for all valid substitutions.

Particular quantification: Also called existential quantification and is ap-

plicable for at least one valid substitution.

• Objects or Concepts : Constants like Hector, Frog, 1, etc.

• Functions : Composed of other terms.

First order language is often written formally in form of a Quadruple. The basic

signature of FOL is given by:

L = (Γ,Ω, π, χ)

where L is Language; Γ,Ω, χ are terms of L; and π is predicate of L.

• Γ: Represents all constant symbols.
It is decidable and non-empty set containing constant symbols.

Generally represented using character strings as singular entities.

eg.: a, b, c, 1, 2, Hector, Frog, etc. may represent something or may also

contain some values.

• Ω: Represents all function symbols.
It is disjunctive union (∪n∈NΩn) of the finite sets having n-ary functional

symbols.

eg.: ’+’, ’-’, etc. are 2-ary or binary functional symbols.

eg.: add(x,y), even(x), f(), etc.
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• π: Represents all predicate symbols.

It is disjunctive union (∪n∈Nπn) of finite sets having n-ary predicate sym-

bols.

eg.: P(X ,Y ), {x | P(x )}, etc.

• χ: Represents enumerable set containing variables.

The language L discussed above is just a syntax pending its interpretation to

make some sense out of it. Interpretation needs to find meaning of words, values

of variables, working of functions, knowledge of quantifiers and evaluation of other

statements in L. So, interpretation captures the semantics of the language L. In order

to achieve this interpretation following steps are performed:

• Assign each term to a part of some universe of discourse.

• Assign truth value corresponding to each formula.

Thus interpretation can be written as:

I = (U, IC , IF , IP)

where

• U: universe of discourse,

• IC : All constant symbols mapped to U,

• IF : All function symbols mapped to U,

• IP : All predicates to U.

6.1.2 Deductive Databases

Deducing some kind of knowledge from some predefined facts and rules is the main

purpose that deductive databases serve. Deductive database has two major parts:
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• Extensional database (EDB): Knowledge that is external to the system.

Refers to the predefined fact base and rules as they are stored externally.

• Intensional database (IDB): Knowledge that is internal to the database,

something derived. Generally refers to the recursive or derived rules.

Deductive databases tend to divide their information/knowledge into two cate-

gories [161]:

• Data : Generally called facts or atoms and are represented by constant argu-

ments. Ancestor(Parent, Person) is a fact representing that Parent of a Person

is an Ancestor.

• Rules : Generally written as p← p1, p2, ....., pn . Rules must have a head along

with the body. They are declaratively read as p1, p2, ....., pn imply that p is

true.

6.2 Datalog

Datalog is a logical query language which is based on deductive database. It consists

of “if-then” rules, made up of facts or atoms. A simple datalog program comprises

of logical facts (atoms) and rules. Generic representation of an atom in Datalog is

as follows:

P(T1,T2, .....,Tn)

where P is the predicate and T1,T2, .....,Tn are terms. Clause or an implication is

represented as follows:

A0 :- A1, ....,Ak

where A0 is the head and A1, ....,Ak is the body. The clause implies that if all atoms

in the body hold true then the head is also true. Also, all the variables that are

declared in the head should also appear in the body. This property is also termed

as Rule safety. Clauses are of two kinds:
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• k=0 → clause is fact

• k>0 → clause is a rule

Therefore, it can also be said that fact is a clause without body. Datalog efficiently

handles recursive queries that makes it more powerful than traditional SQL. A query

in Datalog is termed as recursive if there exists a cycle in the predicates’ dependency

graph. And such queries are evaluated until stagnation or fixed point (when there is

no change in consecutive iterations) is reached.

Now consider two facts:

• All numbers that are not even numbers are odd.

• All numbers that are not odd numbers are even.

For this fact program would not be able to make sense out of it, as one depends

on the other for its interpretation. This is called dependency in datalog programs.

Program Connection Graph (PCG): Another important concept related to datalog

programs is PCG. It helps to represent the datalog program in a more understandable

manner, and also finds cycles and other dependencies present in that program. While

creating a PCG following points must be kept in mind:

• Create a node for each predicate symbol ’p’ in the program ’P’.

• Create a directed edge from ’p1’ to ’p2’, if ’p2’ is in the definition of ’p1’.

• Mark the edge as negative, only if ’p2’ appears as a negative literal, else mark
it positive.

Recursive clique is the maximum set of predicate symbols present in program,

in a way that there is a path between two predicate symbols in the PCG. A PCG

without cycles is hierarchic program whereas a PCG with cycles is a recursive graph.

Stratified : If PCG consists of only positive cycles then the program is termed

as stratified. The word stratification means layering. When a PCG has negative

edge, then it is generally said that it is on higher layer than all other nodes, thus
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introducing layers in the graph and the PCG or the program is called stratified. A

datalog program recursive or non-recursive must be stratified, if not stratified then

there will be conflict between negative nodes of same layer. The two facts of odd and

even stated above are recursive but non stratified and hence not datalog suitable.

Let us consider a simple illustration where three tables are given in the database

and some sample queries are represented in relational algebra (RA) format.

Table 6.1: Doctor (D) table with id being #1 and name being #2

id name

1 Dr. Charles Thomson

2 Dr. Gabriel

Name of doctor with id=1?

π#2σ#1=1(D)

Table 6.2: Specialization (S) table with id being #1 and specialty being #2

id specialty

1 Dermatologist

2 Surgeon

3 Gynecologist

4 Oncologist

List all specialties of doctor with id=2.

π#5((σ#1=2D) ��(D .#1=DS .#1) DS ��([LEFT ].#2=[RIGHT ].#1) S )
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Table 6.3: Doctor Specialization (DS) table with D id being #1 and S id being #2

D id S id

1 2

2 1

2 3

1 3

1 4

6.2.1 Datalog to Relational Algebra

For understanding how schema can be represented using datalog, we must first un-

derstand how a datalog program can be mapped to relational database with the help

of relational algebra. Facts and rules formed in datalog are translated into corre-

sponding relational model entities. We will discuss the whole translation process

step by step with the help of examples wherever necessary.

• Translation starts with pre-processing assuming there can not be any constants
in the head and are replaced by some variables. These newly created variables

are then binded to the old values present in the body. For example,

p(X,a,b) :- t1, ...., tn .

Above written rule is wrong as ’a’ and ’b’ are constants. After applying, pre-

processing we obtain:

p(X,Y,Z) :- t1, ...., tn , Y=a, Z=b.

• Variables come at the end while restrictions are listed in the beginning. Eval-
uation takes place from left to right and thus if constraints are not considered

at the beginning they might hamper the filtering. Also the positive literals are

listed out first followed by the negative literals. For example,



6.2 Datalog 93

P :- X=Y, p(X).

Above written rule is not correct as X will hold true for more than one value

and p(X) is not considered. This rule is transformed to the rule shown below,

which is the correct way of representation.

P :- p(X), X=Y.

• Once the pre-processing is over, translation can be started. Each rule R :-

L1, ....,Ln is transformed to relational algebra using following rules:

First a relational expression ’E’ of atomic components of each literal ’L’ in

R is transformed.

Ei := σθ(Pi); where θ is called selection criteria and is a conjunction of

restraints given as follows:

For each ti , condition is added, #j=tj is a constant symbol and #j=#k if

tj & tk are same variables.

For example consider the following rule,

p(X,2) :- q(X,X,Y,2), r(X,1).

Pre-processing is required here as there is a constant in the head. Trans-

formed rule is shown below:

p(X,Z) :- q(X,X,Y,2), r(X,1), Z=2.

Now X and X are same that means the rule “#j=#k if tj & tk are same

variables” applies to them. Also “2” in q is a constant which implies the

first rule. Let us denote X,X,Y,2 as #1, #2, #3 and #4 respectively and by

applying the above said rules, we get 3 expressions respectively for each literal

present in P.

E1 := σ(#1=#2 ∧ #4=2)Q ;

E2 := σ#2=1R;

E3 := σ#2=2EQ ; because Z=2 has to be written in its literal form as

equals(Z,2).
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• Now each expression is evaluated iteratively starting with the first expression
as they were processed with each literal from left to right. We need to initialize

the temporary expression F as follows:

F1 := E1;

Evaluation of the rest of the expressions and their generation depends on

the variables in the literals. If a variable used by the last literal is present

or used by the next literal, then it is processed in that order only. Iterations

according to constraints:

Fi := Fi−1 X Ei ;

Conjunctions of unrelated literals must be computed as their Cartesian

product. It is applied only in the cases where Li does not contain any variables

of the last body literals. Eg:

R := q(X,2), r(Y), EQ(Z,3);

E1 := σ(#2=2)Q ;

E2 := R;

E3 := σ(#2=3)EQ ;

Now for body expression:

F1 := E1 := σ(#2=2)Q ;

F2 := F1 X E2 := (σ(#2=2)Q) X R;

F3 := F2 X E3 := (σ(#2=2)Q) X R X σ(#2=3)EQ ; ;

Above, we discussed the rules for conjunction of unrelated literals, but in

case of related positive literals the result is produced using join employing the

related variables as conditions for the join. Thus, in such case body expression

can be written as:

Fi := Fi−1 ��θ Ei ;

iff Li is positive and also shares variables with the last body literals. Eg:

R := q(3,X), r(Y), X < Y;
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R := q(3,X), r(Y), lessthan(X,Y);

E1 := σ(#1=3)Q ;

E2 := R;

E3 := LT;

For body expression using the above stated rule:

F1 := E1 := σ(#1=3)Q ;

F2 := (σ(#1=3)Q) X R;

F3 := (σ(#1=3)Q X R) ��([LEFT ].#2=[RIGHT ].#1 ∧ [LEFT ].#3=[RIGHT ].#2)LT ;

The above stated two rules are for positive related and unrelated literals,

but, negative related literals can also be there. They are accommodated using

set-minus, which removes entities related to negative literals. This is repre-

sented as follows:

Fi := Fi−1\(Fi−1 �θ Ei);

iff Li is negative and has shared variables with last body literals. Eg:

R := q(X), ¬r(X);
E1 := Q;

E2 := R;

F1 := Q;

F2 := Q \(Q �(Q .#1=R.#1) R);

• After evaluating all the body expressions, the last temporary body expression
is algebraically optimized and considered to be final. For instance take the

example discussed before the negated literals rule above, after the last body

expression the final body expression is written as:

F := (σ(#1=3)Q) ��(#2<#3) R;

• We have evaluated the final iteration result F. Finally the Rule R can now be
transformed to expression:
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eval(R) := πhead(R)(F);

• There may exist many rules as R discussed above. All the rules have to be

processed iteratively through the above mentioned steps. Finally the results of

all related rules need to be united which gives the Datalog for the given RA.

eval(qi) := ∪R∈def (qi )(R);

In this section we have discussed the basics of First Order Logic, Deductive

Databases, Relational Algebra and Datalog. The next section will explain how Poly-

glotHIS can make use of Datalog. We will discuss creation of KBoD with the help

of an example dataset used for MongoDB and Neo4j both.

6.3 PolyglotHIS Knowledge-base of Data

Let us understand how underlying data sources are presented as views and how

they are queried, with the help of an example schema. Each involved data-store

is accompanied with a set of view(s) defined in terms of global predicates. Along

with this, each data-store also have some constraints. The first data-store which

supports view v1 provides information about patient, his/her relative’s name and

contact number. The second data-store gives view v2 which provides information

about patient’s mobile number and billing amount, provided billing amount is less

than $3500. This constraint is important if we ask query about patients whose billing

amount is equal to or greater than $3500; then v2 will not be queried. The third

data-store contributes view v3 and deliver the patient’s symptoms, diagnosis and

treatment details. Figure 6.1 represents the explained scenario.

All queries are expressed in terms of a collection of global predicates. For ex-

ample, if the given query is “Fetch the name, mobile number and billing amount of

all the patients who have undergone the treatment ’t’.”, it is formulated using views

(representing underlying data-stores) discussed above, instead of using facts directly.

For evaluating Datalog queries, bottom-up approach is followed which starts with

assessing the facts, followed by binding of each rule with the respective facts. And
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finally, executing the query on formed KBoD. The essence of this approach can be

best understood with the help of widely used relational algebra. Now we will under-

stand algebraically how the Datalog accomplishes the integration of the disparate

views, behind the scene.

% Datalog Facts .
pa t i en t (P) . % P i s pa t i en t
mob(P,M) . % M i s P ’ s mobile number
r e l (P,R) . % R i s P ’ s r e l a t i v e
relmob (P,R,RM) . % RM i s mobile number o f R
symp(P, S) . % S i s symptom of P
d i a gno s i s (S , DI ) . % DI i s d i s g n o s i s o f symptom S
treatment (DI ,T) . % T i s treatment o f d i a gno s i s DI
b i l l amt (P,BA) . % BA i s b i l l i n g amount o f P

% Datalog Rules .
v1 (P,R,RM,M) <= pat i en t (P) , r e l (P,R) , relmob (P,R,RM) ,mob(P,M) .
v2 (P,M,BA) <= pat i en t (P) , mob(P,M) , b i l l amt (P,BA) , BA<3500.
v3 (P, S , DI ,T) <= pat i en t (P) , symp(P, S) , d i a gno s i s (S , DI ) ,

treatment (DI ,T) .

% Datalog Query .
q (P,M,BA) <= v2 (P,M,BA) , v3 (P, S , DI , ” t ” ) .

% For viewing query r e s u l t s
q (P,M,BA) ?

Figure 6.1: Datalog facts, rules and queries for an subset of HIS schema.

To transform Datalog facts, rules and query to equivalent relational algebra expres-

sion, first all facts are expressed as relational expressions E. Starting with view

v1:

E1 := πp(pat); E2 := πP ,R(rel); E3 := πP ,R,RM (relmob); E4 := πP ,M (MOB);

Then body expression F is evaluated from left to write.
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Iteration 1

F11 := E1;

F11 := πP(pat);

F11 := pat ;

Iteration 2

F12 := F11 �� E2;

F12 := pat �� (pat .P = rel .P) rel ;

Iteration 3

F13 :=F12 �� E3;

F13 :=pat �� (pat .P = rel .P) rel �� (([left ].P = [right ].P) ∧ ([left ].R = [right ].R)) relmob;

Iteration 4

F14 :=F13 �� E4;

F14 :=pat ��(pat .P=rel .P) rel ��(([left ].P=[right ].P)∧([left ].R=[right ].R)) relmob ��([left ].P=[right ].P) mob;

Similarly for view 2

F23 := pat �� (pat .P = mob.P) mob �� (([left ].P = [right ].P) ∧ ([right ].BA < 3500)) billamt ;

and view 3

F34 := pat ��(pat .P=symp.P) symp ��([left ].S=[right ].S) diagnosis ��([left ].DI=[right ].DI ) treatment ;
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Now, the Datalog query can be expressed as:

FQ := V 2 �� (V 2.P = V 3.P) ( πP ,T (σT=“t �� V 3));

Extracting schema from schema-less data-stores – MongoDB and Neo4j is a very

challenging process. Once extracted, these schemas must be expressed in a form

which can be queried. On the other hand, extracting schemas from Relational

database – PostgreSQL being a structured database is very easy. In this section we

will focus primarily on how schema from MongoDB and Neo4j is extracted and then

how it is expressed in Datalog. Schema-extractors for both MongoDB and Neo4j

are written in Python language. As explained in Section 6.2, facts are known as

EDBs and rules as IDBs. EDBs are automatically created by the schema-extractors,

while IDBs are constructed using extracted EDBs. Useful information about the

inter/intra connectivity of data-stores can be inferred from EDBs.

Figure 6.2: Neo4j schema extraction process



6.3 PolyglotHIS Knowledge-base of Data 100

The process of schema extraction from Neo4j database is represented graphically

in Figure 6.2. Neo4j instance is first exported to GraphML acting as a snapshot of

that state of the datastore. Our application takes this snapshot as input and with

the help of Python‘s MiniDom parser, the GraphML file is traversed and the nodes,

their attributes, edges and their attributes are stored intermediately in the Python

dictionary data structure before storing as facts in Datalog format using pyDatalog.

Unlike Neo4j graph database for which there is no ready made tool available

for fetching its schema, fortunately a software named MongoInspector is available

for MongoDB which has functionality to extract the schema of underlying MongoDB

databases 1. It helped us in automatic detection of MongoDB collections and fetching

documents within each collections. MongoInspector also supports quick browsing of

the documents and collections.

As shown in Figure 6.3, there exists individual Datalog facts for each collection

in a DB, for each document in a collection and for each attribute in a document.

That is, each and every particular details of all databases created in MongoDB is

captured in the form of Datalog Facts in KBoD. The factmEmbedDoc contains en-

try for each embedded document in the each database, while fact mReferenceDoc

helps in identifying linked documents within collections of a database. It contains

four variables, first for the object id of the document under consideration, second

for the name of collection it refers to, third for the object id of the referred document

in that collecton and fourth variable is used to specify if the referred document and

collection is presented in a different database, which is generally not the case.

LinkedColls(referringColl, referredColl) ← mReferenceDoc(id,referredColl,refid),

mCollDoc(referringColl,id), mCollDoc(referredColl,refid) .

Datalog rules written above help in automatic fetching of the list of all collections

those refer to each other. This IDB is written with the help of existing EDBs.

Information about referencing among collections plays a very vital role when query

asked by user is interpreted and unfolded into sub-queries. Similarly, facts and rules

1MongoInspector https://github.com/msavin/MongoInspector
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Figure 6.3: Knowledge-base of Data
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corresponding to Neo4j graph database are also stored in Datalog. For each pair

of graph node and its node properties in the database, one fact gNode is created.

Likewise, for each edge and each edge-property for that edge, one fact gEdge is

created in the knowledge base. In addition to storing edge name and property, the

source node label and destination node label of the edge is also stored.

Path(srcNode,destNode)←gEdge(?,srcNode,destNode,?).

The above rule make use of fact eEdge to form rule Path, which in turns provide

information about presence of all direct edges in the Neo4j graph. “?” represents

that for all possible values, evaluate the fact and the rules. The above written rule

Path is further used along with fact gEdge to retrieve all indirect edges also in the

rule written below.

Path(srcNode,destNode)← gEdge(?,srcNode,joinNode,?)& Path(joinNode,destNode).

Visibly, second rule is a recursive rule; Path is calling itself because the first Path

finds all direct edges and the second Path uses all possible combinations of these

direct edges to ascertain indirect edges.

6.4 Conclusion

This chapter presented the preliminary knowledge on First Order Logic, deductive

databases and detailed on Datalog. Transformation of Datalog to relational algebra

is also discussed with the help of a suitable example. Schema extraction process for

MongoDB and Neo4j data-stores is presented using a subset of database. Schema

of Neo4j is first exported in GraphML format using Neo4j shell tools, which is then

parsed using DOM parser to store it as Datalog facts. Similarly, schema of MongoDB

is first extracted using MongoInspector tool, whose output is then parsed to store

details of databases present in MongoDB into Datalog facts. DBAs define Datalog

rules such that more insight about the inherent schemas can be gained from the
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Datalog facts. Explanation of knowledge-base used by PolyglotHIS is presented in

this chapter. Next chapter further explains the working of KBoD with the help of

sample data set along with sample query.



Chapter 7

Query and Performance
Evaluation of PolyglotHIS

Each of the NoSQL data-store is accompanied with its own query language. Learning

and practicing a new query language for each used data-store is a hurdle towards

easy adoption of NoSQL data-store in SQL-dominated software industry.

Integration of different NoSQL data-stores is also difficult for the reason that no

two data-stores share a common query language. This chapter discusses the need of

data integration system for query. A sample query execution have also been showcased

to explain the working of the proposed integrated system.

We have also shown example queries of considered NoSQL data-stores in their

native query languages. This chapter also elaborates role of KBoD during query

formulation process. Performance evaluation of the system is also presented which

shows that overhead in terms of latency caused due to presence of multiple layers of

PolyglotHIS is very less and becomes negligible as the dataset increases.

104
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7.1 Querying data integration systems

Specialized representation of each data-store is accompanied with specific query lan-

guage. Each NoSQL data-store comes with its own query language and API bindings

with various programming languages like Java, Ruby, Python etc. Learning query

language for each NoSQL data-store is an additional overhead, but at the same time

provides flexibility in querying underlying data in an expressive way. Absence of a

uniform query language for all NoSQL data-stores is one of the biggest hurdles in

quick adoption of NoSQL data-stores. Efforts have been made in this direction, but

were not very successful1, due to diverse nature of these data-stores, their querying

capabilities and query languages.

Translators are softwares that convert queries into a format that particular local

data source understands and also transforms the result set obtained from local data

source into appropriate format. Query answering in mediation-based data integration

systems is usually performed using following steps:

1. Global query (Q) is asked over global/mediated schema.

2. Master schema is consulted to acquire knowledge about the location of various

attributes asked in the query.

3. Q is broken down into sub-queries (local queries) say SQ1, SQ2 and so on,

which corresponds to the schemas of local data sources.

4. Subqueries are further optimized and a query plan is constructed for each local

query.

5. Query plans made in Step 4 are then executed on local data sources.

6. Results obtained from step 5 are combined according to global query (Q) plan.

Query processing in Local-As-View (LAV) approach is difficult as compared to

Global-As-View approach because views in LAV provide very less knowledge about

data that conforms to global schema [162].

1UnQL (http://unql.sqlite.org/)
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7.1.1 Query Languages

Developer community is well versed with the usage of Structured Query Language

(SQL) for storing, retrieving and manipulating data in relational databases. As

of now, there is no standard query language available for querying non-relational

databases. Querying these new generation of databases is data-model specific. Each

database comes with its own query language e.g. CQL (Cassandra Query Language)

for Cassandra, MongoDB Query Language for MongoDB, Cypher Query Language

for Neo4j etc. Efforts are in progress to design query languages which can be used

by various databases. But designing a query language that can span multiple data-

models is difficult because as explained in previous sections, each classes of NoSQL

database is designed for some specific purpose. Hence, efforts are being made to

design a common query language for NoSQL databases have been localized to its

classes. For example, SPARQL is a declarative query specification designed for most

of the available graph databases [60]. Similarly, UnQL (Unstructured Query Lan-

guage) was introduced in 2011 by Couchbase and SQLite team with the aim to create

a standard for NoSQL database queries. It has SQL-like syntax for manipulating

document databases and can be used across various document-oriented databases

including CouchDB and MongoDB [116].

Most of the NoSQL databases allow RESTful interfaces to the data, many others

offer query APIs. Few query tools/editors have also been developed for respective

NoSQL databases. MongoDB has its own query language. The find() method selects

documents from a collection that meets the �query� argument. �Projection� argument
can also be passed to select the fields to be included in result set. The find() method

returns a cursor to the results which can be assigned to a variable. Query syntax

looks like db.collection.find(�query�,�projection�). The find() method is analogous to
the SELECT statement, while the �query� argument corresponds to the WHERE
statement, and the �projection� argument corresponds to the list of fields to select
from the result set [163]. Another method findOne() is just like find() except that it

selects only one document from a collection.

Cypher is a declarative graph query language which is used to query Neo4j graph
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database. It allows expressive and efficient querying and updating of the graph store

without writing traversals through the graph structure in code. Cypher is designed

to be a humane query language, suitable for both developers and professionals who

want to make ad-hoc queries on the database. Cypher is inspired by a number of

different approaches and builds upon established practices for expressive querying.

Most of the keywords like WHERE and ORDER BY are inspired by SQL [164].

Pattern matching borrows expression approaches from SPARQL. Being a declarative

language, Cypher focuses on the clarity of expressing what to retrieve from a graph,

not how to do it, in contrast to imperative languages like Java, scripting languages

and JRuby Neo4j bindings.

Like SQL, Cypher is a declarative language. The syntax is easy to comprehend

due to usage of clauses similar to SQL like start, match, where, return etc. Usage of

wild characters like *,? enhances pattern matching. The command order by is used

similar to SQL. Almost all aggregate functions like count, min, max, avg, distinct

etc. are also available in this language. Presence of predicates like all, any, none,

single, increases querying capabilities of the language. SQL literate developers can

easily use Cypher query language [165].

Table 7.1 shows query syntax of three databases, PostgreSQL for relational

database, MongoDB query language for MongoDB and Cypher query language for

Neo4j. Three queries with different complexities have been considered here. Queries

are chosen in such a way that maximum syntax of query languages are covered.

Table 7.1: List the patients of each doctor.

PostgreSQL select p.patid, d.patid from patient p, doctor d where p.patid =
d.patid;

MongoDB db.doctor.find({},{ id:1,patid:1})

Neo4j start n=node(2,3,4 ) match n�-[:IS A]-f�-[:TREATED BY ]-g
where n.name=‘patient’ return f.uid as userid, g.pid as posted by



7.1 Querying data integration systems 108

Q1 : List the patients of each doctor.

MongoDB: 1 is put against both id (patient-id) and did (doctor-id) which implies

that for each patid of Patients collection, all dids should be returned.

Neo4j: 2,3,4 are node-ids similar to row-ids of relational databases. Multiple nodes

are selected here (2,3 and 4) as starting point. A starting point is a relationship or a

node where a pattern is anchored. Here, g is the post TREATED BY f which IS A

node with name ‘doctor’.

Table 7.2: Find the medicines which have been prescribed in the treatment of each
patient.

PostgreSQL select p.patid, m.medid from patient p, treatment t, medicine m
where p.patid = t.patid and m.patid = t.pid;

MongoDB db.treatments.find({}, id:0,patid:1,medid:1 )

Neo4j start n=node(2,3,4 ) match n�-[:IS A]-f�-[:TREATED BY ]-g-
[:HAS PRESCRIBED ]-�h where n.name=‘patient’ return f.patid
as patientid, h.medid as medicineid

Q2 : Find the medicines which have been prescribed in the treatment of each patient.

MongoDB: 0 is placed against id which implies that treatmentids is not to be

projected in the answer.

Neo4j: This query is same as above, just one more relationship HAS PRESCRIBED

has been added.

Q3 : Find the patient names which are in the same ward where patient “pat1” is

admitted.

MongoDB: Document with patname ‘pat1’ is extracted from Patients collection

and stored in variable p. Then ward corresponding to that patient is found by
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Table 7.3: Find the patient names which are in the same ward where patient
“pat1” is admitted.

PostgreSQL select p.name from admit a, ward w, patient p where w.pid = a.patid
and a.patid = p.patid and p.patname = ‘pat1’;

MongoDB var p = db.Patients.findOne(patname:“pat1”);
var ward = db.Ward.findOne(“admit.patid”:p. id);
db.Patients.find( id:$in:Patients.patid, id:0,name:1

Neo4j start n=node(2,3,4) match n�-[:IS A]-f�-[:ADMITTED BY]-g-
[:WARD IN]-�h-[:HAS PATIENT]-�k where n.name = ‘patient’
and f.patname = ‘pat1’ return k.name

matching p. id field with patid field of subdocument admit (admit.patid) in Ward

Collection and returned cursor is stored in the variable ward. Then id is matched

in Patients collection. To exclude id field, id:0 is written in projection field and

the fields which need to be included are written as fieldName: 1.

Tables 7.1, 7.2 and 7.3 provides a quick introduction to syntax of three data-

stores used in PolyglotHIS with the help of sample queries. A brief explanation of

syntax of MongoDB and Neo4j is also given along. We have not briefed on the query

syntax of PostgreSQL, since SQL is the most popular database query language and

is being used by everyone everywhere.

7.2 PolyglotHIS Demonstration

Seamless inter-operation between multiple data-stores storing different information

pertaining to patients and other important functioning of healthcare information

system is difficult to achieve due to usage of different data models and query lan-

guages. Different database paradigms are tuned to meet storage needs of various

use cases. For example, if requirement is quick storage and retrieval: document

data-store is preferred, where as for performing complex analysis on data: column-
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oriented databases are more suitable. Graph databases provide features for tracking

and managing complex relationships. One popular database of each database model

was chosen for the implementation, PostgreSQL for relational database category,

MongoDB for document-oriented NoSQL data-store and Neo4j for graph data-store.

To get the best out of all available databases, data is partitioned across three

types of databases. Data related to person is stored in PostgreSQL because the

application must maintain confidentiality and security of patient’s personal infor-

mation. PostgreSQL easily integrates with the security framework provided by the

technologies used to build any application, and so it provides the ideal repository for

holding the details of employees and their passwords. Data pertaining to hospital

payroll and patient billing is also stored in PostgreSQL to meet OLTP requirements

of the system. Financial data is stored in relational databases because of their in-built

support for ACID properties. Data related to active billing is stored in PostgreSQL,

where as historical record is stored in MongoDB document database as a series of

billing history documents. Each billing document has fully de-normalized structure

to make complete history to be retrieved easily and quickly. Time-stamp of billing

transaction distinguishes different bill records.

Laboratory reports and images are stored inMongoDB . Information pertaining

to every medical event i.e interaction between doctor and patient contains flexible

information so it is stored in document database. Manuals of instruments, photo

of patients and doctors, history of symptoms, bill details etc. are also stored in

MongoDB. Information about medicinal history which varies from patient to patient

and may contain different attributes for different patients is schema-less and is thus

best suited to be stored in MongoDB again. While, blood relationship between

various patients is stored in Neo4j graph data-store, which helps a doctor to trace

any hereditary diseases. Inter-linking between symptoms has also been stored in

Neo4j graph database to help a doctor to visualize the links between symptoms

and to diagnose quickly about the possible disease. Salt configuration of various

medicines is also stored in the form of graph in Neo4j.
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7.2.1 MongoDB Data-set

MongoDB stores data in the form of documents which are grouped together in col-

lections. MongoDB database is made up of various collections. Compared to rela-

tional databases, collections correspond to tables and documents to records. Unlike

relational databases where every record in a table has the same number of fields, doc-

uments in a collection can have completely different fields. Documents are addressed

in the database via a unique key called object id that represents the document.

NoSQL data-stores do not support joins. MongoDB supports two ways of link-

ing documents – Embedding and Referencing. Embedding is achieved through nested

documents whereas in referencing, details of referenced document – $db, $ref(referenced

collection name) and $id(of referenced document) is provided in the referring docu-

ment. A subset of data stored in MongoDB is shown in Figure 7.1 for patients and

doctors collection respectively. PatMedication of Patients collection is an embedded

document, whereas DocPatientIds of Doctors collection is an referenced document.

Unlike relational databases, where joins can be easily identified by listing primary

keys and foreign keys of the tables; extracting relation between documents of a

collection is not a simple task in MongoDB. Identifying referencing among documents

is done by checking the value of attributes, if the value is of type object id and that

object id exists as key in some other document, then a linking between documents is

established. This linking (referencing) among documents is expressed in the form of

Datalog rules which are useful during query re-writing process. Information stored in

MongoDB documents and matching Datalog facts have one-to-one correspondence.

Description of each database, constituent collections and enclosed documents and

their attributes is stored in form of Datalog facts, while relation among collections is

found out with the help of Datalog rules. MongoDB schema extractor with the help

of mongo inspector extracts the basic schema of MongoDB and pt it in the form of

Datalog facts in the KBoD. These facts can be queried in various ways to extract

useful information about the schema of MongoDB. Datalog agent execute suitable

Datalog queries when asked by the data-store apropos module about the necessary

schema elements to formulate a query plan. Datalog rules provides additional power
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> db . Pat i en t s . f i nd ( ) . p r e t ty ( )
{
” i d ” : ”OCLS1326” ,
”Name” : ”P1” ,
”Gender” : ”M” ,
”DOB” : ”18/07/1976” ,
”BloodType” : ”A−” ,
”Address ” : {

”HNo” : ”65” ,
” StreetNo” : ”3” ,
” Loca l i t y ” : ” O f f i c e r s

Colony” ,
”City ” : ” Pat i a l a ” ,
” State ” : ”Punjab” ,
”PinCode” : ”147001”
} ,

” ContactDeta i l s ” : {
”MobNo” : ”9814725632” ,
”ResNo” : ”0175−2353587” ,
”EmailId” : ”p1@gmail . com”
} ,

” DrugAl l e rg i e s ” : [
” Asp i r in ” , ” P e n i c i l l i n ”
] ,

”Medication ” : [ {
”Name” : ”Med1” ,
” StartDt ” : ”15/02/2014” ,
”EndDt” : ”17/04/2014” ,
”Freq” : ”2 Times a Day” ,
”Dose” : ”10mg” ,
” S i d eE f f e c t ” : ”Nausea” ,
”Prescr ibedBy” : ”SCL054”
} ,
{
”Name” : ”Med2” ,
” StartDt ” : ”22/04/2014” ,
”Freq” : ”2 Times a Day” ,
”Dose” : ”10mg” ,
”Prescr ibedBy” : ”SCL130”
} ]

}

> db . Doctors . f i nd ( ) . p r e t ty ( )
{
” i d ” : ”SCL130” ,
”Name” : ”D1” ,
”Gender” : ”M” ,
”DOB” : ”15/08/1971” ,
” S p e c i a l i t y ” : {

”Type” : ”Surgeon” ,
”Area” : ”Thoracic ”
} ,

”Education” : ”M.D. ( Thoracic ) ” ,
” C e r t i f i c a t i o n s ” : [

” Surgery ” ,
”Thoracic and Cardiac

Surgery ”
] ,

” Pat i en t Id s ” : [
”OCLS1326” ,
”DCMN9101” ,
”LMNH459”
] ,

”BloodType” : ”O+” ,
”Locat ion ” : {

”Hosp i ta l ” : ” Fo r t i s ” ,
”City ” : ”Mohali ” ,
” State ” : ”Punjab” ,
”PinCode” : ”160162”
} ,

” ContactDeta i l s ” : {
”MobNo” : ”9865329854” ,
”OfcNo” : ”0172−5006942” ,
”EmailId” : ”d1 .

f o r t i s@gma i l . com”
}

}

Figure 7.1: Fragment of Patients and Doctors Collections
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% −−− MongoDB Datalog Facts −−−
mDB(HIS , Pat i en t s ) . % mDB(dbName , collName ) .
mCollDoc ( Pat ients , ”OCLS1326” ) . % mCollDoc ( collName , docID ) .
mDocAttr ( ”OCLS1326” ,PatName) . % mDocAttr ( docID , attrName ) .
mDocAttr ( ”M” , PatGender ) . % mDocAttr ( docID , attrName ) .
mDocAttr ( ”A−” , PatBloodType ) . % mDocAttr ( docID , attrName ) .
mDocAttr ( ”Asp i r in ” , PatDrugAl le rg i e s ) . % mDocAttr ( docID , attrName ) .
mDocAttr ( ” P e n i c i l l i n ” , PatDrugAl l e rg i e s ) .% mDocAttr ( docID , attrName ) .
.
.
% mEmbedDoc( docID , attrName , nestedAttrName ) .
mEmbedDoc( ”OCLS1326” , PatMedication , i d ) .
mEmbedDoc( ”OCLS1326” , PatMedication ,Name) .
.
.
% mReferenceDoc ( docID , r e fCo l l , refID , refDB ) .
mReferenceDoc ( ”SCL130” , Pat ients , ”OCLS1326” ,HIS ) .
mReferenceDoc ( ”SCL130” , Pat ients , ”DCMN9101” ,HIS ) .
.
.
% −−− MongoDB Datalog Rules −−−
LinkedCol l s ( r e f e r r i n gCo l l , r e f e r r e dCo l l )<=

mReferenceDoc ( id , r e f e r r e dCo l l , r e f i d ) ,
mCollDoc ( r e f e r r i n gCo l l , id ) ,
mCollDoc ( r e f e r r e dCo l l , r e f i d ) .

% −−− For viewing query r e s u l t s −−−
? LinkedCol l s ( r e f e r r i n gCo l l , r e f e r r e dCo l l )
% −−− Result −−−
r e f e r r i n gC o l l | r e f e r r e dCo l l
−−−−−−−−−−−−−−−−|−−−−−−−−−−−−−−−−−
Doctors | Pat i en t s
Pat i en t s | Treatments
.
.

Figure 7.2: MongoDB Datalog Facts and Rules
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to the KBoD by expressing hidden knowledge about schema obtained from basic

Datalog facts.

Figure 7.2 demonstrates how Datalog facts and rules are stored on KBoD for

data-set shown in Figure 7.1. HIS is the database name which contains “Doctors”

collection. One document in collection “Doctors” have object id “SCL130”. Further,

entry of mDocAttr fact exists in knowledge base for each attribute in the Document.

Information about embedded documents is stored with the help of mEmbedDoc facts.

Similar to mDocAttr, mEmbedDoc will store information about each attribute of the

embedded document. Extracting information about referencing between documents

and storing them in knowledge-base is very essential for query decomposition. For

each referenced document, one mReferenceDoc fact is created in KBoD and it con-

tains information about calling document’s object id, called document’s collection

name, called document’s object id and called document’s database name.

7.2.2 Neo4j Data-set

Graph datastores efficiently cut down the extensive costs incurred in the traditional

database transaction system due to the joins [53]. Nodes in graph datastore have

direct pointers to all the connected nodes and hence avoid the index lookups as

well. As they do not possess a rigid schema or demand a compliance to one, they

are highly suitable for representation of dynamic and evolving data. Cycles in graph

datastores simplify the complex implementation of self-join or self-referencing entities

in relational model. Very largely connected data can make greater sense and produce

better understanding in graph visualization than that in tabular representation.

Neo4j models the database as a network structure containing nodes and edges

relating nodes to represent relationship amongst them. Nodes may also contain prop-

erties that describe the real data contained within each object. Similarly, edges may

also have their own properties. Relationship connects two nodes and may be directed,

direction adds meaning to the relationship. Comparing with Entity-Relationship

Model, a node corresponds to an entity, property of a node to an attribute and rela-

tionship between entities to relationship between nodes. Figure 7.3 shows a subset
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of functionalities of healthcare database which are stored in graph database Neo4j.

The graph is drawn using Neoclipse editor.

Neo4j v1.0, the very first edition of the database was released officially in Febru-

ary, 2010. In 2012, an intermediate release v1.6 was made to improvise an already

reliable product and make it even more reliable. Many intermediate versions were

released and then v1.9 was released on May 13th, 2013, introducing extensive im-

provements in stability. Other than performance improvements, Neo4j v1.9 also

featured auto-clustering. In December 2013, Neo4j 2.0 which was in the develop-

ment process for long was finally released. The user interface (UI) was completely

rewritten. Cypher query language was also changed in Neo4j 2.0. It was made far

more declarative and concise in Neo4j 2.0. The new feature such as extended support

for labels and indexes have been added Neo4j which means that now nodes can be

labeled and the properties can be indexed.

The database shown depicts interaction between patient and doctor and how

that data is being stored in a database. The nodes have their own properties which

are stored in form of key-value pairs. Each node can be given a label to call with

later during querying. Same is true for relationships. The edges define relationships

and relationship types. They can also have properties which are also stored as key-

value pairs. As depicted in Figure 7.3, the edges are directed and hence signify an

additional information about the relationship between the two nodes it joins. Edges

may be bi-directional as well, but are declared using two uni-directional edges to and

fro between edges. So directional adds another dimension to the features of edges,

such as Surgery is “performed by” a Doctor is an edge directed from Surgery to

Doctor.

Information about each node and edge in Neo4j graph is expressed in form of

Datalog facts as shown in Figure 7.4. Path between a pair of source-destination

node is calculated using Datalog rules made of Datalog facts. List of all direct and

in-direct paths between all pair of nodes considered in the example schema shown in

Figure 7.3 is shown as result. gNode(Patient,Name). is a fact about Neo4j schema

stating that there is a node in Neo4j with label Patient and property Name. Similarly,

another fact gEdge(“PROBLEM”,Patient,Symptom,SinceLast). is an edge in Neo4j
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% −−− Neo4j Datalog Facts −−−
% gNode ( nodeLabel , propName) .
gNode ( Patient ,Name)
.
.
% gEdge (eName , srcNodeLabel , destNodeLabel , ePropName) .
gEdge ( ”PROBLEM” ,Cure , Symptom , S inceLast )
.
.
% −−− Neo4j Datalog Rules −−−
% Direc t edge
Path ( srcNode , destNode ) <= gEdge (? , srcNode , destNode , ? ) .
% In−d i r e c t edge
Path ( srcNode , destNode ) <= gEdge (? , srcNode , joinNode , ? ) &

Path ( joinNode , destNode ) .

% −−− For viewing query r e s u l t s −−−
?Path ( srcNode , destNode )
% −−− Result −−−
srcNode | destNode
−−−−−−−−−−|−−−−−−−−−−−
Pat ient | L i f e s t y l e
Pat ient | Symptom
Pat ient | Work
Doctor | Test
L i f e s t y l e | Disease
Doctor | Cure
Symptom | Disease
Cure | Doctor
Work | Disease
Disease | Cure
.
.

Figure 7.4: Neo4j Datalog Facts and Rules
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with edgename PROBLEM, source and destination nodes are Patient and Symptom

respectively and SinceLast is the edge property.

7.2.3 Sample Query Execution

Let us understand the usage of KBoD by the Datalog agent with the help of following

example query.

Q : Get the names of all the patients who are have pending dues and have been

prescribed “Med2” after being operated for “Lung Cancer” and had side effects like

“Hair Loss”.

For this query, data is required from all the three underlying data-stores – rela-

tional, document and graph data-store.

1. From Neo4j: all patient-IDs who had lung cancer and was cured by perform-

ing throacic surgery, and the doctor-ID who performed the surgery is retrieved.

2. From MongoDB: for each pair of patient-ID and doctor-ID obtained from

above query, return those patient-IDs whose medication is Med2 and medica-

tion’s side effect is hair loss.

3. From PostgreSQL: details of patients out of all patient-IDs returned from

MongoDB having pending dues is retrieved.

The steps of execution are visualized in Figure 7.5.

Graphical User Interface (GUI) of PolyglotHIS involves multiple dynamically

generated drop-down menus based on querying capabilities of involved data-stores.

User is asked to select the attributes he/she want to know and also provide few bare

minimum input values for querying the system. For example for the above query,

user selects the patient’s name as required attribute and provide details such as

condition of “Dues Pending”, medicine prescription “Med2”, disease “Lung Cancer”

and side-effects “Hair Loss” from respective drop-down menus.
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Figure 7.5: PolyglotHIS Query Processing Example
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At this point, belongingness of particular attributes to the respective data-stores

can be determined at the programming end. Details of disease are available in

Neo4j, medication details and side-effects information is available in MongoDB and

information concerning dues is stored in PostgreSQL. Data-store apropos module

asks the Datalog agent to determine the exact table/document/nodes to be queried

as per the user’s query requirements. The process of retrieving schema information

from Datalog to translation of queries is shown in Figure 7.6.

Final sub-queries executed on under-lying data-stores is in their native querying

syntax; translated using query translators which in turn uses existing query builders.

Variables obtained from Datalog facts and rules are used in query formulation. For

example in Neo4j, attributes made available by the user in query, are searched in

Neo4j Datalog facts to retrieve the node and edge labels to be queried. Similarly in

MongoDB and PostgreSQL data-stores. In Neo4j, connectivity between asked nodes

and edges is also obtained, since Neo4j query is traversal based unlike MongoDB and

PostgreSQL queries. MongoDB data-stores stores data in following hierarchy: DB

- Collections - Documents - Attributes. User provides only attribute details in the

query, remaining details of hierarchy is back-tracked using Datalog fact base.

Query considered for explanation purpose here, is executed sequentially along

the data-stores. If sub-queries are not dependent and can be executed in parallel,

final result will be obtained by joining the result in JSON format. This is attributed

to the fact that all data-stores considered in PolyglotHIS supports JSON format.

Order of execution of sub-queries is crucial for retrieving correct results as well as for

generation of optimized query execution plan, it is taken care of by planning agent.
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% NEO4J

% Fetching Node Labels
NodeLabel (D)<−gNode (D, Disease ) .
NodeLabel (C)<−gNode (C, Cure ) .
NodeLabel (P)<−gNode (P,PID) .
NodeLabel (DOC)<−gNode (DOC, DocID) .
% Fetching t h e i r c onne c t i v i t y
?Path (D,C) . % Connected

D | C
−−−−−−−−−−|−−−−−−−−−−−
Disease | Cure
% Fetch edge l a b e l and property
Edge (CB,CBP)<−gEdge (CB,D,C,CBP) .
?Path (D,P) . % Not connected
?Path (D,DOC) . % Not connected
.
.
?Path (C,DOC) . % Connected

C | DOC
−−−−−−−−−−|−−−−−−−−−−−

Cure | Doctor
% Fetch edge l a b e l and property
Edge (PB,PBP)<−gEdge (PB,C,DOC,PBP) .

Final Cypher Query:

MATCH( c :C{Name : ” Surgery ” , Type
: ”Thoracic ”} )<− [CB]−(d i :D{
Name : ”Cancer” , Type : ”Lung”}
)

MATCH( di )<−−( : Symptom)<−−(p :P
)

MATCH( c )<− [PB]−(doc :DOC)
RETURN p .PID AS PID , doc . DocID

AS DocID

.
% MONGODB

CollName (PC)<−mCollDoc (PC,PID) .
% PC w i l l l conta in name o f

c o l l e c t i o n with i d=PID (
obtained from Neo4j )

CollName (DC)<−mCollDoc (DC, DocID) .
DBName(PDB)<−mDB(PDB,PC) .
DBName(DDB)<−mDB(DDB,DC) .
mDBCollDoc(DB,C,DOC)<− mDB(DB,C) ,
mCollDoc (C,DOC) ,mDocAttr (DOC, ”

MedName” ) .

Final MongoDB Query:

> PDB.PC. aggregate (
[ {”$unwind” : ” $Medication ”} ,
{”$match” :
{” i d ” : PID ,
”Medication .Name” : ”Med2” ,
”Medication . Prescr ibedBy” :
DocID ,
”Medication . S i d eE f f e c t ” :
”Hair Loss ”}

} ,
{” $p ro j e c t ” : { ” i d ” : 1}}
] )

% POSTGRESQL

RTable (X)<−r t ab l e (X, ” pat ba l ” ) .
RTable (Y)<−r t ab l e (Y, ”pat name” ) .
RTable (Z)<−r t ab l e (Z , ” pa t i d ” ) .
% X,Y and Z a l l v a r i a b l e s conta in

same tab l e name , hence no j o i n .

Final PostgreSQL Query:

SELECT Z . pat name from X where X.
pat ba l>0 and pa t id=PID ;

Figure 7.6: Sample Query Execution using Datalog fact base
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7.3 Experimental Analysis

This section evaluates the implemented multi-paradigm framework in terms of query

execution time. The evaluation showcases the performance of the system in terms of

total time spent in processing queries over large data-sets. The graphs shown below

highlights the overall trend and the weak as well as strong points of each of the three

data-stores in comparison to the implemented framework as the data size increases.

We have used the total time spent for query processing as our performance metric

for individual data-stores. For assessing PolyglotHIS, we have considered the total

time spent at the mediation layer for each query.

Python was used for implementing the PolyglotHIS as well as for querying the

data-stores individually. Python is a high-level programming language developed

by Guido Van Rossum in late 1980s, with motive to add some features such as

exception handling, etc. to then prevalent programming languages. Its ideology is

based on keeping it really simple, highly understandable, readable, etc. Most of

the programming paradigms such as object-oriented programming, imperative and

functional programming, automatic garbage collection, etc. are supported by Python

[166].

Python can work across various platforms, also third party tools make it re-

ally easy to package modules developed in Python to export to standalone executa-

bles deployable on other operating systems. Python comes bundled with a default

python development environment IDLE (Integrated DeveLopment Environment)

which is cross-platform clutter-free application for easy development. As indent-

ing is of essence to Python IDLE achieves this with greater simplicity and with its

auto-completion feature it comes in handy to the developer. Moreover, it support

multiple instances, syntax highlighting, integrated debugger, etc which makes it a

strong alternative to traditional terminal or notepad style editing.

pyDatalog was used for implementing Datalog functionality using Python. py-

Datalog can be used to perform recursive queries efficiently, to simulate intelligent

behavior with the help of rules and learning, to query complex related data as in

data integration, etc. Whenever a query is encountered a resolution engine searches
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for related clauses and then determines accordingly the best path to follow or which

clauses to consider to reach to the goal.

Python and Datalog together give an upper edge as the programmer can choose

to use any of the python aggregation functions such as sum, avg, etc along with the

facts and rules of Datalog. Python in itself is highly efficient, Datalog is capable of

performing some calculations or implementing some logics in lines even fewer than

Python, thus together they lessen the execution time and increase the performance

manifolds. For instance pyDatalog is capable of solving 8-queen problem in just 0.3

seconds.

Following are the configuration details of the machine used for implementation:

• Operating System: Ubuntu 14.04 LTS

• OS type: 64-bit

• RAM : 8GB

• HDD : 700GB

• Processor : Intel Core i7-4700MQ

• CPU clock rate: 2.40GHz

• CPU cores : 8

• Graphics Processor : NVIDIA GeForce GT 755M/PCIe/SSE2 (2GB)

Experiments were performed to compare the performance of PolyglotHIS with

its intrinsic counterparts. The goal was to determine the overhead introduced by

multiple layers of the integration system. Experiments were executed on a single

machine having MongoDB 2.4.11, PostgreSQL 9.1.14, Neo4j 2.1.3 and Python 2.7.3.

Performance of PolyglotHIS will not vary heavily upon running in more complex

configuration since it runs locally and in-memory. Results shown here should not be

used for comparing the three native data-stores amongst themselves, since we have
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Figure 7.7: Performance comparison of PolyglotHIS with Neo4j for retrieval
operation

used different queries for each of them. Focus is on guaging the amount of overhead

incurred due to the presence of multiple layers of PolyglotHIS.

We have compared the performance of an hospital information system (HIS)

using PolyglotHIS and same system using only the underlying data-stores. We have

implemented four editions of the software; PolyglotHIS and other three editions

of HIS using individual data-stores. As shown in Figures 7.7,7.8 and 7.9, latency

caused due to presence of multiple layers of PolyglotHIS is negligible and merges as

the dataset increases. Evidently in terms of functionality, HIS editions involving one

data-store can have variance as each data-store supports different range of features.

Whereas in case of PolyglotHIS, functionality is limited by the common operations

supported by all inherent data-stores. All four versions of HIS were tested for 4 set of

loads for retrieval operation only. Taking care of random factors, we have executed

each query five times for each of the database. The graphs shown in this section

were visualized by calculating the average of the experiments.

Neoclipse is a sub-project undertaken by Neo4j which provides a visualization

interface for graphs running in Neo4j instance or can also open other graph files.

Neo4j comes with its own browser-based visualizer but Neoclipse provides much

more granularity and filters in graph visualization. Neoclipse also provides editing
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capabilities besides from visualization and hence has more utility than the default

visualizer. It also provides greater insight into every detail of each node, attribute

and relationships.

Neoclipse was used for graph visualization, while data stored in Neo4j graph

database was accessed through py2neo package. Queries of varying complexities

were executed on Neo4j alone and then the same queries were executed via the

PolyglotHIS system. The total time taken for query execution was recorded for both

of the cases. Since the queries dealt only with Neo4j database, hence the total time

taken by PolyglotHIS to execute query is basically the sum of time consumed at

mediation layer of the PolyglotHIS and the actual time taken to execute the query

at data-store layer. Figure 7.7 visualizes the performance comparison of Neo4j with

PolyglotHIS for retrieval operation and it shows that query execution time increases

rapidly for queries of depth 4. It also portrays that the difference between direct

querying Neo4j and querying through multiple layers of PolyglotHIS is not very

significant.

Figure 7.8: Performance comparison of PolyglotHIS with MongoDB for retrieval
operation

MongoDB was accessed using mongo shell commands only since there is no popu-

lar MongoDB editor available till now. MongoInspector was used to extract schema

and again pyDatalog was used to store the extracted schema as Datalog facts in
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KBoD. MongoClient of pymongo package was used for accessing MongoDB using

Python programming language. Queries of different complexities were executed on

a range of data-set having 1,000 to 1,000,000 documents to show the performance

of MongoDB individually as well as of PolyglotHIS. Unlike Neo4j, query execution

time of MongoDB remains similar as data-set increase, especially for large data-sets.

Figure 7.8 shows the time taken for query execution by MongoDB and PolyglotHIS.

Dissimilar to graph shown in Figure 7.7, where the gap between directly query-

ing Neo4j and querying through PolyglotHIS is increasing gradually with increasing

depth, in Figure 7.8 this gap is converging as the data-set is increasing. Proving that

for larger data-sets, performance of PolyglotHIS is remarkable.

Figure 7.9: Performance comparison of PolyglotHIS with PostgreSQL for retrieval
operation

PostgreSQL was used for storing structured data especially that data that de-

manded conformance of ACID properties. pgAdmin was used for performing ad-

ministration and development of PostgreSQL. It is a popular open-source graphical

user interface for interacting with PostgreSQL. The size of considered databases was

increased from 10,000 rows to 1,000,000 rows to be able to show variation in per-

formance of both PostgreSQL and PolyglotHIS as data-set in increased. As shown

in Figure 7.9, the query execution time is increasing linearly with the increase in

number of records, owing to the difference in implementation of scalability feature.
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Relational databases follow vertical scalability, while NoSQL databases follow hor-

izontal scalability Similar to MongoDB performance graph, the difference in query

execution time of PostgreSQL and PolyglotHIS merges as data-set increases.

7.4 Conclusion

We have showcased the working of proposed system with the help of an example sce-

nario along with sample data-set. We have also shown example queries of considered

NoSQL data-stores in their query languages as they are new and not very well versed

in research and developer community. Medical industry has the most unstructured

form of data and therefore scenarios dealing with clinical records have been chosen.

Big organizations today, no more rely on one data-storage technology, instead

use different databases for different requirements within an application. Managers

can easily venture into polyglot-persistent softwares, since all data-stores involved

in PolyglotHIS are free and open-source. Undoubtedly, polyglot-persistence is ac-

companied with over-head of dealing with multiple data-stores, but the benefits are

worth every penny.

This chapter demonstrated how the architecture and components of the system

were used along with Datalog to plan and execute the queries. Implemented system

was evaluated using different queries on increasing data-set to understand how the

system behaves as the data-set increases. Evaluation was also done to determine the

latency induced by multiple layers of PolyglotHIS in comparison to queries executed

directly on their data-stores. Experiments shows that the extra time taken by Poly-

glotHIS due to presence of mediation layer is negligible. Next chapter concludes the

thesis and discusses various challenges and issue faced before and during the imple-

mentation of the system. Future scope of this work is also presented which primarily

aims at incorporating big data analytics component to the system.



Chapter 8

Implementation Challenges,
Conclusion and Future Scope

This chapter discusses various challenges and issues faced during the implementation

of the system. Heterogeneity in the underlying data-sources in terms of their data

storage models, query syntaxes and data representation mechanisms etc. are the ma-

jor hindrances for implementation of any data-integration system. These challenges

and issues are discussed in detail in this chapter. This chapter also gives concluding

remarks on the thesis by highlighting the significant contributions of the research work

done.

Polyglot-persistent architectures are increasingly gaining attention in the industry

because of the flexibility these systems provide in choosing multiple databases for

multiple modules such that overall performance of the system is enhanced.

Future directions of the implemented research work are also presented towards

the end of this chapter. Incorporating big data analytics as a component in the

architecture of PolyglotHIS is one of the prominent directions for future work, since

the data-stores involved are known for their ability to handle big data.

128
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8.1 Challenges and Issues

Design and implementation of Polyglot systems is an intricate task as compared to

a traditional system which involves a single database. There are many challenges

and issues in the context of these systems, such as ‘What will be the data access

strategy? ’, as involved data-stores are heterogeneous in multiple ways such as storage

mechanism, data model, query language etc. This heterogeneity must be invisible to

user/application, especially, when a single query requires retrieval of data from more

than one data-stores. Another challenging question is how to divide data amongst

multiple data-stores to exploit the features offered by each data-store to the greatest

extent. While designing a polyglot persistent solution, deciding on appropriate data-

store for your storage need is one of the most crucial decisions as well as the most

difficult challenge.

Associated with the problem of division is the problem of how to maintain con-

sistency across multiple underlying data-stores. For example, Hospital Information

System (HIS) may store data about patients in one data-store and doctors in an-

other. PolyglotHIS should not allow appointment of a patient with a non-existent

doctor. Consistency between data-stores is hence very essential to maintain. Finally,

there is a challenge to enforce proper rules to synchronize data across the data-stores

involved.

Adequately capturing complex capabilities of underlying data-stores and spec-

ifying them in the form of a representation that will be used both during query

formulation and evaluation is an important research issue. Provision of a layer that

hides the details about use of various data models, variety of query languages they

use, and their specific schema representation mechanisms is a challenge on the part of

the developer. Polyglot persistent softwares should not demand users learn multiple

query languages/interfaces to query underlying data.

Firstly, one or more data-stores containing the sought after or relevant data must

be identified and then subqueries need to be translated to the native query languages

of the required data-stores, thereby necessitating the global query to be decomposed

into equivalent set of local queries. After the execution, results so obtained in multiple
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formats must be received by the common layer which transforms and combines them

before giving the final result back to the application or user. The middle-ware should

be responsible for decomposing the query and integrating the results. The software

component designated with the task of query syntax conversion from one global

query into multiple local queries is given different names in literature, “drivers”,

“translators”,“mediators”, “wrappers” etc. This whole processes should also consider

query optimizations for performance enhancements as well as give due consideration

to mappings between the common layer and constituent data-stores. The goal is to

provide a consistent database interface that abstracts the heterogeneity of constituent

data-stores.

Following are some salient challenges that have been faced during the implemen-

tation of PolyglotHIS:

• Minimizing the performance overhead due to query decomposition time, re-
trieving data from multiple data-stores, result unification time etc.

• Integrating different NoSQL data-stores have different data modeling tech-

niques, specifications and implementations.

• Handling complex queries in the presence of heterogeneous data stores.

• Providing mechanisms for acquiring and representing semantic knowledge and
contents of heterogeneous data-stores.

• Handling overlapping fields in data-stores.

• Selection of Data store and generation of efficient query execution plans.

• Achieving transparency for user, which involved:

– Knowing the schema of member databases.

– Creating access mechanisms for each data-store.

– Translating query into the query language of the target database.

• Managing the schema evolution of involved data-stores.
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• Designing a common query language for querying NoSQL data-stores.

• Managing variability in query processing performances of each data-store.

• Dealing with contradictory information stored in different data sources.

• Allowing new data-stores to be added to the system, with minimum impact on

the existing system.

Scalability of the implemented system in terms of increasing dataset is demon-

strated in Chapter 7.1.1 comparing the mediated system against its intrinsic databases.

The implemented architecture also allows immediate access to updates in member

data-stores and is capable of handling complex queries, while keeping the user un-

aware of data-store location, access mechanisms and schemas of participating data-

stores. Implementation of translators is relatively less difficult than the creation

and maintenance of KBoD (Knowledge Base of Data). Also, decision on a uniform

query format is very difficult — ‘What should be the input and output of transla-

tors? ’; Since the translators need to be unified to produce final result, the output

of translators should be compatible with each other. In the implemented system,

translators accept a query written in the unified query language and generate query

in the target query language. Representation and storage of intermediate results

produced by queries is made easy with the help of usage of JSON. In this study, all

the considered data-stores produce output in JSON format making the unification

of the result easier.

8.2 Conclusion

For past few years, relational databases have served as the backbone of the software

industry by storing data optimally in an easy-to-understand and structured way.

But, relational databases were not designed for handling Big Data, and they face

challenges and incur performance issues while dealing with un-structured and semi-

structured data. Software industry today demands a more realistic model that can
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structure data as they are depicted in an application. This has led to the surge of

numerous schema-less, highly scalable and dataset-oriented non-relational database

systems. This new revolution is named as the NoSQL movement and this move-

ment has witnessed the commencement of such data-stores that do not require a

predetermined schema and may very easily capture complex datasets.

Till 2005, database designers had to choose from a very small range of databases

that were primarily relational. Recent emergence of schema-less NoSQL databases

has opened new avenues for managing data; specifically, the health-care data in

our case. With the advent of NoSQL data-stores, database designer’s toolbox has

significantly increased in number as well as options. More than 200 NoSQL data-

stores are available today and almost all of them are open-source. Furthermore,

NoSQL data-stores are available under four classes, namely - the Key-Value, the

Document-oriented, the Columnar and the Graph-based allowing many choices for the

developer community. Each NoSQL data-store comes with its own query language

and API bindings with the support of various programming languages such as Java,

Ruby, Python. Although, learning a query language for each NoSQL data-store

is an additional overhead, but at the same time it provides flexibility in querying

underlying data in an expressive way. Absence of a uniform query language for

posing query to the NoSQL data-stores is one of the biggest hindrances to the quick

adoption of NoSQL data-stores.

Modern applications need to store and manipulate data in multiple data-stores

repeatedly. However, interacting with heterogeneous data-stores is not an easy task

especially when it has to manage complex queries such as Joins. To overcome these

problems, researchers have proposed several solutions in order to provide transparent

access to heterogeneous data-stores. Some of the proposed solutions are based on

the definition of a common API while others bank upon the frameworks that are

able to access different data-stores. None of the solutions available in the literature

supports Join operation amongst the data-store and also, none of the existing sys-

tem has worked on the integration of graph data-store with other classes of NoSQL

data-stores or relational databases. Supporting Join operation across data-stores is

very difficult to implement as it requires management of a temporary data storage
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unit. Integration of graph data-stores with other classes is a more complex problem,

relative to all other three classes of data-stores, which can be represented in key-

value form and hence can be unified based on the key. These two problems, have

been successfully solved by the implementation of the framework proposed in this

research. A partial result storage component is provided in the proposed architec-

ture to support Join operation, and since we are not representing data present in all

data-stores in a common format, to make the support of graph data-stores feasible.

Health-care Information Systems are becoming more complex with the ever in-

creasing demand and high expectations of the large user base. Each department

within HIS such as accounting, clinical laboratory, ICU etc. have varying data stor-

age with its own processing requirements. Traditional HIS employ the same data

storage model across all the departments resulting in a rigid architecture, limiting

data availability, accessibility and usage of their full potential. It has been already

shown that NoSQL data-stores outperform relational databases for queries dealing

with large data. We propose that instead of forcing all types of data to fit in typ-

ical row-column format of relational data-bases, multiple data-stores be used; each

storing and representing data in formats closer to their actual representation and us-

age. Even though different departments in a hospital deal with diverse types of data

and deploy distinct data-stores, our framework relieves the end-users from having

to interface with each data-store individually by providing a uniform query interface

facade.

Provision of a uniform query interface to access the health-care data present in

multiple data-stores being used autonomously by various departments of an hospital,

empowers the health-care community to reach better decisions and useful conclusions.

One approach for implementation of such a system is to use any one of the known

database to store and process all the data pertaining to all the departments of a

hospital. Nonetheless, any single data-model cannot efficiently store and process

multitude of data generated by the healthcare institutions; especially the traditional

relational databases are not adequate by themselves. However, modern NoSQL data-

stores allow data to be stored in a form closer to their actual representation and

usage.
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We have developed an intelligent information integration solution named The

Polyglot-persistent Healthcare Information System (PolyglotHIS ), which makes use

of co-operating agents enabling health-care professionals to retrieve data from hetero-

geneous data-stores. PolyglotHIS uses multiple data-stores for storage and processing

of the HIS data. Our framework uses one relational (PostgreSQL) and two NoSQL

data-stores namely, the Graph (Neo4j) and the Document (MongoDB). NoSQL data-

stores have been used for storing semi-structured data such as medical images and

un-structured data such as patient-doctor interaction reports, whereas the relational

database is used for storage of structured and financial data. The rationale is to

select the most appropriate data storage technology that meets the specific require-

ments of each module of the HIS. Architecture of PolyglotHIS consists primarily of

multiple co-operative agents. Capabilities and contents of data-stores are stored and

inferred using Datalog, which is a declarative logic programming language used to

store the set of facts and rules. Design and working principle of PolyglotHIS has been

illustrated with the help of a running example in Chapter 7. Performance analysis of

the implemented system shows that only a small amount of latency has been induced

by the system.

The broad goal of PolyglotHIS is to enable access to heterogeneous data-stores,

while insulating users from the information pertaining to the location and querying

mechanisms of the underlying data-stores. A simple approach is to construct a global

schema that captures snapshots of information present in all data-stores, against

which user will pose queries. However, this approach is not free from its associated

problems–difficulty in integration of multiple and heterogeneous data sources, dif-

ficulty in adding new or removing the existing data source and the requirement of

reformulation of the global schema to incorporate any updates in the structure of the

underlying data-stores. In place of the above mentioned data translation approach, a

query translation mechanism is used in PolyglotHIS, eliminating the need of a global

schema. The later has advantages in terms of flexibility, scalability and dynamic

query execution. Dynamic query execution takes into account current circumstances

such as unavailability of any data-store or addition of a new data-store.

Following steps summarizes the workflow of the proposed framework:
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1. Initially, schema extractor agents extract schema of respective data-stores

and store the fetched information in the form of Datalog facts in KBoD.

DBAs define Datalog rules, which make use of these Datalog facts to gain

more knowledge about the schema of the under-lying data-stores.

2. User poses the query to the system using multiple drop-down menus generated

by the graphical interaction agent.

3. Data-store apropos agents determines the association between the attributes

provided by the user and their location in the involved data-stores. This is

done with the help of knowledge stored in KBoD which is queried via Datalog

agent.

4. Data-store apropos agent provides the information obtained in Step 3 to the

query planning agent, which is responsible for generating possible query

plans to retrieve the required data from the data-stores. Query planning agent

consults the learning agent to ascertain the best possible plan for the query.

The learning agent is responsible for storing statistics associated with queries

executed in past, which helps the query planning agent to make a decision while

generating future query plans.

5. The generated query plan is provided to the query mapping agent for map-

ping sub-queries, designated for each data-store, in a particular order as indi-

cated by the query plan.

6. Translators convert the sub-queries into query language of respective data-

stores.

7. The partial result storage is used for storing temporary results, especially

in case of join operation.

8. Final compilation of the result and caching the statistics associated with the

query in KBoD is done by the reducer agent.
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9. Final result is displayed to the user with the help of a graphical interaction

agent.

Integration of results from three totally different data-stores has been possible

with JSON format. Hence, the extensibility of the system is achieved by requir-

ing that any newly added data-store supports JSON format. Another limitation

to the extensibility of the system is the non-availability of schema extraction and

query translation softwares for the newly added data-store in the existing frame-

work. Query translators are relatively easy to find, than schema extractors. The

NoSQL data-stores are schema-less thereby making it difficult to express user needs

in a structured query format.

8.3 Future Scope

Dependence on HIS for diagnosis, suggestions, treatments and prescriptions for over-

all improvement in services and practices is fast increasing. Healthcare institutes have

ample amount of data, but there is an acute shortfall of frameworks extracting useful

information from this data. Providing a uniform interface to query disparate data

stores, when combined with the capability of deriving intelligence from them, will

make the system competent, providing a distinctive edge over the existing traditional

HIS solutions. Employment of big data analytics in healthcare domain will accelerate

efficiency and conjointly will provide breakthroughs in research and stimulate new

discoveries [167]. Recently, many researchers have focused on the capabilities of big

data analytics in the healthcare sector [168–172].

Some of the future directions of research in the area are:

1. Demonstrating that PolyglotHIS can help the healthcare industry to derive

useful information from data by incorporating the provision of deriving intelli-

gence from the stored data.

2. Applying analytics to patient profiles employing strategies such as segmentation

and predictive modeling through which the system can pro-actively identify
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individuals who may derive benefit of preventative care or lifestyle changes.

The biggest challenge before researchers is for applying analytics or machine

learning algorithms, is the limitation that data must be accumulated at one

place in an analyzable format. All three data-stores chosen for implementation

of the system are scalable and inherently support various data analytics tech-

niques. For example all of them support the combination of Hadoop and map-

reduce functionality either directly (MongoDB) or in-directly (PostgreSQL and

Neo4j) using wrappers. MongoDB’s built-in support for map-reduce model en-

ables the application of data analytics on operational data. Additionally, data

stored in MongoDB can be used comfortably with analytical tools such as

JSON Studio and Pentaho.

3. The researchers plan to use MADlib on PostgreSQL for doing predictive analyt-

ics, where MADlib is an open-source library to perform in-database analytics.

Data stored in Neo4j can also be analyzed to discover genetically inherited

diseases and to find associations across various doctors/hospitals/laboratories

via examining their referral patterns.

4. Spurred by the recent advancements, the researcher plans to make use of pop-

ular data-analytics tool – Tableau to deduce and visualize useful results from

the data. This tool will be very beneficial especially for the doctors enabling

them to reach a quick and accurate diagnosis. Tableau has been designed to

accelerate real-time conversations with data over multiple data-stores. Hos-

pitals employing Tableau over polyglot-persistence software will benefit from

its distinct competitive advantage. Recent versions of Tableau support various

NoSQL data-stores, including MongoDB and Neo4j, thereby facilitating big

data integration. Features of Tableau such as flexibility and creativity make it

the most suitable tool for health-care data analytics.

5. While we have elucidated the applicability of Polyglot-persistence in HIS, con-

sidering a variety of data that can easily be segregated to diverse categories

of NoSQL data-stores, the concept may be applied equally well to any other
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application domains, where different parts of the same application handle dif-

ferent data formats, such as retail applications and social-networking websites.

In future it is possible to explore, other use-cases where polyglot-persistence

may prove its usefulness.

6. In the current research, we have considered only two classes of NoSQL data-

stores. The system may be extended to support other classes of databases

(key-value, column-oriented, XML, NewSQL) also.
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