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Abstract 
 

NoSQL databases are developed to provide a set of new big data management features while overcoming certain limitations of relational 

databases. However, these databases are heterogeneous; they provide different mechanisms for storing and retrieving data, which directly 

affect the performance, consistency and availability of data. In addition, they offer different models of data storage, different implemen-

tations, query languages and APIs. This wide variety of platforms makes data interoperability difficult. Data interoperability can be de-

fined as the ability of an application to interact at the same time with a set of different and heterogeneous systems. The goal of our re-

search is to design a new approach that makes it easy for applications to analyze and explore data stored in multiple NoSQL databases. 

Our approach is based on a Meta model for transforming data from one model to another. Also, we have developed a common API that 

hides the access specificities of each NoSQL database while allowing the transformation of this data into JSON format. 
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1. Introduction 

Since there are different types of NoSQL databases (key-value, 

document store, columnar store, graph database) that have differ-

ent performance and different behavior in terms of availability and 

consistency, some companies are not satisfied with the use of a 

single NoSQL database. Generally large applications, such as 

Facebook, Google, LinkedIn, Amazon etc., require the use of mul-

tiple NoSQL databases. Sometimes every part of this kind of ap-

plication uses a NoSQL database. This popular case known as 

polyglot persistence [1], refers to the fact that an application uses 

several NoSQL databases simultaneously to meet the needs of the 

company. 

Unfortunately, writing the code of an application that uses multi-

ple databases is not easy and sometimes very constraining for the 

developer. For example, in the case of relational databases, just 

use the JDBC API to access a MySQL database, Oracle and oth-

ers. For cons, the lack of a standard for accessing NoSQL data-

bases is a great problem, as each NoSQL database has its own data 

model, query language and APIs. This kind of problems related to 

the heterogeneity of NoSQL databases has been evoked for the 

first time by Stonebraker [2]. 

The real value of big data is in the insights it produces when ana-

lyzed—discovered patterns, derived meaning, indicators for deci-

sions, and ultimately the ability to respond to the world with 

greater intelligence. Big data analytics is a set of advanced tech-

nologies designed to work with large volumes of data. It uses so-

phisticated quantitative methods such as machine learning, neural 

networks, robotics, computational mathematics, and artificial in-

telligence to explore the data and to discover interrelationships 

and patterns [3]. But when data of a company or an organization is 

managed by heterogeneous database management systems (Redis, 

Mongodb, Cassandra, Hbase, Voltdb, Couchbase, Memcached, 

etc.), querying and data analysis become very difficult. So we face 

the problem of data interoperability [4]. 

Big data interoperability problem is produced when we want to 

exploit and analyze data stored in heterogeneous systems. Storing 

data in different representations makes data querying and interpre-

tation difficult. For example, this problem arises if we want to 

make statistics on the data stored in several institutions of the 

same organization, several subsidiaries of the same company, 

several commercial sites of the same mall or intelligent sensors in 

the same city. 

The goal of this work is the design and implementation of a new 

approach that facilitates the interoperability of NoSQL databases, 

in particular key-value store, document store and columnar store. 

This approach is based on the following principle: to develop an 

application that queries or analyzes data distributed across multi-

ple NoSQL databases (data sources). We start by integrating this 

data into another target NoSQL database to prepare it for query-

ing. Since data sources can have different data models (key-value 

store, document store or columnar store). This phase requires data 

transformation to the model of the target database before data 

integration in the same data warehouse. To make the transfor-

mation simple and efficient we have adopted the HashMap data 

model as a transformation metamodel. Thus, initially, the source 

data is transformed to our metamodel and then to the data model 

of the target database. Given N different models, the direct trans-

formation from one model to the other requires N * (N-1) trans-

formations in place of 2 * N with the use of a metamodel. Once 

data integration is done, applications and users can query the tar-

get database directly. To validate our approach, we have devel-

oped a framework that allows transformations from source data-

bases with different data models to the HashMap metamodel: 

Redis (key-value store), Cassandra (columnar store), and Mon-

goDB (document store). 
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This paper is organized as follows: section 2 presents different 

approaches for big data interoperability. In Sections 3, 4, 5, 6 and 

7 ,  we present a new approach for real time big data interoperabil-

ity. Section 8 provides a conclusion and some open issues. 

2. Related Work 

Currently, there are several works that address the big data in-

teroperability. These approaches can be classified into 4 categories: 

framework [5, 6,7], generic API [8, 9, 10,11], federated approach 

[12, 13] and model-driven architecture based approach [14].  

According to the results of our previous study [15], ONDM is the 

best approach for big data interoperability. This approach perfect-

ly solves the problem of heterogeneous data models by NoAM 

(NoSQL Abstract Model) [5], having a good performance, flexible 

and can be easily used in a cloud environment. It remains to im-

prove this framework to run complex queries such as aggregates 

functions. 

The federated approach has the advantage of introducing a SQL-

like query interface, making it easy the execution of complex que-

ries. But this solution is strongly related to NoSQL databases used 

for data storage. The modification or addition of a new database 

causes the rewriting of the solution code. 

ODBAPI is a good approach, implemented in a cloud environment 

and flexible. However, it does not provide a complete solution to 

the data models heterogeneity problem and its performance has 

not been evaluated. 

Although these works facilitate access to several NoSQL data-

bases through a single application. Some are more effective than 

others. Except federated approaches that adopt a language similar 

to SQL, most approaches allow only the CRUD operation. the 

generalization of CRUD operations facilitate data integration  but 

do not provide an effective solution to the interoperability problem 

that require the execution of more complex queries (e.g. GROUP 

BY, LIKE, JOIN, etc.). This kind of complex queries is at the base 

of Big Data analytics. Some did not take into account other cate-

gories of data stores such as column data stores and graph data 

stores, some are implemented in a cloud environment other none. 

3. An Approach for Big Data Analytics on 

Heterogeneous Nosql Dbaas 

Our approach is based on the model of the figure below 

 
Fig. 1: approach model 

This model can be divided into two main layers: 

Meta Layer: the data we want to analyze comes from several 

databases, each one has its own data storage model (key-value 

store, document store, columnar store). The role of this layer is to 

solve the problems related to the heterogeneity of NoSQL data-

bases including the heterogeneity of data models. To do so, this 

layer adopts a logic based on a Meta model. A Meta model is a 

generic model to which data from different data sources will be 

translated. After this phase of transforming the data from the 

source databases to a Meta model, comes the integration phase of 

the data into a target database which is our Data Warehouse. 

 

Data Warehouse (DW): A database used to collect, integrate data 

from operational databases, and provide a decision support. This 

data can be analyzed either by the query language specific to this 

database, visualization or reporting tools, predictive algorithms, or 

by applications using the MapReduce Framework, Apache Spark 

or other APIs. 

4. Meta Layer 

As we have already mentioned, the role of this layer is to solve the 

problem of heterogeneity of NoSQL databases. This requires the 

extraction of data from the source databases and the transfor-

mation of these data to the data model of the target database (data 

warehouse) or to a Meta model. In our approach, we have opted 

for the transformation to a Meta model: suppose we have N source 

databases, the transformation to a Meta model or to the model of a 

target database requires N transformations. In the second case, a 

possible change of the target database causes N other transfor-

mations to the new database. On the other hand, in the first case, 

the addition of a single transformation from the Meta model to the 

new target database is necessary. This makes the extraction and 

transformation APIs of the Meta Layer independent of the repre-

sentation of data in the data warehouse. 

4.1. The Meta model 

We adopted the data model of a hash table as a Meta model. 

A hash table (hash map) is a data structure which implements an 

associative array abstract data type, a structure that can map keys 

to values. Each element of the table is accessed by its key. So our 

meta model (Figure 2) can be seen as a set of entries, each entry 

has a key and a value, the key is usually a string, the value can be 

of elementary type (int, float, string, date, boolean), a list or 

HashMap. We chose the data model of a hash map like Meta 

model because most programming languages implements this 

structure. In addition, they provide APIs that make it easy to load 

data into a hash table. 

 
Fig. 2: The Meta model 
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4.2. Transformation rules 

Once the Meta model is defined, we need to establish a set of 

transformation rules to perform the transformation from different 

NoSQL data models to our Meta model. NoSQL databases can be 

classified according to four categories:  key-value store, columnar 

store, document store and Graph database. In this work, we only 

considered the first three categories. The table below shows a 

comparison between the different data models: 

 

Table 1: A comparison between different data models 

 
 

In the following, we present the transformation rules from the 

different models of NoSQL databases to our Meta model, as well 

as our transformation algorithms. 

4.2.1. Transformation rules from Key-Value store 

In key-value store (Figure 3), data is simply represented by a key / 

value pair, both the key and the value can be of any structure, their 

model can be likened to a distributed hash table. The key must be 

self-descriptive with respect to a schema. For example "object-

type: id" is a good idea, as in "Patient: 01". The value can be of 

type: Binary-safe strings, Lists, Sets, Sorted sets, Hashes. 

 

 
Fig. 3:  Key-Value store example 

 

The transformation from a Key-Value database to a hash table is 

quite simple (Algorithm 1), as both structures have the same data 

model. For example, if you want to prepare patient data for analy-

sis. We need to extract all patient-type entities to load into a new 

Hash Map named dataHashMap. In this case, the keys of the 

dataHashMap will be the identifiers of the patients (we extract the 

value after the first ':'), the values are of type Hash Map. The value 

that corresponds to each patient is a Hash Map whose keys are the 

properties of the patient (the fields after the second ':') and the 

values are the values of these fields. Thus, one can have several 

nested Hash Map. 

 

 

 
Fig. 4: the result of algorithm 1 after the transformation 

4.2.2. Transformation rules from columnar store 

The columnar store type (Figure 5), are conceptually quite close to 

the relational tables (Column Family): they contain columns with 

a data type and Super Columns. Each line of this table has a 

unique key. Inside the table, Super Columns are defined and group 

together a set of columns. The Super Column is predefined, while 

the columns in it are not predefined. From one line to another, the 

columns in a Super Column may vary depending on the data 

stored. 

 

 
Fig. 5: The column-oriented database example 

 

So, if we do the mapping between the columnar store model and 

our Meta model (HashMap). The big table (Column Family) is a 

HashMap. The keys of the HashMap are only the identifiers of the 

rows of the table. At this level, the value that corresponds to each 

key is another HashMap whose keys are the names of the columns 

of the same row and the values are the values of these columns. If 

the column is a Super Column (groups several columns). In this 

case, the key is the name of the group and the value is a HashMap 

with the names of columns as keys and their values as values. 

Algorithm 2 shows our transformation logic from the columnar 

store model to our Meta model. 
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4.2.3. Transformation rules from document store 

 

A document store database (Figure 6) consists of a set of collec-

tions. Each collection is a set of JSON documents. Each document 

is identified by an ID. Documents do not necessarily have the 

same structure. 

 

 
Fig. 6: document database example 

 

We will also describe the mapping rules between the document 

store model and our Meta model (HashMap). Each collection cor-

responds to a HashMap. The identifier of each document in the 

collection is a new key in the HashMap. The value that corre-

sponds to each key is another HashMap whose keys are the names 

of the fields of the current document and the values are the values 

of these fields. If the field is composed of several other fields, its 

value is a HashMap whose keys are the names of the component 

fields and the values are the values of these fields. If the value of 

the field is an array, we build a list whose each line is a HashMap 

that contains the fields and their values. Thus, we make a recur-

sive call to scan all nesting, but in general, in our experience, the 

number of nestings does not exceed 3 from the root of each docu-

ment. Algorithm 3 shows our transformation logic from the doc-

ument store model to our Meta model. 

 

 
 

4.2.4. Serializing the contents of a HashMap in a Document 

Database 

 

After data extraction and transformation comes the step of inte-

grating data into a target database. So we have to load the data 

from our Meta model (HashMap) to the model of the target data-

base. In our implementation, we chose the MongoDB database 

which is a document store based like a data warehouse. We justify 

this choice in detail in the following section. In addition, Mon-

goDB provides an API that allows the automatic serialization of a 

JAVA object in JSON format. This makes it quite simple to inte-

grate the contents of a HashMap into a MongoDB collection (Al-

gorithm 4). 

 

 

5. Data Warehouse 

The data warehouse is a NoSQL database that has two main roles: 

• Integration of data collected from different sources 

• Data analysis 

 

For data integration, any NoSQL database can fulfill this role, our 

approach is independent of the target database. But the need to ana-

lyze this data pushes us to choose this database carefully. Especial-

ly in Big Data, the analytic part becomes more and more important. 

For advanced and real-time big data analytics, the best framework 

you can use is Apache Spark [16]. According to the official version, 

Spark uses the Hadoop HDFS file system. 

Spark offers a complete and unified framework to meet the needs 

of real time big data analytics for various datasets, various by their 

nature (text, graph, etc.) as well as by the type of source (batch or 

real-time flow). It allows to quickly write applications in Java, Sca-

la or Python and includes a set of more than 80 high-level operators, 

it is possible to use it interactively to query the data from a shell, in 

addition to the operations of Map and Reduce, Spark supports SQL 

queries and data streaming and offers machine learning and graph-

oriented processing functions. Developers can use these possibili-

ties in stand-alone or by combining them into a complex processing 

chain.  

Once the data is stored in the Hadoop file system (HDFS), the Ha-

doop ecosystem offers other sophisticated analysis tools: MapRe-

duce Framework, Pig & Hive that offer a language similar to SQL, 

Mahout for machine learning algorithms, cloudera Impala. Thus, 

we chose Hadoop ecosystem as data warehouse in our approach. 

6. A JAVA API for NoSQL Databases In-

teroperability   

To test our approach, we developed a JAVA API that facilitates 

the interoperability of NoSQL databases (Figure 7). This API was 

developed in a cloud platform specific to each system (redislabs 

for Redis, datastax for Cassandra, mLab for MongoDB) 

 

 
Fig 7: An API for NoSQL databases interoperability 
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In this API, the super class is the NoSQLHandler class , this class 

contains two methods: 

 

• The extract method: at this level this method is abstract, its 

code is redefined in the RedisHandler , CassandraHandler  

and MongoDBHandler classes. This method receives as pa-

rameters the database path and the name of the entity (global 

key for Redis, a family of columns for Cassandra, a collec-

tion for MongoDB). The code of this method extracts all data 

from the database entity given in parameter and loads them 

into the HashMap data. The HashMap metadata contains in-

formation about the entity name and the names of the col-

umns and their types. In section V.B of this chapter, we pre-

sented and explained in detail the transformation algorithms 

used in this method for each type of database. 

 

• The serialize method: this method makes it possible to seri-

alize the contents of HashMap data in a MongoDB collection 

whose name is given in parameter. The serialization algo-

rithm used in this method is presented in section V.B the 

MongoDB BasicDBObject class makes it easier to serialize a 

HashMap into a collection.  

7. Case study 

To test the validity of our approach, we applied it to a case study 

inspired by the field of health. In this case study, the management 

of a group of hospitals wants to analyze data stored in several 

sites. The first hospital implements the Redis system (Key-Value 

store), the second the Cassandra database (Columnar store) and 

the third uses the MongoDB database (Document store). Figure 8 

presents the data model of this group. 

 

 
Fig. 8: case study (group of hospitals) 

 

Management can issue requests such as: 

• The number of people affected by a particular disease? 

• The list of effective treatments for a given disease? 

• The patient consultation history at the group level? 

It is obvious that these requests require the interrogation of the 

three systems of the group 

 

Figures 9, 10, 11 show an extract from the dataset of each data-

base: 

 
Fig. 9: RedisLabs database 

 

Fig. 10: Cassandra (datastax) database 

 
Fig 11: MongoDB (mlab) database 

 

The extraction and loading code in the target collection:  
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Listing 1: A test JAVA code 

 

We can notice that with our API, access to several NoSQL data-

bases has become so easy. After the execution of this program, we 

will have the following result: 

 

 
Fig. 12: Data after serialization 

 

Now, we can do analysis, for example, there are several possibili-

ties to know the number of people affected by Parkinson's disease: 

 

First alternative (MongoDB Aggregation Pipeline): 

 
Second alternative (MapReduce): 

 

 
Third alternative (Apache Spark): 

 

 

8. Conclusion  

In this article, we introduced a new approach for real time big data 

analytics on heterogeneous NoSQL dabases. Our approach is 

based on the following principle: to develop an application that 

queries or analyzes data distributed in several NoSQL databases 

(data sources). We begin with a phase of integration of these data 

into another target NoSQL database to prepare them for the query. 

Since data sources can have different data models (key-store, doc-

ument store or columnar store). This phase requires the transfor-

mation of data to the model of the target database before the inte-

gration of these data. Thus, we have developed an API for the 

integration of distributed data in a single data warehouse. Finally, 

we applied our approach to the healthcare case study to show that 

our approach facilitates the analysis and exploration of data stored 

in multiple data sources. 
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