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NoSQL databases have emerged as an alternative to relational databases, which do not meet all
the currently imposed scenarios. Large applications that handle a variety of data formats often use
several types of databases and the need to migrate data between them is common. There are several
approaches that perform this type of conversion. However, the process of choosing the ideal data
structuring for the application requirements is not a trivial task. In this paper, we present a RDB
to NoSQL conversion approach composed by steps for defining, evaluating and comparing candidate
NoSQL schemas (data structuring) in relation to the applications access pattern, before migrating RDB
data to NoSQL document store. We present a set of query-based metrics and scores to assist the user
in the schema selection process and a framework to migrate RDB data to NoSQL format. Finally, we
present experiments to evaluate the benefits of our approach and the correlation between metrics
results and query implementation effort after migrating RDB to NoSQL.

© 2021 Elsevier Ltd. All rights reserved.
1. Introduction

Most applications that manage data use relational databases
RDB) as their main persistence layer. The ACID (atomicity, con-
istency, isolation and durability) properties and the existence of
he SQL query language are often determining characteristics for
he choice of the relational model. However, relational databases
ave limitations to deal with applications that need to manage
ata at a large scale (e.g. Big Data) and without a predefined
tructure [1]. As an option, NoSQL databases [2] emerged to meet
he requirements of these scenarios. NoSQL databases differ from
DB in terms of architecture, data model and query language, and
re typically classified based on the adjacent data model used
o store the data. The main four classes are: document, column
amily, key–value and graph-based models. NoSQL databases do
ot require a schema definition before writing the data, and many
f them follow the schema-on-read approach. However, even
ithout the obligation to define a schema, there is an implicit
chema in the data or application code. We will use the term
chema in the rest of the article to denote the structure of data
hat will be stored in the NoSQL database.

It is not uncommon for applications (e.g. web or mobile) to
se different types of databases to achieve certain storage re-
uirements such as consistency, availability or performance. We
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can also cite requirements such as schema flexibility and code
maintainability, which are important in the context of application
development and evolution. In these scenarios, data migration
between different databases is an important task and requires the
use of strategies to convert schema and data in such a way the
data is stored in the proper place.

Two data models widely used in such scenarios are RDB
and NoSQL document store.1 There are different approaches
presented in the literature to convert RDB to NoSQL document
stores. Some of them consider just the structure of the RDB (tables
and columns) in the conversion process [3,4], while others also
consider the access pattern of the application [5–7]. Likewise,
there are works that aimed at defining optimized schemas [7–
9], requiring as input the conceptual model of the application
and its workload, including expected database size and queries.
However, all of these approaches have limitations in dealing
with or highlighting conflicts in choosing the best schema when
queries have an opposite access pattern between them. In certain
cases, the expert knowledge is the only guarantee that a produced
document was appropriate (or not).

Another option for converting RDB to NoSQL is through Object-
NoSQL mappers (ONM), which are platforms that allow access
to NoSQL databases through a standard API. There are different
ONMs like Hibernate OGM [10], Impetus Kundera [11], EclipseLink
[12], DataNucleus [13] and Spring Data [14] that provide support

1 https://db-engines.com/en/ranking.
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or CRUD operations and, in some cases, support for complex
ueries against different NoSQL databases. Migrating from RDB
o NoSQL using ONMs can be direct, where ONM is configured to
ead the data from the RDB and persist in the NoSQL database,
ollowing the standard ONM API format for persisting the data,
r indirect, where the developer defines and performs transfor-
ations on the data before persisting it in the NoSQL database,
hich is not always a trivial task.
In this paper we present a RDB to NoSQL document store

onversion approach composed by steps for defining, evaluating
nd comparing candidate NoSQL schemas, and finally migrating
ata from RDB to NoSQL. In the first step, the user defines a
et of candidate NoSQL schemas and the application access pat-
ern using the RDB metadata as input. The user can define a
chema manually or use a schema produced by existing con-
ersion approaches. We use DAGs (Directed Acyclic Graphs) as
n abstraction to represent the structure of the schema entities
nd the query access pattern. In the second step the approach
alculates the coverage provided by each schema in relation
ith the set of input queries. To do that, we present a set of
uery-based metrics and scores to measure the coverage between
chema and queries. Currently, the approach is limited to read
ueries, which are previously known to the user. In the third
tep the user evaluates the candidate NoSQL schemas through
etrics and scores, calculated in previous step. Steps 1 to 3 are
erformed using our tool QBMetrics. Finally, in the last step the
elected schema is sent to Metamorfose, our data transformation
framework, that reads RDB data, transforms and persists in NoSQL
format. It enables having output documents better fitted to the
target application.

The goal of our approach is to identify the NoSQL schema
that has the greatest coverage against the query access pattern.
When the schema and query have matching access patterns, the
number of operations required to retrieve and format the data
is less, which positively affects the execution time of queries.
However, we do not intent to identify the schema that has the
best performance for executing queries, in which it is necessary
to consider aspects such as size and cardinality of document
collections, which are not always available when migrating the
data and are not explored in this work. Our approach is designed
to perform a one-way data migration, and we do not address
schema and query changes that might arise after migrating data
from RDB to NoSQL. There are approaches that address these
aspects, such as [15] which defines operators to perform the
schema evolution of relational bases, and [16] which addresses
the schema evolution of NoSQL bases as the application evolves,
which are beyond the scope of our work.

To evaluate our approach we performed a conversion from
a relational database to MongoDB. The choice of MongoDB was
motivated by the fact that it is a document-oriented database
widely used by data-intensive applications.2 In addition, Mon-
goDB provides an expressive query language called MongoDB
Aggregation Pipeline, which allows us to perform complex queries
on document collections. Based on the set of operators available
by the MongoDB query language we define a set of query imple-
mentation guidelines that serve as a basis to measure the effort of
implementing queries on different NoSQL schemas in an objective
way. Furthermore, we believe that the language provided by
MongoDB is a promising solution, given that there is no standard
language for document-oriented database access.

The overall approach is based on our previous work [17–19],
where parts of the process to convert RDB to NoSQL document
store is presented. The extensions and contributions of this paper
are summarized as follows:

2 https://db-engines.com/en/ranking.
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• A RDB to NoSQL document store conversion approach com-
posed by steps for defining, evaluating and comparing can-
didate NoSQL schemas, and finally migrating data from RDB
to NoSQL.
• A new metric (FArray) used to identify queries in which

its filters (or predicates) are located in arrays of embedded
documents, which has a negative impact on query imple-
mentation.
• A set of guidelines for implementing input queries (appli-

cation access pattern) using MongoDB Aggregation Pipeline.
This framework allows expressing a query as a pipeline,
consisting of a set of stages that represent operations on
documents.
• A set of experiments used to evaluate our approach, con-

sidering schemas generated from different RDB to NoSQL
document strategies presented in the literature. In this pa-
per, we extend our previous evaluation and define three
distinct scenarios, considering the i) number of collections
required to answer the queries, ii) the schema with best
access pattern coverage, and (iii) the selection of preferred
queries.
• A detailed comparison of the query implementation effort

for each schema, based on the number of lines of code (LoC)
and number of stages required to implement the queries in
MongoDB using our guidelines. We also present a correla-
tion with our query-based metrics results.

The remainder of this paper is organized as follows: Section 2
presents the motivation and related work about RDB to NoSQL
document conversion scenario. In Section 3 we present our RDB
to NoSQL conversion approach and how we represent NoSQL
schemas and queries as DAGs. Sections 4 and 5 present our
query-based metrics and scores, and our data transformation
framework, called Metamorfose. In Section 6 we show guide-
lines to implement the input queries in the NoSQL document
store, considering the structure of schema and query DAGs. Sec-
tion 7 deals with experiments and results. Finally, conclusions
and future work are provided in Section 8.

2. Motivation and related work

Before presenting our RDB to NoSQL approach, let us introduce
a RDB to NoSQL document conversion scenario which is used
in the remainder of this article. Fig. 1 shows a RDB schema
composed of seven tables [20].

There are different ways to convert the RDB tables to NoSQL
documents. One way is to migrate all tables to collections of
documents and use references to represent the relationships.
Another way is to de-normalize some tables and to use embedded
documents or arrays of embedded documents to represent the
relationships. We can manipulate the data in NoSQL document
as aggregates [2], which consist of a collection of related objects
treated as a single unit, which can be retrieved from the database
with just one read operation. Furthermore, there is no standard
to define the composition of an aggregate, being dependent on
how the application accesses the data. In contrast, the concept
of aggregates is not supported by relational databases, which are
based on tables and relationships between tables, and data should
be normalized to avoid redundancy. The relational model allows
us to manipulate data in different ways, based on operations on
tables, but it does not allow us to nest the data and treat it as
aggregates, which is a nice feature when we want to store related
data close together to optimize read operations. The conversion
of RDB tables and relationships into collections of documents is a
process often empirical and depends on several aspects, includ-
ing the access pattern of the application, the size of generated

https://db-engines.com/en/ranking


E.M. Kuszera, L.M. Peres and M. Didonet Del Fabro Information Systems 105 (2022) 101941

v

Fig. 1. Example RDB schema.
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entities, the entity nesting level and also aspects of application
as maintainability and code readability.

Although NoSQL document stores do not have an explicit and
fixed schema, a document has a structure that needs to be known
in advance to allow the formulation of queries. This structure is
used to represent the schema of a database entity. Fig. 2 shows
two schema possibilities for converting the RDB tables to NoSQL
documents. We represent the schemas through DAGs, in which
there is a root vertex (Level 1) that represents a collection of
documents and the remaining vertices are embedded documents.
Schema 1 has four collections: Customers, Orders, Orderlines, In-
entory and Reorder. The Customers and Reorder collections store

simple objects with no other nested objects. The Orders collection
stores Orders objects composed of an array of Orderlines objects.
The Orderlines collection stores Orderlines objects composed by
one Product object, which in turn embedded one Inventory object.
The last collection stores Inventory objects that embedded one
Product object. In contrast, Schema 2 has a different structure.

Both Schema 1 and Schema 2 differ in terms of structure,
with different entity nesting order and depth of the DAG. The
question is how to choose the best one, considering that we can
have queries where the access pattern corresponds to the schema
and queries that the access pattern is inverted in relation to
the schema, impacting the implementation effort and execution
time of the queries. The process of choosing the schema is not
easy and often is performed manually by the expert user, who
knows the requirements of the application (e.g. access pattern).
So, in this work we present an approach to help in the process of
choosing the suitable NoSQL schema to migrate the RDB data. In
the following sections we will present the works related to our
approach.

2.1. RDB to NoSQL document approaches

Different approaches have been presented to convert RDB to
document-oriented NoSQL databases [3–7]. These approaches de-
fine different ways to convert relational data to nested data. [3,4]
are automatic solutions that receive the RDB metadata and E-R
diagrams as input, and apply rules that evaluate the dependencies
between tables and the direction of relationships (PK-FK order)
3

Fig. 2. Two schema possibilities for converting the RDB tables to NoSQL
documents.

to decide how to nest data. The approaches [5–7] are semi-
automatic and the user provides a kind of table classification to
guide the translation. This table classification is used to decide
which tables should be embedded together. In [5] the RDB tables
should be classified as main, subclass, relationship and common
y the user. Table classification is used by an algorithm that
est subclass and common tables in the main table, and using
eferences to translate relationship tables. The approach from [6]
as a different classification composed of four classes: codifier,
imple entity, complex entity and N:N-link. An algorithm receives
he classified tables and a base table, called ‘‘table in focus’’, and
uilds a tree that represents the structure of the document. In [7],
ags are used to classify RDB tables and relationships, according
o the RDB data and characteristics of the queries. The tags are
requent join, modify, insert and big size and are applied over the
E-R diagram of the RDB. From the annotated E-R diagram, an
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lgorithm builds a NoSQL schema using embedded documents or
eferences to nest entities.

All these approaches provide different ways to convert RDB to
oSQL document stores, but they do not define ways to evaluate
f the produced data and corresponding schema meets the appli-
ation’s requirements, as access pattern or query implementation
ffort.

.2. NoSQL Schemas

Our approach has relation to works that define schemas for
oSQL document store. The work [21] defines the NoSQL Abstract
odel (NoAM), that uses application’s functional requirements to
odel aggregates (set of entities) to create the NoSQL schema.
oAM provides guidelines to consider application requirements
uch as scalability, performance and consistency during the mod-
ling process. The work from [22,23] present approaches to trans-
orm a conceptual model (UML class diagram) into a NoSQL
hysical model. Additionally, [23] use a set of queries provided
y the user to guide the generation of the schema, storing to-
ether related entities. Different from our approach, these works
o not provide means to evaluate different schema options in
elation to a set of queries that represent the access pattern of the
pplication. Works were defined to generate optimized schemas
or column-family [24,25] and document [7–9] oriented NoSQL
atabases, based on the target application workload (queries and,
n some cases, database size.). Our approach can be used to
valuate and compare the output schemas of these works, before
igrating data from RDB to NoSQL.
In [26] guidelines are presented for migrating RDB to column-

amily NoSQL databases. The guidelines address the use of denor-
alization, translation of SQL queries to NoSQL, use of indexes
nd column families. However, the work explores only one alter-
ative of a denormalized schema in the experimental evaluation
arried out, discarding other alternatives that may impact the
esults. Guidelines-defining works can be used in our approach
o create a set of NoSQL schemas to be evaluated and compared.

.3. Wrapper-based strategies and object-NoSQL mappers

Another way to migrate RDB to NoSQL is through wrapper-
ased strategies and object-NoSQL mappers. In [27] a survey is
resented on approaches based on wrappers, which map the
QL commands to operations supported by the target NoSQL
ase. These approaches allow the rapid migration of applications
ased on relational databases to NoSQL, but limit the options for
tructuring data (e.g. different forms of nesting) depending on the
trategy used to map SQL to NoSQL [28–32]. Our approach focuses
n the migration of relational databases to NoSQL databases,
here the user can take advantage of all the data structuring

lexibility provided by NoSQL databases.
Object-NoSQL mappers or ONMs are data access middleware

hat allow the developer to access different NoSQL databases
hrough a standard access interface, hiding the complexities of
he underlying database. Typically, ONMs provide CRUD opera-
ions and limited query features. ONMs can be used to migrate
ata from RDB to NoSQL, in which the developer should imple-
ent the source and target model, and the transformation logic

o adapt the RDB data to the target NoSQL model. Uta et al. [33]
resented an evaluation of five ONMs (Hibernate OGM [10], Kun-
era [11], DataNucleus [13], EclipseLink [12] and Morphia [34]),
xploring their capabilities and performance overhead regard-
ng the use of native drivers. Rafique et al. [35] presented an
valuation of three ONMs (Playorm [36], String Data [14] and
undera [11]) in terms of performance overhead and the cost of

orting a prototype application from MongoDB to Cassandra and E

4

vice-versa, using and not using ONMs. However, the evaluation
only considers the LoC necessary to port the application data
model to the target NoSQL, without exploring different ways
to structure the data in the target NoSQL. In both works, the
results showed that ONMs have good support for CRUD oper-
ations and provide application portability and interoperability
between NoSQL databases. However, there are limitations on
query expressiveness and schema evolution support.

Our approach differs from these works because we aim to
evaluate different ways to structure the data (use of nesting, order
of nesting, use of referencing, etc.) against the access pattern
of the application, and select one schema to execute the data
migration from RDB to NoSQL. Furthermore, our approach auto-
matically generates operations to transform the RDB data to the
target NoSQL model.

2.4. Metrics for evaluating schemas

A metric is a numerical value for an attribute of a given
entity used for evaluation or comparison with previously estab-
lished values or standards. In the literature, different metrics have
been proposed to assess the quality of data and corresponding
schemas.

For relational [37] and multidimensional [38] schemas, there
are objective metrics that count the number of elements in the
conceptual schema (entities and relationships, for example), and
subjective metrics that involve project stakeholders. These met-
rics are used to assess whether the schema is considered com-
plete, simple, correct, flexible, easy to implement, among oth-
ers. Metrics for evaluating XML schemas are usually adaptations
of the metrics defined in software engineering. They measure
aspects such as structure (number of elements, attributes, en-
tities and notations), clarity, optimality, minimalism, reuse and
flexibility of XML schemas [39,40].

The metrics commented above can be used or adapted to
assess how the data is structured in NoSQL databases. The work
by [41] presented eleven metrics to evaluate data structuring
alternatives to assist the user in the process of selecting the most
appropriate document store schema. They defined the following
metrics: (i) colExistence and DocExistence to verify the existence of
elements in the schema, (ii) colDepth, globalDepth, docDepthInCol,
axDocDepth and minDocDepth to calculate the depth of schema
lements, and (iii) docWidth, refLoad, docCopiesInCol and docType-
opies to calculate the size and number of occurrences of schema
lements. These metrics focus on aspects related to the structural
omplexity of the schema, without considering the access pattern
f the application, which is a key aspect in the selection process
f the schema. Our approach uses DAGs to represent schemas,
imilarly to the tree structure used in [41], but differs in the
urpose of the metrics, which we are focused on the application’s
ccess pattern.

. Our RDB to NoSQL approach

In this section we present our RDB to NoSQL conversion ap-
roach. The approach is composed by steps for defining, evalu-
ting and comparing candidate NoSQL schemas in relation to the
pplication’s access pattern.
Fig. 3 shows the steps and architecture of the approach. In step

. Definition of Schemas and Queries the user defines a set of
andidate NoSQL schemas and the access pattern. We use DAGs
s an abstraction to represent the structure of the schema entities
nd to represent the query access pattern. In step 2. Calculation
f Metrics and Scores is calculated the coverage provided by
chema in relation to the set of input queries. In step 3. Schema

valuation and Selection the user evaluates the candidate NoSQL
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Fig. 3. Steps and architecture of the RDB to NoSQL conversion and data migration approach.
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schemas through metrics and scores, calculated in previous step.
Steps 1 to 3 are performed using our tool QBMetrics [19]. Finally,
n step 4. Data Migration the selected schema is sent toMetamor-
fose [17], our data transformation framework. The next sections
show an overview of the steps of the approach.

3.1. Step 1: Definition of candidate schemas and queries

In this step we define one or more candidate NoSQL schemas
and the set of queries that represent the application’s access
pattern. It is worth noting that in a context of conversion from
RDB to NoSQL the application queries are known and defined as
SQL commands. The aim is to provide a way to represent a NoSQL
schema and compare it to the application’s access pattern. The
user can define a schema manually from scratch or use a schema
produced by existing conversion approaches as a template.

In the following we present more details about schema and
query definition through DAGs.

3.1.1. NoSQL Schema represented through DAGs
We use DAGs as an abstraction to represent document-

oriented NoSQL schemas. A NoSQL schema is defined as a set
of entities represented as DAGs. An entity represented as a DAG
has a tree structure and relates one or more tables of the input
RDB. A DAG is defined as G = (V , E), where the set of vertices V
represents the RDB tables and the set of edges E the relationships
between tables. The vertices encapsulate the metadata of the
respective RDB table, including table name, fields and primary
key. The edges encapsulate the metadata of the relationship
between two tables, including the primary and foreign keys and
which table is on side one or side many of the relationship.

Fig. 4 shows four DAGs (Customers, Orders, Orderlines and
Inventory) built from the RDB of Fig. 1. The root vertex (gray
background color) represents the target NoSQL entity, the other
vertices (white background color) represent the nested entities
and the edge direction indicates the nesting direction. For exam-
ple, in DAG Orders, Products is nested with Orderlines which in
turn is nested with Orders. The target NoSQL entity is materialized
as a collection of documents, and the cardinality of relationships
(noted on the edges) is used to guide how the RDB data will be
transformed to generate the NoSQL entity.
5

Fig. 5 shows a document-oriented NoSQL schema based on
DAGs of Fig. 4. Each DAG is mapped to a collection of docu-
ments, where the root vertex represents the first level of the
collection and the other vertices represent the nested entities.
The direction and cardinality of the edges define the direction
and type of nesting between entities. The types of nesting are:
embedded document when the relationship is 1:1 or N:1, and
array of embedded documents when the relationship is 1:N. In
this way, a document-oriented NoSQL schema is defined as Sdoc =
{DAG(c)|c ∈ C}, such that C is the set of document collections.

.1.2. Queries represented through DAGs
We use DAGs to denote the data access pattern of queries.
e consider only read queries, defined by SQL commands in

ELECT-FROM-WHERE format, with support for inner join, left
oin and right join. Our approach does not support queries with
ub-queries, union, aggregations and stored procedures, which
e intend to explore in future work.
The set of input queries is defined as Q , and a query q ∈ Q

s defined as q = (Vq, Eq), where Vq is a set of vertices, repre-
enting the query tables, and Eq is a set of edges, representing
he join conditions between query tables. The query predicates
re encapsulated in its respective vertex, and they are defined
s Fq = {vi ∈ Vq}, in which vi represents the RDB table related
o the predicate. We represent the query access pattern as a
AG, defining the joins between tables and on which tables the
redicates are applied. We create two rules to convert a SQL
tatement into a DAG.

• Rule 1: if the statement has only one table, a DAG with one
vertex representing the table is created.
• Rule 2: if the statement has two or more tables, it is neces-

sary to define which table is the root vertex of the DAG. The
other tables are included into the DAG according to the join
conditions.

To identify the join condition in Rule 2, we parse the SQL state-
ent. Then, we apply one of the following subrules to determine
hich table is the root vertex:

• Rule 2.1: if it is a left join, returns the leftmost table in the
FROM clause.
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Fig. 4. Set of DAGs used to represent NoSQL entities..
Fig. 5. Document-oriented NoSQL schema composed of four collections of documents..
• Rule 2.2: if it is a right join, returns the rightmost table in
FROM clause.
• Rule 2.3: if it is an inner join, returns the first table in the

FROM clause.

The purpose of the rules is to establish a uniform translation
echanism to represent the access pattern of queries as DAGs,
onsidering the hierarchical structure of the document-oriented
ata model. When we find an SQL command where there is
ustomer LEFT JOIN Order, we assume that we should look for
NoSQL schema that has a collection of customer, where each
ustomer document has an array of orders. An SQL command with
ustomer RIGHT JOIN Order represents the reverse path. On the

other hand, when we have Customer INNER JOIN Order, we do
ot have join orientation information and we choose to select
he first table right after the FROM clause to define the DAG root.
lternatively, we could check for the presence of the primary key
n the join attributes and use the table that contains it as the root
AG, but this strategy would not work correctly for join queries
ith three or more tables related by primary keys. To illustrate
he use of the rules, let us consider the six queries below, which
se different numbers of tables and join conditions.

q1: select ∗ from orders where id_customer = 1;
q2: select ∗ from orders left join orderlines on id_order =

orderid left join products on id_prod = prod_id where
products.price > 29.9;

q3: select ∗ from products left join orderlines on products.
id_prod = orderlines.prod_id where orderlinedate > ’
01/01/2009’;

q4: select ∗ from inventory inner join orderlines on inventory.
prod_id = orderlines.prod_id;

q5: select ∗ from orders right join customers on id_customer =
customerid where id_customer = 1 and orderdate > ’
01/01/2009’;

q6: select ∗ from orders o left join customers c on o.customerid
= c.id_customer left join orderlines ol on ol.orderid = o.
id_order where id_customer = 1;

We define a parser that applies the rules and creates a DAG
or the input query. Fig. 6 shows the set of DAGs generated after
6

applying the above rules on the SQL queries. F represents the
query predicates (filter) location in the query DAG.

As a result of this step, the access pattern of schemas and
queries are defined as DAGs and are used in the next step to
calculate metrics and scores.

3.2. Step 2: Calculation of metrics and scores

In this step the set of candidate NoSQL schemas and the set of
queries defined in the previous step. Six metrics have been de-
fined to measure the coverage that a NoSQL schema provides for
the application’s query set. As schemas and queries are defined
through DAGs, it is possible to measure coverage objectively. In
addition to the metrics, two scores were defined to assess and
compare schemas. The first one defines a score per query and is
called Query Score (QScore). It allows us to combine one or more
related metrics and define weights to prioritize the importance of
specific metrics. The second is called Schema Score (SScore) and
defines a score considering the coverage of the schema for all
queries, by metric.

3.3. Step 3: Schema evaluation and selection

In this step the user performs the analysis and comparison
of schemas using the QBMetrics tool. QBMetrics provides a set
of reports in which the user can view the values of the metrics
and scores by schema, by query and by metric. The results of the
metrics and scores are used to identify which queries are covered
and which are not covered by the schema, which queries require
two or more collections of documents to produce a result, or to
calculate the coverage that the schema provides considering all
queries. The user can define different weights for the metrics and
queries, prioritizing a certain type of access pattern or prioritizing
certain queries (e.g. frequently performed queries).

The goal is to support the user in the process of evaluating
and selecting the NoSQL schema that best suits the application
requirements.
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Fig. 6. Set of SQL queries represented as DAGs after applying the conversion rules. F represents the query predicates (filter) location in the query DAG.
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3.4. Step 4: Data migration

The last step is the migration of data from RDB to NoSQL. The
NoSQL schema selected in the previous step is used as an input
to the data migration process. Through the QBMetrics the user
exports the selected schema and sends it toMetamorfose, our data
ransformation framework. The exported schema encapsulates
onnection parameters from the input RDB, including the server
ddress, username, password and database name.
Metamorfose converts the selected NoSQL schema into com-

ands to read data from the RDB, transform and persist in
oSQL format. These commands encapsulate mappings between
he source and destination schema fields, including data transfor-
ation functions. Finally, Metamorfose performs these mappings
sing the map and mapreduce functions implemented in Apache

Spark [42].

4. Evaluating NoSQL schemas with query-based metrics and
scores

This section presents our query-based metrics and scores
(steps 2 and 3 of our approach). The metrics and scores are
used to measure the coverage that a NoSQL document schema
has in relation to the application’s access pattern. In this work,
the access pattern is represented by the set of paths from query
DAG, and the coverage is defined as the correspondence between
vertices and edges of the schema and query DAGs. Although the
metrics have already been presented in [18], where we performed
experiments to evaluate their applicability, in this section we will
introduce them again and also introduce a new metric called
FArray.

4.1. Metrics

The metrics measure the coverage provided from NoSQL
schema in relation to query set. To make the query-based metric
definitions more clear, we use the following terms: c ∈ C , in
which C is the set of collections of the schema, Vq, Vs and Vc are
the vertex set of a given query, schema and collection (or DAG),
respectively. Pq, Ps and Pc are the path set (all paths from root
to leaves) of a given query, schema and collection, respectively.
Following are the metric definitions.

DirEdge(c, q) = |(Edq ∩ Edc)|/|Edq| (1)

AllEdge(c, q) = |(Eq ∩ Ec)|/|Eq| (2)

Path(c, q) = |(Pq ∩ Pc)|/|Pq| (3)

existSubPath(qp, Pc) =
{
1 found qp as subpath in Pc

0 not found qp as subpath in Pc

SubPath(c, q) =
∑|Pq|

i=1 existSubPath(qpi, Pc) (4)

|Pq|

7

existIndPath(qp, Pc) =
{
1 found qp as an indirect path in Pc

0 not found qp as an indirect path in Pc

ndPath(c, q) =
∑|Pq|

i=1 existIndPath(qpi, Pc)
|Pq|

(5)

ReqColls(q) = min(createCollectionPaths(q)) (6)

Array(c, q) =
{
1 if any q.filter is located in array field of c

0 if any q.filter is not located in array field of c
(7)

DirEdge (Eq. (1)) measures query edge coverage against the
edges of a given schema collection, considering the direction of
edges (e.g. a → b). Edq and Edc denote the set of query and
ollection edges considering the direction of the edges. AllEdge
(Eq. (2)) measures edge coverage between the query and schema
collection, regardless of edge direction (e.g. a→ b or a← b). Eq
and Ec denote the query and collection edges, respectively.

Path (Eq. (3)) metric measures the coverage of query paths in
relation to the collection paths. It is worth noting that a query
may have one or more paths. SubPath (Eq. (4)) metric checks if the
query paths are present in the collection as subpaths. We define
the existSubPath function that receives as parameters a query path
(qp ∈ Pq) and a set of paths, where the set of paths is the paths
of a given collection (Pc). The function returns 1 if the query
path was found or 0 if it was not found as a subpath. IndPath
(Eq. (5)) metric checks if the query paths are present in the
schema as indirect paths. An indirect path is a route between two
or more vertices where there are intermediate vertices separating
them. To find indirect paths in the schema we define the function
existIndPath, that receives as parameters the query path (qp) and
a set of collections’ paths (Pc). If there is an indirect path in the
collection that matches the query path, the function returns 1,
otherwise it returns 0.

It is possible to calculate the schema coverage for the metrics
DirEdge, AllEdge, Path, SubPath or IndPath. To do that, we apply the
etric for all c ∈ C and the maximum value found is defined as

he coverage for the schema.
ReqColls (Eq. (6)) metric returns the smallest number of col-

ections of schema required to answer a given query. We define
he function createCollectionPaths(q), that returns a set of paths
hat consists of collections that have the entities required to
nswer the query. FArray (Eq. (7)) metric returns 1 if any filter
f the query is locate in an array of embedded document in the
ollection. Otherwise, FArray return 0.
The metrics presented above enable to independently evaluate

he queries. In the next section we describe how to combine them
o provide a broader evaluation.

.2. Scores

We define two scores to combine the metrics for measur-
ng the overall coverage of a schema with respect to a set of
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nput queries. The first one is a score per query called Query
core (QScore), that yields a score per metric, or per combination
f related metrics. QScore enables to set up weights to priori-

tize the importance of specific metrics. Second score is called
Schema Score (SScore) and calculates an aggregate value by metric,
considering all the input queries.

QScore is calculated for a given metric and a given query qi.
or metrics DirEdge, AllEdge, ReqColls and FArray, the QScore is the
ame value returned by the metric:

Score(DirEdge, q) = DirEdge(q) (8)

QScore(AllEdge, q) = AllEdge(q) (9)

QScore(ReqColls, q) = ReqColls(q) (10)

QScore(FArray, q) = FArray(q) (11)

We define a single QScore value for the metrics Path, SubPath
nd IndPath. It is called QScore(Paths) and returns the highest
alue among the three metrics:

athv = Path(qi) ∗ wp (12)

ubpathv = (SubPath(qi) ∗ wsp)/depthSP(qi) (13)

indpathv = (IndPath(qi) ∗ wip)/depthIP(qi) (14)

Score(Paths, qi) = max(pathv, subpathv, indpathv) (15)

The weights wp, wsp and wip are used to set up a priority
etween Path, SubPath and IndPath metrics and are configured
y the user, with values ranging between 0 and 1. When it is
ot desired to define different priorities, the user assigns weight
qual to 1 to all of them. Path depth is used as a sort of penalty
hen matching occurs deeper in the DAG (or tree). (Eq. (15))
eturns the best coverage when the schema has redundant en-
ities stored at different collections of documents and at different
epths. We define this method inspired by the results of [43], that
how the negative impact of accessing data stored at different
evels (depth) of the collection.

SScore (Eq. (16)) is the sum of the QScore values for all the
ueries, for a given metric (except ReqColls). Each query qi has a
pecific weight wi, and the sum of all wi is equal to 1. For the
Array metric the calculation is different, in which the weight
f the queries is fixed and defined as wi = 1/|Q |, because this
etric aims to identify whether the query filter is located in
n array field, regardless of the priority of the query. Similar to
Score(Paths), we define SScore(Paths,Q ), which is the sum of
orresponding QScore(Paths, qi).

Score(metric,Q ) =
|Q |∑
i=1

QScore(metric, qi) ∗ wi (16)

The calculation of SScore(ReqColls) (Eq. (17)) is inspired on the
chema minimality metric presented in [44]. It is a ratio between
he number of queries and the number of collections required to
nswer them. A schema that answers each input query through
nly one collection has SScore(ReqColls) equal to 1 and it decreases
hen the number of collections increases. NC is the number of
ollections required to answer all input queries, which is the sum
f all QScore.

C =
|Q |∑
i=1

QScore(ReqColls, qi)

Score(ReqColls,Q ) =
|Q |
NC

(17)

Through these scores we can evaluate and compare candidate
oSQL schemas related to access pattern of application. QScore
hows the coverage provided by schema per metric and query,
 c

8

enabling identify which queries require the most attention or are
not covered by the schema. The SScore field provides an overview
of how well the schema fits the query set. Through the definition
of weights for metrics and queries, it is possible to configure
different evaluation scenarios, and use the results obtained to
rank candidate schemas in relation to the application’s access
pattern. In addition, since the metrics are not independent, we
do not define a single expression to calculate the overall score of
the schema.

5. Data migration with metamorfose framework

This section details the step four of our RDB to NoSQL ap-
proach. Fig. 7 shows an overview of the process to translate
the NoSQL schema (set of DAGs) to data transformation com-
mands that are executed by Metamorfose, our data transforma-
tion framework. The migration process has been presented in
a previous work [17]. It is composed by Command Generator,
ommand Executor and Metamorfose components, detailed below.

.1. Command generator

This component is responsible for converting each DAG into
set of commands to read RDB data, transform and persist as

SON objects. Fig. 8 shows examples of DAGs supported by the
ommand Generator. Each DAG represents a NoSQL entity, where
he root vertex defines the name of this entity. For instance, the
AG1 is composed of two vertices, Table A and Table B, and in
his case the instances of Table B (many side) will be nested in
he respective instances of Table A to generate the new NoSQL
nstance. In DAG2, the instances of Table A (side one) will be
ested in the respective instances of Table B. In DAG3 there are
wo vertices representing Table A. This situation is allowed to
nable the generation of redundant schemas. The instances of
able A will be nested in Table B, and then in Table D. Then, the
esulting instances of Table B and Table D will be nested in Table C.
AG4 has only one vertex, and in this case, the instances of Table
will be converted directly to the target NoSQL model format.
The format of the nesting is dependent on the direction of

he relationship (1-1, 1-N, N-1). M:N relationships are not sup-
orted directly in the DAG, but can be represented as two 1:N
elationships.

We create an algorithm that receives as parameter the DAG
nd traverses all paths from the leaf vertices to the root ver-
ex and returns a command that encapsulates the operations to
mbed the leaf vertex in the successor vertex as an object (if
:1) or as an array of object (if 1:N). A command encapsulates
perations for nesting the leaf vertex in the successor vertex
nd is defined as command = (joinSpec,Maps, function), where
oinSpec is the join operation between tables (vertices) that are
enormalized, Maps is the set of mappings to transform the data,
nd function is the transformation function that will be call (Map
r MapReduce). After, leaf vertex is removed from the DAG. This
rocess is repeated until the DAG is reduced to one vertex that
epresents the target NoSQL entity. Fig. 9 illustrates how the
lgorithm traverses the DAG3 to create the commands cmd1 to
md4.
Command Generator component provides a set of strategies

o convert relational data to nested data, encapsulated in the
ScriptGenerator, an UDF generator based in DAG specification. If
esired, the generated UDFs can be edited and customized by
he data transformation logic, adding or removing fields, defining
ow null values are handled, and so on. By default, all fields from
DB tables are migrated to the NoSQL database, even if the field
alue is null. Our approach can be extended by adding new data
onversion strategies in the JScriptGenerator.
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Fig. 8. Examples of DAGs supported by Command Generator component.
Fig. 9. Example of how the algorithm goes through DAG3 and creating transformation commands cmd1 to cmd4.
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.2. Command executor

The Command Executor component receives a set of commands
enerated in the previous step, by Command Generator compo-
ent. This set of commands is converted to Load, Map, MapReduce
nd Persist Metamorfose functions. In addition, the Command
xecutor component encapsulates connection parameters with
he relational database and NoSQL database, and controls the
xecution order of the data transformation process.
9

.3. Metamorfose framework

Fig. 10 presents the architecture of the Metamorfose, our
ata transformation framework based on Apache Spark. It pro-
ides functions for loading, filtering and persisting entities. The
unctions Map and MapReduce are used to transform entities,
according to mappings and user-defined functions (Mapping Def-
initions). Metamorfose keeps the loaded or transformed enti-
ties in the Entity Set component, allowing to execute chains of
transformations.
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Fig. 10. Architecture of the Metamorfose framework.

Data transformations are executed through the Map or MapRe-
uce functions. Both functions receive as parameters the source
ntity and mappings that define the data transformations. The
ap function has cardinality 1:1 and MapReduce function has car-
inality N:1. To group instances of the source entity, the MapRe-
uce function also receives a grouping key as a parameter. Trans-
ormations with N:N cardinality are not supported directly by the
ramework, but it is possible to define a combination of Map and
apReduce functions to enable this kind of transformation.
Mappings are declarative statements that establish correspon-

ences between source and target fields, which can be used by
ata transformation functions. A mapping is defined as m =

si, ti, fi), in which si and ti are one or more data fields of source
and target schemas, and fi is a transformation function. A com-
lete transformation is defined as set of mappings
= {(s1, t1, f1), . . . , (sn, tn, fn)}. Transformation functions are

user-defined functions (UDF) for translating the input fields into
output fields. There are three types of UDF: Casting, Java or
Javascript. Casting are data type conversion (e.g., string to integer
and integer to string) and allows only one-to-one mappings be-
tween source and target fields. Java or Javascript execute complex
transformations, allowing one-to-one, one-to-many, many-to-
one, and many-to-many mappings. All kinds of UDFs receive the
input data via JSON and return the results via JSON. In addition,
mappings can be persisted as JSON files for future use.

5.4. Using metamorfose to convert RDB to NoSQL

To illustrate the conversion process, let us consider the RDB
from Fig. 1 and the set of DAGs from Fig. 4. All the DAGs are sent
to Command Generator component, that create a set of commands
according to target NoSQL model. The commands encapsulates
the data transformation operations, including the mappings (M)
between fields, UDFs (in javascript) and the type of function (Map
or MapReduce) that will be used to performs the transforma-
tion. Below are listed the mappings and commands produced
considering as input the DAG Orders.

m1.1 = (s(orderlineid), t(orderlineid), fcasting );
m1.2 = (s(orderid), t(orderid), fcasting );
m1.3 = (s(quantity), t(quantity), fcasting );
m1.4 = (s(orderlinedate), t(orderlinedate), fcasting );
m1.5 = (s(prod_id), t(prod_id), fcasting );
m1.6 = (s(id_prod,actor,title,price), t(products), fjscript );
cmd =
1 ((Products▷◁Orderlines),{mi∈M},Map)

10
m2.1 = (s(id_order ), t(id_order ), fcasting );
m2.2 = (s(customerid), t(customerid), fcasting );
m2.3 = (s(orderdate), t(orderdate), fcasting );
m2.4 = (s(totalamount ), t(totalamount ), fcasting );
m2.5 = (s(orderlineid,...,products), t(orderlines), fjscript );
cmd2 =((Orderlines▷◁Orders),{mi∈M},MapReduce)

Command Generator produces two commands (cmd1 and cmd2)
n which the first one specifies how to nest Products in Orderlines
s an embedded document. The second one (cmd2) nests the
esulting Orderlines in Orders as an array of embedded document.
ommand Generator also automatically generates the javascript
ode to translate the input fields data into output fields data.
The commands are sent to Command Executor component

hat converts to a set of Metamorfose calls to load RDB data,
ransform and persist as JSON objects. Fig. 11 shows examples
f instances of Customers, Orders, Orderlines and Inventory NoSQL
ntities generated according to DAGs from Fig. 4. The instances
re represented by JSON documents composed by embedded
ocuments and arrays of embedded documents.
It is important to note that the approach migrates all data from

he RDB that is related to the root of the DAG (NoSQL entity). In
his way, Metamorfose framework can be used to convert and
igrate part or all data from RDB. Besides that, the user can
onfigure filters to select a subset of RDB instances.

. Implementing queries from DAGs

The conversion approach presented in this paper does not
efine an automatic mechanism for translating SQL queries into
he native query language of the NoSQL database. However, to an-
lyze whether there is a relationship between metrics, scores and
uery implementation effort, we define implementation guide-
ines. These guidelines aim to standardize the query implemen-
ation process, assuming that the query DAG represents the final
ormat in which the data retrieved from the NoSQL database is
ent to the application.
We define the implementation guidelines considering the

ongoDB Aggregation Pipeline framework3 that was introduced
n MongoDB version 2.2 to do aggregation operations without
eeding to use map-reduce. The framework provides rich and
ery expressive query capabilities, and a set of operators that
llows us to standardize the operations needed to retrieve and
ormat JSON documents, making it possible to objectively evalu-
te the effort to implement the queries (LoC and stages). Further-
ore, there is no standard query language for document-oriented
oSQL databases (unlike relacional databases that have SQL), and
he MongoDB’s Aggregation Pipeline is proving to be a prominent
uery language among developers. However, for other document-
riented databases that do not have such an expressive query
anguage (e.g. CouchDB4 or previous MongoDB versions), it is
ecessary to adapt or extend the guidelines on the underlying
uery language, replacing the use of MongoDB operators for
quivalent instructions in the target database.
The MongoDB Aggregation Pipeline framework allows ex-

ressing a query as a pipeline, consisting of a set of stages that
epresent operations on documents. At each stage, it is possible
o express selection, grouping and projection operations on docu-
ents. In addition, there is a type of stage to perform the joining
f documents between two collections (similar to the LEFT JOIN
sed in SQL). Although the framework has twenty eight different

3 https://docs.mongodb.com/manual/meta/aggregation-quick-reference/.
4 https://couchdb.apache.org/.

https://docs.mongodb.com/manual/meta/aggregation-quick-reference/
https://couchdb.apache.org/
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Fig. 11. Examples of instances generated by Metamorfose from the DAGs Customers, Orders, Orderlines and Inventory.
Fig. 12. Schemas and queries used to illustrate query implementation guidelines.
m

types of stages, our implementation guidelines are based on only
seven stages, which are sufficient to carry out the implementation
of the queries and reduce different combinations of operations for
the same implementation. We use the following operators:

• AddField: Remodels each document that passes through the
stage, adding new fields to the output document.
• Group: Groups input documents according to a specified

field, and allows the use of aggregate functions.
• Lookup: Performs a left outer join with another collection in

the same database, in order to join associated documents for
processing.
• Match: Filters documents for the next stage of the pipeline.
• Project: Reshapes each document, adding new fields or re-

moving existing fields. For each input document, generate
an output document.
• ReplaceRoot: Replaces the input document with one of its

embedded documents. The selected embedded document is
promoted as a top-level document.
• Unwind: Deconstructs the array field of the input document

and produces a new document for each array element. It
generates n documents where n is the number of elements
in the array and can be zero for an empty array.

Let us consider the schemas and queries of Fig. 12 to introduce
the implementation guidelines. The schemas present three ways
to structure the entities A, B and C . Schema s1 uses 1-N nesting
order between entities A and B, while schema s2 the order is
N-1. For both schemas, the entity C is not nested with other
entities. Differently, in schema s the entities are not nested, and
3

11
it is necessary to join documents between collections to answer
queries.

The implementation of the queries of Fig. 12 on each schema
requires operations to retrieve, filter and transform the docu-
ments, according to the structure of the DAG and the location
of the query filter in the schema. We use (qi, si) to denote the
implementation of query qi on schema si. For (q1, s1), it is nec-
essary operations to retrieve and filter the documents from the
A collection. There is no need to format the returned data due
to the structural similarity between the query and schema DAGs.
For (q1, s2) it is necessary to retrieve, filter and transform the
documents from the B collection, according to the query’s DAG
structure. For (q1, s3) it is necessary to retrieve and filter docu-
ents from A, then join with related documents from B through

the $lookup operator. As a result, the B documents are nested in
A as an array of embedded documents.

Depending on the structural difference between query DAG
and schema DAG it is necessary operators to group or ungroup the
documents, before performing formatting operations. The $group
operator is used to nest documents such as arrays of embedded
documents and the $unwind operator is used to ungroup arrays
of embedded documents. An example where grouping operations
are required is (q1, s2). First the documents that match the query
filter are retrieved, then the B instances are grouped ($group) and
nested in A as an array of embedded documents.

Another example is (q3, s1), where after the filter operation
it is necessary to ungroup the instances of B ($unwind), to later
group the instances of A and nest them as an object embedded in
B.
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Fig. 13. Impact of query filter location on array of embedded documents in the
schema.

Another aspect that affects the implementation of the query is
he location of the filter in relation to the schema. When the filter
s over an array of embedded documents, additional operations
re needed to ensure that only data related to the query filter
ill be returned. This situation occurs for (q2, s1), where the query

ilter is over B, which is an array of embedded documents. Fig. 13
shows the document A1 of the collection A from schema s1 (1).
Assuming that the filter of q2 corresponds to element B2, then
he database returns the entire document A1 in the filter step
(2). However, the elements B1 and B3 do not match the query
filter and must be removed (3), before the result is sent to the
application.

To implement (q2, s1), the following operations are necessary:
filter the documents from A, then ungroup ($unwind) the array of
embedded documents (B, in this case) to access the elements in-
dividually, then filter the documents of interest again and regroup
($ group) the documents according to the query’s DAG. As a result,
only the data corresponding to the query filter will be returned to
the application (3). This example shows how the location of the
filter impacts the implementation of the query (additional stages),
even when there is a structural match between the query and
schema DAGs.

Based on the aspects presented above, we define a set of
guidelines to standardize the implementation of queries. In ad-
dition, the guidelines are good implementation practices and an
initial step to automate the implementation of queries in future
work. The guidelines are defined below:

1. Create DAG: the query DAG represents the structure in
which documents must be formatted before being returned
from the database to the application. In Section 3.1.2 we
present rules to convert a SQL command to DAG.

2. Match: the query implementation must start through the
$match operator to reduce the number of documents sent
to the other stages of the pipeline.

3. Array filter: when the query filter is located on an array
of embedded documents it is necessary to ungroup ($un-
wind) the documents, re-filter ($match) the documents to
discard elements related to the root of the document, but
not related to the query filter, and then apply the other
guidelines below.

4. Bottom up traverse: following, the order of implementation
of the query is from bottom (leaf vertex) to top (root
vertex). For example, the implementation (q3, s1) first re-
trieves the documents from A that match the filter, then
performs operations to nest A documents in B documents,
according to the query’s DAG structure.

5. Projection: projection operations on the document fields
($project, $AddField, $ReplaceRoot) are pushed to the end of
the query pipeline, except when necessary to execute them
in intermediate stages.

6. Join: when the query relates documents from two or more
collections:

(a) The implementation of the query pipeline must start
in the collection where the query filter is located.
12
This strategy aims to reduce the number of docu-
ments before performing the $lookup operation (sim-
ilar to the SQL JOIN).

(b) The nesting order (use of $lookup) follows the guide-
line number four. For example, the implementation
(q4, s3) must start with the operator $match over B,
then C is nested in B, and finally, B(C) is nested in A.

(c) When the junction point is located on an array of
embedded documents, it is necessary to first un-
group the documents of the array and then join
each document with the documents from the other
collection. For example, the implementation (q4, s1)
needs to ungroup ($unwind) B, then nests ($group) C
in B, and then B(C) in A.

It is important to note that there is still no standard query
language for document-oriented databases, and the guidelines we
present here can be adapted to be used in other NoSQL databases.
The implementation guidelines will be used in the experiments
of Section 7.

7. Experimental evaluation

The experiment scenario is the conversion from RDB to NoSQL
document store, where different NoSQL schemas are generated
from the input RDB. Among the document-oriented databases,
we selected MongoDB (version 4.2) to perform the experiments
because it is one of the most used NoSQL databases today5
and provides a rich query language called MongoDB Aggregation
Pipeline. The experiments performed in this paper aim to show
how to use the query-based metrics to assist the user in the pro-
cess of evaluation, comparison and selection of the appropriate
NoSQL schema before executing the data migration. In addition,
we implemented all the queries in order to check if the metrics
results and query implementation effort can be related. In the
following sections we detail the execution steps.

7.1. Creating NoSQL schemas from conversion approaches

We create four NoSQL schemas by applying the translation
rules from RDB to NoSQL document approaches from literature [3,
4,6,7]. We choose these approaches because they define and
explore different ways to convert relational data to nested data,
encompassing most of the techniques used by similar approaches.
We apply the translation rules on the RDB of Fig. 1 to generate
one schema for each approach.
Table 1
RDB to NoSQL document approaches, input parameters and output schema.
Author Input Output

[3] RDB Metadata SA
[4] E-R Diagram SB
[6] E-R + Table Classification + SC

Table in Focus:
- Orders, Customers, Products

[7] E-R + Table/Relationship Classification: SD
- Frequent Join: Customers/Orders
- Frequent Join: Orders/Orderlines
- Frequent Join: Products/Inventory

Table 1 shows the approaches and the input parameters used
to generate the output NoSQL schemas. We represent the gener-
ated NoSQL schemas as DAGs, which are detailed in Fig. 14. We
set a label from SA to SD to identify them. The nature of the input
parameters is dependent on the strategy used by the approach. As
a result, we have all approaches represented by the same format,
which allows us to evaluate and compare them objectively.

5 https://db-engines.com/en/ranking.

https://db-engines.com/en/ranking
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Fig. 14. Generated NoSQL schemas by approach.
Fig. 15. Input queries used to evaluate the NoSQL schemas.
.2. Using query-based metrics for evaluating NoSQL schemas

We present three scenarios to evaluate and compare the
oSQL schemas from Fig. 14. The scenarios are a key input,
ecause it is not possible to state that one given translation from
DB to NoSQL document is always the best one: it is necessary to
ake into account distinct application requirements. Each scenario
as the set of requirements, as well as the selection criteria of the
arget NoSQL.

We present in Fig. 15 the set with eight queries used to
valuate each scenario. These queries have been chosen because
hey have different read access patterns that are common on the
nput RDB, including queries on one table or a group of related
ables (join), with or without predicates. We show the queries
n SQL and also as DAGs, which are produced according to the
ranslation rules from Section 6. Each query DAG contains the
ata path of each SQL statement, but alternative DAGs could be

uilt to represent different access patterns.

13
Table 2
Weights used in each scenario.
Scenario Path SubPath IndPath Queries

1 1.0 0.5 0.3 q1 − q8 = 0.12
2 1.0 0.5 0.3 q1 − q8 = 0.12
3 1.0 0.5 0.3 q1 − q3 = 0.2

q4 − q8 = 0.08

• Scenario 1 - number of collections: the schemas are eval-
uated considering the number of collections required to an-
swer the queries. Generally, NoSQL databases do not support
native join operations between collections, so the develop-
ers need to implement joins in the application. To avoid
this situation, it is preferable to have schemas that minimize
the number of collections. In this case we use the ReqColls
metrics to evaluate and rank the schemas. The other metrics
are not used in this case.
• Scenario 2 - best access pattern: the schemas are evaluated

considering the best matching between the queries access
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able 3
etrics Results by Schema.
Schema Query Coverage QScores

Path (D) SubPath (D) IndPath (D) Paths DirEdge AllEdge ReqColls FArray

SA

q1 1.0 (1) 1.0 (1) 0.0 (0) 1.0 0.0 0.0 1 0
q2 1.0 (1) 1.0 (1) 0.0 (0) 1.0 1.0 1.0 1 0
q3 1.0 (1) 1.0 (1) 0.0 (0) 1.0 1.0 1.0 1 0
q4 0.0 (0) 0.0 (0) 0.0 (0) 0.0 0.3 0.3 3 0
q5 0.0 (0) 0.0 (0) 0.0 (0) 0.0 0.3 0.3 3 0
q6 0.5 (1) 0.5 (1) 0.0 (0) 0.5 0.5 0.5 2 0
q7 0.0 (0) 0.0 (0) 0.0 (0) 0.0 0.0 0.0 1 1
q8 0.0 (0) 1.0 (2) 0.0 (0) 0.3 0.0 0.0 1 1

SScore1: 0.47 0.40 0.40 0.62 0.25
SScore2: 0.68 0.49 0.62 0.62 0.25

Schema Query Coverage QScores

Path (D) SubPath (D) IndPath (D) Paths DirEdge AllEdge ReqColls FArray

SB

q1 0.0 (0) 1.0 (3) 0.0 (0) 0.2 0.0 0.0 1 0
q2 0.0 (0) 0.0 (0) 0.0 (0) 0.0 0.0 1.0 1 0
q3 0.0 (0) 0.0 (0) 0.0 (0) 0.0 0.0 1.0 1 0
q4 0.0 (0) 0.0 (0) 0.0 (0) 0.0 0.3 1.0 1 0
q5 0.0 (0) 0.0 (0) 0.0 (0) 0.0 0.7 1.0 1 0
q6 0.0 (0) 0.5 (2) 0.0 (0) 0.1 0.5 1.0 1 0
q7 0.0 (0) 0.0 (0) 0.0 (0) 0.0 0.0 0.0 2 0
q8 0.0 (0) 1.0 (1) 0.0 (0) 0.5 0.0 0.0 1 0

SScore1: 0.10 0.19 0.63 0.89 0.00
SScore2: 0.16 0.12 0.64 0.89 0.00

Schema Query Coverage QScores

Path (D) SubPath (D) IndPath (D) Paths DirEdge AllEdge ReqColls FArray

SC

q1 0.0 (0) 1.0 (1) 0.0 (0) 0.5 0.0 0.0 1 0
q2 1.0 (1) 1.0 (1) 0.0 (0) 1.0 1.0 1.0 1 0
q3 0.0 (0) 1.0 (1) 0.0 (0) 0.5 1.0 1.0 1 0
q4 0.0 (0) 1.0 (1) 0.0 (0) 0.5 1.0 1.0 1 1
q5 1.0 (1) 1.0 (1) 0.0 (0) 1.0 1.0 1.0 1 0
q6 0.5 (1) 1.0 (1) 0.0 (0) 0.5 1.0 1.0 1 0
q7 0.0 (0) 0.0 (0) 1.0 (2) 0.2 0.0 0.0 1 1
q8 0.0 (0) 1.0 (2) 0.0 (0) 0.3 0.0 0.0 1 1

SScore1: 0.55 0.63 0.63 1.00 0.38
SScore2: 0.62 0.64 0.64 1.00 0.38

Schema Query Coverage QScores

Path (D) SubPath (D) IndPath (D) Paths DirEdge AllEdge ReqColls FArray

SD

q1 0.0 (0) 1.0 (1) 0.0 (0) 0.5 0.0 0.0 1 0
q2 1.0 (1) 1.0 (1) 0.0 (0) 1.0 1.0 1.0 1 0
q3 0.0 (0) 1.0 (2) 0.0 (0) 0.3 1.0 1.0 1 1
q4 0.0 (0) 0.0 (0) 0.0 (0) 0.0 0.7 0.7 2 1
q5 0.0 (0) 0.0 (0) 0.0 (0) 0.0 0.0 0.7 2 0
q6 0.0 (0) 0.5 (2) 0.0 (0) 0.1 0.5 1.0 1 1
q7 0.0 (0) 0.0 (0) 0.0 (0) 0.0 0.0 0.0 2 1
q8 0.0 (0) 1.0 (3) 0.0 (0) 0.2 0.0 0.0 1 1

SScore1: 0.26 0.40 0.54 0.73 0.63
SScore2: 0.46 0.49 0.59 0.73 0.63
r

patterns and the schema structure. We mainly use Paths,
DirEdge and AllEdge metrics to check if the entities are (or
not) nested according to the access pattern. We assigned
different weights for Path (1.0), SubPath (0.5) and IndPath
(0.3) metrics, which means we are prioritizing schemas with
greater Path coverage. We also assigned the same weight
(0.12) for all queries to calculate SScore and QScore fields. In
addition, the depth where the query path starts is used as
well. This is because accessing data at level 1 in a collection
(depth = 1) is more efficient than accessing nested data at
deeper levels.
• Scenario 3 - preferred queries: the schemas are evaluated

in the same way as in Scenario 2, however, we set higher
weights for queries q1, q2 and q3 (0.20), simulating that they
are more important queries in the application (e.g., queries
more frequently executed). The remaining queries have the
same weight (0.08).
 q

14
Table 2 summarizes the weights for each scenario. Note that
these scenarios are typical examples, but that we can have other
scenarios, which depend on the requirements of the application.

7.2.1. Metrics results
Table 3 shows the metrics results by schema, considering all

the scenarios.6 In the first part of the table is showed the metrics
coverage by query. We can see which queries are covered or not
covered by the schema, considering the metrics Path, SubPath and
IndPath, and the depth (D) where the match was found in the
schema. In the second part of the table is showed the QScore
values by metric. The QScore is calculated by query and by metric,
considering the weights defined for the metrics together with the
depth where the match between query and schema was found.

6 The tool used to collect and execute the query metrics, as well as all the
esults are available for download at: https://github.com/evandrokuszera/nosql-
uery-based-metrics.

https://github.com/evandrokuszera/nosql-query-based-metrics
https://github.com/evandrokuszera/nosql-query-based-metrics
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inally, in the bottom of each schema are showed the SScore
alues by metric. The SScore is calculated considering the weights
efined by query. In the table we have the SScore1 and SScore2,
here the first one is calculated according to the weights defined

n Scenarios 1 and 2, and the second one is calculated according
o Scenario 3.

For example, in schema SA the queries q1, q2 and q3 have
00% Path coverage, the queries q4, q5 and q7 are not covered by
he schema for the Path, SubPath and IndPath metrics. Further-
ore, the queries q4, q5 and q6 need join operations to answer

hem, and the filter location of the queries q7 and q8 are in
rrays of embedded documents. Below are presented the results
f the evaluation of the schemas considering the three defined
cenarios.
Scenario 1 Results: Table 4 shows the ReqColls metric results

er query and the corresponding SScore per schema. The schemas
re ranked as: SC , SB, SD and SA.
able 4
eqColls results by query and respective SScore by schema (Scenario 1).
Query SA SB SC SD
q1 1 1 1 1
q2 1 1 1 1
q3 1 1 1 1
q4 3 1 1 2
q5 3 1 1 2
q6 2 1 1 1
q7 1 2 1 2
q8 1 1 1 1

SScore 0.62 0.89 1.0 0.73

Schema SC is the most redundant schema and all its collections
ncapsulates all RDB entities, but with distinct entity nesting
rder. As a result, schema SC has SScore = 1.0 for ReqColls

metric. This means that all queries are answered accessing a
single collection. In the schema SB, the query q2 needs to join
documents from two collections, resulting in SScore = 0.89. For
schema SD is necessary to join documents from two collections
to answer the queries q4, q5 and q7, resulting in SScore = 0.73.
Finally, in the schema SA is necessary to join documents from
three different collections to answer the queries q4 and q5 and to
join document from two different collections to answer the query
q6, resulting in SScore = 0.62.

So, the schemas are analyzed considering only the need to
use join operations ($lookup operator in MongoDB) to answer the
queries. To better support the expert user in the schema evalua-
tion process we can use the others metrics together with ReqColls,
to provide more information about access pattern coverage.

Scenario 2 Results: Table 5 shows the SScore values for the
Paths, DirEdge, AllEdge, ReqColls and FArray metrics. The schemas
are ordered by Paths metric values. We use Paths to identity
which schema best cover the queries. Considering the Paths cov-
erage, schema SC has the highest score (0.55). This means SC best
matches the access pattern of the query set. Following are the
schemas SA, SD and SB, with schema SB having the worst SScore =
0.10. These results are related to SScore1 values in Table 3.
Table 5
SScore results for Scenario 2, order by Paths values.
Schemas SScore values

Paths DirEdges AllEdges ReqColls FArray

SC 0.55 0.63 0.63 1.00 0.38
SA 0.47 0.40 0.40 0.62 0.25
SD 0.26 0.40 0.54 0.73 0.63
SB 0.10 0.19 0.63 0.89 0.00

By analyzing the Paths in Table 3 we see that the schema SC
has all the queries covered through the Path, SubPath or IndPath
metrics. The QScore is calculated considering the metrics weights
and depth where the match was found in the schema. For the
schema S , only the queries q and q are penalized for the
C 7 8

15
depth of the match (location of the Orders collection at level
2 in both cases), resulting in lower QScore for Paths metric. In
contrast, in the schema SB we identify only the queries q1, q6
nd q8 that match Paths metric, but both queries are penalized
y the level where they are located in the schema. For example,
o answer q1 is necessary traverse the Orderlines collection to find
ustomers entity, at level 3. If we look at schema SB, we notice that
he Orderlines, Inventory, and Reorder collections are inverted in
elation to the query access pattern. For q2 to q5 and q7 there are
o coverage for the Paths metric.
The metrics DirEdge and AllEdge show the degree which the

chema entities are related to each other according to query
ccess pattern, but without considering the exact match. So, it is
nteresting to use these metrics together with Paths to analyzing
he schemas. For example, in Table 5 the SB has AllEdge = 0.63,
he same value as the SC . It means that SB has the entities related
o each other according to the query access pattern, but the
irection of the relationships are inverted (DirEdge = 0.19 and
aths = 0.10). If the schema is inverted in relation to the queries,
reater effort will be required to implement the queries.
Finally, the FArray metric shows the percentage of the queries

hat are affected by the filter location in the schema. Here, the
chema SB does not have any query affected by filter location.
Schema SD is the most affected, with FArray = 0.63, followed
by SC and SA. The filter location affects the query implementation
and will be explored in the next sections.

Scenario 3 Results: Table 6 shows the SScore values for the
Paths, DirEdge, AllEdge, ReqColls and FArray metrics. The schemas
are ordered by Paths metric. These results are related to SScore2
values in Table 3.
Table 6
SScore results for Scenario 3, order by Paths values.
Schemas SScore values

Paths DirEdges AllEdges ReqColls FArray

SA 0.68 0.49 0.62 0.62 0.25
SC 0.62 0.64 0.64 1.00 0.38
SD 0.46 0.49 0.59 0.73 0.63
SB 0.16 0.12 0.64 0.89 0.00

The queries q1, q2 and q3 are prioritized (weight = 0.2). Now,
the schema SA has the greater Paths value, followed by SC , SD
and SB. Analyzing Table 3, the schema SA has 100% Path coverage
for queries q1, q2 and q3, which means the schema is structured
according to access pattern of the queries. For the schemas SC and
SD the query q2 has Path = 1.0 and the queries q1 and q3 only
have SubPath coverage. The schema SB has the smallest coverage
for the queries.

So, the metrics are used to identify the most appropriate
schema by prioritizing a subset of the queries. Here, the schema
SA is ranked in first place because the access pattern of the queries
q1 to q3 are found in the schema without penalties related to the
depth and weight of the SubPath and IndPath metrics. Although
the schema SC has the greater DirEdge result (0.64), the focus is
the Paths metric, that appoint the schema with the best access
pattern considering the query weights. The results of the ReqColls
and FArray are the same of the Scenario 2.

To summarize, through this approach the expert user can
evaluate and compare schema options before executing the trans-
lation from a RDB to a NoSQL document store, by applying the set
of defined metrics and scores.

7.3. Query implementation effort

We migrate RDB (Postgres) to MongoDB to check if the met-
rics can be used to estimate the query implementation effort,
generating one database per schema (SA, . . . , SD). After that, we
implement all the queries (q1, . . . , q8) over all the schemas us-
ing our guidelines and the MongoDB Aggregation Framework
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able 7
ist and number of stages, and LoC used to implement all the queries by schema.
Query Schema List of stages #Stages #LoC

q1

SA.Customers 1.Match 1 8
SB.Orderlines 1.Match, 2.Group, 3.ReplaceRoot 3 19
SC .Customers 1.Match, 2.Project 2 13
SD.Customers 1.Match, 2.Project 2 13

q2

SA.Products 1.Match, 2.Project 2 14
SB.Inventory 1.Match, 2.Group, 3.Unwind, 4.Project 4 46
SC .Products 1.Match, 2.Project 2 15
SD.Products 1.Match 1 8

q3

SA.Orders 1.Match 1 8
SB.Orderlines 1.Match, 2.Project, 3.Group 3 51
SC .Orders 1.Match, 2.Project 2 14
SD.Customers 1.Match, 2.Unwind, 3.Match, 4.Project 4 34

q4

SA.Orders 1.Match, 2.Unwind, 3.Lookup, 4.Group, 5.Lookup, 6.Unwind, 7. Project, 8.Group, 9.Project, 10. Project 10 96
SB.Orderlines 1.Match, 2.Project, 3.Group, 4.AddFields, 5.Group, 6.Project 6 89
SC .Customers 1.Match, 2.Unwind, 3.Match, 4.Group, 5.Project, 6.Project 6 65
SD.Customers 1.Match, 2.Unwind, 3.Match, 4.Unwind, 5.Lookup, 6.Group, 7.AddField, 8.Group, 9.AddField, 10.Project, 11.Project 11 9 2

q5

SA.Products 1.Match, 2.Unwind, 3.Lookup, 5.Unwind, 5.Lookup, 6.Unwind, 7.Group, 8.Project 8 69
SB.Orderlines 1.Match, 2.Group, 3.Project 3 41
SC .Products 1.Match, 2.Project 2 15
SD.Products 1.Match, 2.Lookup, 3.Unwind, 4.Unwind, 5.Unwind, 6.Match, 7.Project, 8.Group 8 111

q6

SA.Orders 1.Match, 2.Lookup, 3.Unwind 3 19
SB.Orderlines 1.Match, 2.Project, 3.Group 3 53
SC .Orders 1.Match, 2.Project 2 13
SD.Customers 1.Match, 2.Unwind, 3.Match, 4.Project 4 56

q7

SA.Products 1.Match, 2.Unwind, 3.Match, 4.Unwind, 5.Project 5 37
SB.Orderlines 1.Match, 2.Lookup, 3.Unwind, 4.Project 4 27
SC .Orders 1.Match, 2.Unwind, 3.Match, 4.Project, 5.Unwind 5 37
SD.Customers 1.Match, 2.Unwind, 3.Unwind, 4.Match, 5.Lookup, 6.Unwind, 7.Project, 8.Unwind 8 52

q8

SA.Orders 1.Match, 2.Unwind, 3.Match, 4.Project 4 32
SB.Orderlines 1.Match, 2.Project 4 14
SC .Orders 1.Match, 2.Unwind, 3.Match, 4.Project 4 32
SD.Customers 1.Match, 2.Unwind, 3.Unwind, 4.Match, 5.Project 5 36
as target language. Finally, we analyze the results about query
implementation effort and data consistency, together with the
metrics results from Scenario 2. The choice of Scenario 2 is due
o the fact that queries have the same weight (same priority).

.3.1. Implementation
Table 7 shows the list and number of stages, and LoC used to

mplement all the queries by schema. The implementation fol-
owed the guidelines presented in Section 6. The implementation
f all queries start with $match operator. The main purpose of
sing it is to reduce the number of documents to be processed
y the pipeline. The next operators are dependent on the schema
tructure.
We separate the implementation of the queries in two groups.

n the first group are the queries q1, q2, q3 and q8 which are
answered by accessing only one collection of documents for all
the schemas (ReqColls = 1). For the queries q1, q2 and q3 the
schema SA has lower number of stages and LoC follows by the
schemas SC , SD and SB. This order corresponds to coverage results
of Table 3, where SA has greater Paths value for these queries.
The implementation of queries q1, q2 and q3 on SB has a higher
number of stages and LoC than the other schemas because of the
depth of the entities and inverted nesting direction of the schema.

The implementation of q8 on SB has a lower number of stages
and LoC than the other schemas. In this case, the target entity
of q8 is at level one of SB.Orderlines collection, requiring fewer
stages and LoC. Besides that, for the schemas SA, SC and SD the
filter location of q8 is over array of embedded documents field
(FArray(q8) = 1), which negatively impacts the implementation
of the query.

In the second group are the queries q4, q5, q6 and q7, which
are answered by accessing two or more collections of documents

for some schemas. To answer queries q4, q5 and q6 it is necessary

16
to access two or more collections of documents in schemas SA
and SD (ReqColls < 1), which impacts the number of stages
and LoC. In the opposite way, for schemas SC and SB there is no
need to join documents from different collections to answer the
queries (ReqColls = 1.0). Furthermore, SC has the lowest number
of stages and LoC because of its high correspondence with the
access pattern of queries (Paths value) and SB is in second place,
even with the lowest structural correspondence with q4, q5 and
q6. The query q7 is answered by accessing only one collection
of documents in schemas SA and SC . Schema SB requires join
documents from two collections (ReqColls = 2), but still has
fewer stages and LoC than other schemas. This result is related
to the depth where the target entities of the q7 are located in
SB (level = 1) and because SB has FArray = 0.0, requiring less
stages and LoC to implement the query. The other schemas have
FArray(q7) = 1, requiring a greater number of stages and LoC to
answer q7.

7.3.2. Analyzing implementation and metrics together
Table 8 shows the relation between Paths and FArray score

results (SScore1) and the number of Stages and LoC to answer all
the queries, by schema. The schemas are ordered by LoC field. The
schema SC has the smallest number of Stages (25) and LoC (204)

Table 8
SScore results for Paths and FArray metrics, and number of Stages and LoC , by
schema.
Schemas Paths FArray Stages LoC
SC 0.55 0.38 25 204
SA 0.47 0.25 34 318
SB 0.10 0.00 28 340
SD 0.26 0.63 43 402
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able 9
ist and number of stages, and LoC used to implement the modified version of the queries q3 , q5 and q6 .
Query Schema List of stages #Stages #LoC

q3 ’

SA.Orders 1.Match, 2.Unwind, 3.Match, 4.Group, 5.Project 5 44
SB.Orderlines 1.Match, 2.Project, 3.Group, 4.Project 4 46
SC .Orders 1.Match, 2.Unwind, 3.Match, 4.Group. 5.Project 5 44
SD.Customers 1.Match, 2.Unwind, 3.Unwind, 4.Match, 5.Group, 6.Project 6 48

q5 ’

SA.Products 1.Match, 2.Unwind, 3.Match, 4.Lookup, 5.Unwind, 6.Lookup, 7.Unwind, 8.Group, 9.Project 9 80
SB.Orderlines 1.Match, 2.Group, 3.Project 3 41
SC .Products 1.Match, 2.Unwind, 3.Match, 4.Group 4 51
SD.Customers 1.Match, 2.Unwind, 3.Unwind, 4.Match, 5.Lookup, 6.Unwind, 7.Project, 8.Group, 9.Project 9 100

q6 ’

SA.Orders 1.Match, 2.Unwind, 3.Match, 4.Group, 5.Lookup, 6.Unwind 6 59
SB.Orderlines 1.Match, 2.Project, 3.Group 3 53
SC .Orders 1.Match, 2.Unwind, 3.Match, 4.Group, 5.Project 5 56
SD.Customers 1.Match, 2.Unwind, 3.Unwind, 4.Match, 5.Group, 6.Project 6 70
to implement all the queries, and the best result for the Paths
(0.55) metric. Following are the schema SA, SB and SD. Although
SB has the lowest value for Paths (0.10), it is ranked ahead of
D, because SB answers almost queries by only one collection
of documents (ReqColls = 0.89) and it does not have arrays of
embedded documents in its structure, not being affected by the
filter location of the queries (FArray = 0.0). In contrast, SD has
ReqColls = 0.73 and FArray = 0.63, which increase the number of
Stages e LoC to implement the queries. The results indicate that
schemas with higher ReqColls and Paths scores, and low FArray
score present less effort to codify the queries.

7.3.3. Filter location impact
In order to explore the impact of filter location in query

coding, we modified the filter location for queries q3, q5 and q6
o match arrays of embedded documents in the schemas. Only
he schema SB was not impacted because it does not use arrays
n its structure. Table 9 shows the list of stages to coding the
ew queries q3’, q5’ and q6’. As a result there is an increase in the
umber of stages, and consequently in the query implementation
ffort.
Table 10 shows the new values for FArray, Stages and LoC score

esults (SScore1), considering the new version of the queries.
Since there was no change in the query’s DAG, the Paths values
re the same. Now, the schema SB is ranked in second place,
head schema SA, with the lowest number of Stages (29) and
he LoC (335) value close to SC (313). Through these results
e see that the filter location in the schema impacts the query

mplementation effort.
able 10
Score results for Paths and FArray metrics, and number of Stages and LoC by
chema, considering the queries q′3 , q

′

5 and q′6 .

Schemas Paths FArray Stages LoC
SC 0.55 0.75 33 313
SB 0.10 0.00 29 335
SA 0.47 0.63 42 370
SD 0.26 0.75 48 419

Although the schema SB is inverted to the query access pattern,
the number of Stages to implement all the queries is lower than
schemas that best match the query access pattern (e.g. schema
SC ). This is due to SB does not have arrays of embedded doc-
uments in its structure (FArray = 0). The schema SC is the
most affected after changing queries, with FArray = 0.75 and an
increase of 34.5% in the number of stages and 24% in the number
of LoC. These results show that the evaluation of the schemas
cannot be based on just one metric, but that it must consider all
of them in the process of selecting the most appropriate schema.

7.4. Discussions

The results presented in this paper showed that the metrics
are an effective tool for selecting an appropriate NoSQL schema
17
when migrating RDB to NoSQL. Through the metrics we can
identify which schemas best cover the access pattern of the
application, which queries are covered and which are not covered
by the schema, or which queries need more attention. Besides
that, the user can prioritize metrics and queries by assigning
different weights to them.

By analyzing query implementation and metrics together, we
identified that schemas with high Paths coverage and low ReqColls
values present less query implementation effort (Stages and LoC).
However, when the filter of the query is located on array of
embedded documents, the implementation effort is negatively
impacted, even though the schema has a high structural corre-
spondence with the query access pattern. We can see this impact
for the queries q′3, q

′

5 and q′6, that increased the Stages and LoC of
the schemas SC , SA and SD.

The FArray metric indicates the queries affected by filter lo-
cation on an array of embedded documents. Nevertheless, FArray
does not indicate the degree that the query is affected. So, the
user should analyze the schemas considering the best access
pattern coverage together with the FArray values, where lower
values are desired.

Another aspect that is important to mention is about the
ReqColls metric. This metric does not consider how the collections
are combined to answer the query. Some join operations between
collections are simple to implement, as in the case of q7 over
schema SB. In future work we plan to extend the metrics related
to join operation to best indicate the query implementation effort.

8. Conclusions

We presented a RDB to NoSQL conversion approach, in which
the user defines, evaluates and compares candidate NoSQL
schemas against the application access pattern, for finally mi-
grating the relational data. The solution is used in a scenario
of transformation of RDBs to NoSQL document stores. In such a
scenario, several transformation strategies could be chosen, and
frequently the only support available is the knowledge of the
expert developer. Our approach is used as a guide on the choice
of the most adequate target NoSQL schema.

Our solution uses DAGs to represent schema and query, and
it uses this abstraction for two purposes: (i) to evaluate the
coverage provided by the schema in relation to access pattern
of the queries and (ii) to generate a set of data transformation
commands to migrate relational data to document store. We de-
fine a set of query-based metrics and scores, which are calculated
based on the input DAGs. The metrics enable to identify how
the target document schema covers the input original queries.
The metrics can be analyzed individually, or collectively, using a
score per metric (QScore), or a score per schema (SScore) guiding
the choices of the most appropriate schema. The definition of
schemas and the calculation of metrics and scores are performed
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y QBMetrics, a tool developed to support the process. We also
efine Metamorfose, a framework that receives the input schema
nd translates into commands to read data from RDB, transform
nd persist into NoSQL format (JSON).
We evaluated our solution in three different scenarios to show

ts viability. We applied the metrics on a set of schemas pro-
uced by existing transformations approaches, enabling to evalu-
te which schema is the most adapted for a set of input queries.
n addition, if the choice of a given output schema is not possible,
he metrics may guide the re-factoring of the existing queries. We
lso evaluated the effort to code all the queries for each schema
nd we identified that schemas with high structural correspon-
ence present less query implementation effort (Stages and LoC),
ut when the filter of the query is located on array of embedded
ocuments, the implementation effort is negatively impacted.
As future work, we can address the extension of our approach

y integrating existing conversion algorithms and heuristics to
utomatically create NoSQL schemas using our schema represen-
ation, providing a complete migration solution. We also intend
o extend our approach to other NoSQL models and the automatic
ranslation of input queries to NoSQL language after migrating
elational data, using Object-NoSQL mappers as a middle layer.
nother direction is the integration of our approach with cost
ased approaches that consider the cost of executing queries
uring the schema selection process.
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