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Abstract

The thesis aims to offer data-intensive architects a systematic methodology for selecting
a suitable set of technologies to implement a data-intensive architecture. Data-intensive
systems architectures are software architectures to store and/or process large-scale data,
according to their functional and non- functional requirements. As a result, the specific
architecture design can vary, focusing on the key features it must have for effective data
management and processing. This leads to the need to highlight all possible characteris-
tics that data-intensive architectures can exhibit and to connect them to the requirements
that an architect can gather in the initial design phase. In the first part of the thesis,
a model encompassing all possible characteristics is provided. The model represent the
data life cycle inside the architecture, which is divided in phases. Then for each phase
the possible features that could be required are listed (both for storing and processing
purposes). The methodology first uses the provided model to select necessary features
considering the requirements, and then selects the set of technologies that allow to cover

all the features and build up the architecture.

Keywords: data-intensive architectures, big-data systems, methodology
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Abstract in lingua italiana

La tesi si propone di offrire agli architetti di sistemi data-intensive una metodologia sistem-
atica per la selezione di un insieme adatto di tecnologie per implementare un’architettura
data-intensive. Le architetture dei sistemi data-intensive sono architetture software pro-
gettate per memorizzare e/o elaborare dati su larga scala, in base ai loro requisiti funzion-
ali e non funzionali. Di conseguenza, il design specifico dell’architettura puo variare, con-
centrandosi sulle principali caratteristiche che deve avere per una gestione ed elaborazione
efficace dei dati. Cio porta alla necessita di evidenziare tutte le possibili caratteristiche
che le architetture data-intensive possono manifestare e di collegarle ai requisiti che un
architetto puo raccogliere nella fase iniziale di progettazione. Nella prima parte della tesi
viene fornito un modello che comprende tutte le possibili caratteristiche. Il modello rap-
presenta il ciclo di vita dei dati all’interno dell’architettura, che é diviso in fasi. Quindi,
per ciascuna fase, vengono elencate le possibili caratteristiche che potrebbero essere richi-
este (sia per scopi di archiviazione che di elaborazione). La metodologia utilizza prima il
modello fornito per selezionare le caratteristiche necessarie in considerazione dei requisiti,
e quindi seleziona l'insieme di tecnologie che consentono di coprire tutte le caratteristiche

e costruire ’architettura.

Parole chiave:architetture data-intensive, sistemi di big data, metodologia
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Introduction

We define a data-intensive architecture as a software architecture a company adopts to
collect, analyze and manage big data to obtain actionable knowledge and serve informa-
tion to internal /external users according to its requirements. We consider architectures
for distributed systems, which are deployed on different nodes, that may be placed in
different localities. They refer to software infrastructures that comprise systems with
distinct primary functions, including databases, queuing systems, storage systems, and
analytics systems, among others, which collaborate to optimize data processing and man-
agement. These architectures can be regarded as an ensemble of components meticulously
designed in accordance with the specific requirements of the company. Their purpose is
to delineate the data life-cycle and generate essential information to meet the company’s
needs. According to the specific requirements, different components can be selected: both
the type of data collected and the way in which it has to be managed and/or analyzed to

extract useful information can vary a lot according to the needs of the company.

We consider a wide spectrum of requirements, encompassing both non-functional and
functional aspects. Functional requirements are intricately linked to the nature of queries
originating from external users, whereas non-functional requirements aims in safeguard-
ing the integrity, consistency, scalability, and latency performance of our distributed en-
vironments. Choosing distributed environments instead of centralized ones introduces
additional complexities in meeting these requirements, which translate into new require-
ments. An example is the consistency of data distributed across different nodes, which
was not present in vertically scalable database environments where data resides on the
same node. Furthermore, these requirements frequently clash with each other, leading
to the existence of trade-offs that necessitate choosing between different solutions when
designing a data-intensive architecture. Hence the need for more complex architectures,

which require to combine different strategies to optimize trade-offs.

The contribution of this thesis is to provide a software engineering methodology to sim-
plify the process of reconciling all the requirements initially for designing a suitable data-
intensive architecture and subsequently for identifying a set of systems for implementation.

The methodology depends on a provided abstract model that captures the most relevant
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characteristics of any data-intensive architecture. This model incorporates pertinent char-
acteristics for complex architectures, including those primarily focused on data processing
without persistence, those primarily dedicated to data management and storage, and those
that combine these functions. When software architects apply the methodology to a spe-
cific architecture, they are initially guided to choose from the model the characteristics
relevant to that specific architecture, based on the list of requirements they have gathered
from the application domain. Following this, they proceed to select a set of systems for

implementation that enable the coverage of all the chosen characteristics.
To fulfill this goal, we:

1. Identify a precise list of requirements that data processing and management at scale

may present;
2. Provide an abstract model that captures the key characteristics of any architecture;

3. Provide a clear mapping of requirements to model’s characteristics. A set of re-

quirements lead to the selection of a set of model’s characteristics;
4. Show if and how systems can implement the model’s characteristics;

5. Show how to combine the different systems to encompass all the characteristics

selected in the model by combining requirements.

The methodology exploits the model and mappings above to allow architects to: precisely
identify their requirements based on the provided list, define one or more architectures
that contain the characteristics that satisfy the identified requirement, and select systems

to realize the designed architecture in practice.

To present the methodology, we start by describing the model with its components and
relative features. Then, requirements are described, with their related components and
features. Finally, a strategy is provided to select the set of tools to implement the archi-

tecture.



]_ ‘ Motivation and Contributions

In the literature there are either lots of descriptions of single systems that try to cover
as many requirements as possible, or specific architectures sometimes designed around a
specific physical component, without exhaustively specifying the requirements they cover.
However, as it will be detailed in Chapter 77, there is no complete model that can be

adapted to every architecture based on the specific requirements it has to cover.

As a first main contribution of this thesis, we have created a model that tries to group all
the characteristics that a data-intensive processing and management architecture can have.
In fact, we will show that our model can be adapted both to architectures focused on data
storage (i.e., databases), and to architectures focused on data processing. By selecting
the logical components, we will show that the model can be adapted both to various
architectures known in the literature, such as Lambda, Kappa, Liquid,.. and to systems
such as OLAP, OLTP, Data Warehouse, Data Lake, ... In addition, the model can also
be adapted to application-specific scenarios, which present more stringent requirements

in terms of how the data is to be used and persisted.

Moreover, in the literature there is no systematic methodology from the point of view of
software engineering: given a specific application scenario, there is no formal process to
identify a suitable architecture and a suitable set of technologies to implement it. With
this work, as a second main contribution, we also try to find a methodology to create an
application-specific data-intensive architecture, starting from the requirements previously
identified by the architect and building the physical infrastructure. Our methodology
can be seen as an algorithm that the architect can follow to implement his application-
specific architecture, giving it the requirements as input and obtaining as output a set of

technologies to implement it.

Moreover, the methodology could be useful for orchestrators languages such as tosca.
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2 ‘ A Model for Data-Intensive
Architectures

This chapter describes our model of a data-intensive architecture in terms of the logical
components it implements. The model describes the data life-cycle within an architecture
and highlights all the potential capabilities that may be provided. We start by describing
the single components and their interactions in section 2.1. Then, a high-level model
description is provided in Section 2.2, followed by an overview on how capabilities of each

compoenents are represented within the model in Section 2.3.

2.1. Components

We define a component as a piece of the architecture with a precise role in the data
management and/or processing. The architecture is constructed from a collection of
these components, which all together define the data lice-cycle within the architecture.
The model comprises all the possible components that can be implemented within the
architecture. Then, the specific architecture will be composed of some of them according

to its requirements.

2.1.1. Overview

Model’s external actors are producers and consumers. We define producers as external
sources from which data is collected, while consumers as external actors that submit
queries within the architecture and receive responses. We define query any request re-
ceived within the architecture regarding the data that the architecture receives from
producers and manages in order to generate a response. The data that passes through

the model and is optionally persisted can be raw, raw-formatted or derived.

We refer to the data received from sources as raw, indicating that it has not undergone
any form of modification. The raw data can be subjected to various operations, trans-

forming it into a raw-formatted data. Both raw and raw-formatted data contain identical
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information, as these operations do not generate additional data, but rather transform
the raw data into a different representation that still contains the same information. Both
raw and raw-formatted data can undergo processing that extracts new data containing
additional information. In such cases, we refer to the resulting data as derived data. An
example of raw information could be a data-set of thermal measurements received from
producers. Derived information, in this case, would be the computed average of these

measurements by the infrastructure.

Each component within the model comprises a phase and an optional storage. A phase
correspond to a step in the big data life-cycle, and the storage represent the ability of
the component to persist data at that specific phase. A component is said to be state-
centric when the storage is activated, data-centric otherwise: state-centric components
are databases, mostly dedicated to persist information; data-centric components are pro-
cessing components used to process the data without having to persist it. When the
storage is present, it has its Data Structure, which can be Transactional, Documental,

Key-Value, Graph or Columnar, whose differences will be detailed in Chapter 4.

As it will be clarified in the following chapters, the methodology guides the architect to
decide first to activate some of the components based on the requirements he/she has
collected, and secondly to decide whether to activate or not the storage. The activation
of a component represents the presence of the corresponding phase in the data life-cycle
within the architecture. The activation of the storage allow to maintain data at that
phase. When the storage is activated, the methodology requires to select the Storage

Data Structure too.

Figure 2.1: Logical Component Overview.

Both phase and storage within each component can have one or more features. We define
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a feature as a capability that the architecture may or may not offer to cover a particular
requirement. Features related to a phase are defined as Computation Features, whereas
those related to the storage are defined as Storage Features. To explain how they differ,
consider the component as an object in the object-oriented paradigm, which can have some
methods (actions that can be performed over the data) and a state: a phase consists of a
computation part, and a storage part. Methods are Computation Features, and the state

is represented by Storage Features.

So, after activating the component (and optionally the storage), the methodology guides

the architect to activate the features he/she needs according to the collected requirements.

As it will be more evident in the following chapters, the model presents parallels between
storage features and computation features: there will be requirements that can be cov-
ered by both types of features. This is why the methodology requires to decide the type
of logical component a-priori based on the requirements: State-Centric components re-
quire to activate the storage and to mostly select storage features, whereas Data-Centric

components mostly require computation’s features.

In the following, the Storage Data Structure is omitted from the figures for compactness.

It will then be present again in the complete model shown in Chapter 6.

2.1.2. Interactions

The components within the model communicate with each other through the exchange of
data and queries. Figure 2.2 shows the interaction among phases, which is characterized
by two different types of flows: the Data-Flow entering the model from the left and
moving to the right and the Query-Flow entering the model from the right and moving
to the left. We define Data-Flow the process of transferring data from one component
to another, including all computations or processing operations that occur within each
component, while we define Query-Flow as the process of transferring a query and its

associated responses from one component to another.
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Data-Flow

Data that comes from producers is collected, and optionally persisted in the storage, by
the leftmost component. Notice that for simplicity we do not distinguish whether the
data is ingested from producers with some command (e.g., INSERT) or with a stream of
data. This data, according to the information definitions provided above, is considered
as raw. The raw data in the leftmost phase may be subject to some cleaning operations
(taking the form of raw-formatted ), and then other information can be extracted starting
from it by doing some processing: derived information can be produced (and optionally
persisted). As a consequence, the model manages more raw information moving on the left
components, and more elaborate information on the right components: raw(-formatted)
information will be in the leftmost components, and derived one, when produced, in the

rightmost components.

Data may flow from one phase to the other either in push mode or in pull mode: with
push mode, the data is sent to the next phase with a time that can be configured by the
designer; with pull mode, the receiver phase requires available data when necessary. The
choice is done when selecting the systems during the methodology, as it is the system itself
that can have a push or pull implementation based on its design. In case of push mode,
producer and consumer must be decoupled, so as to avoid situations in which the consumer
cannot manage the speed with which the producer sends data. For this reason, push

systems implements some application-level flow control mechanism to protect the system
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against being overloaded when data arrives too fast. For example, Flink implements a

backpressure mechanism.

Query-Flow

Queries are ingested by consumers in the model from the rightmost phase, and flow on left
phases to take the response. Answers to the queries will be taken in a phase according
to the asked type of information: the more raw is the requested data, the further the
query will flow to the left to get the response. The way in which information has to be
analyzed and/or managed depends on the type of queries done over the infrastructure.
Formally, queries can be On-Demand or Continuous: On Demand queries are activated
when necessary, and as a consequence manage data in pull mode, whereas Continuous
Queries are always active and process data when it is available, i.e., in push mode. In
some cases, queries are not defined a-priori and require the entire processing at query
time. In other cases queries are known upfront, and this allows to pre-compute answers
to respond with low latency. Notice that the model here presents a gray area: a state-
centric component with continuous queries known in advance may perform computations
as soon as data arrives to pre-compute the answer. In this scenario, what we effectively
obtain is a behavior similar to that of a data-centric component, as it processes the stream

of entries into the database to pre-compute the changes.

Summing up, the model combines components to establish the data life cycle, with each
component comprising a phase and optionally a storage. Data enters in the first com-
ponent of the model from producers (external sources). Consumers send queries to the
last component of the model. Components in between are used to save and process the

information based on the incoming queries.

2.2. High-Level Model Description

Let us first consider components as black boxes with their optional storages, without
going into detail describing their capabilities (i.e., their features). The next chapters will

then describe the features each component can have.

To describe the model, it is necessary to distinguish between non-complex queries and
complex queries. To define them, we use the definitions of raw, raw-formatted, and derived
data provided above. Non-complexr queries requires wither raw or raw-formatted data,
while complex queries require derived data. Summing up, non-complex queries ask for
information that comes from producers, either as they ingest it (raw data) or in a different

representation (raw-formatted). Complez queries ask for information that doesn’t directly
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originate from producers but necessitates the infrastructure to generate it through various

processing actions.

Ingestion Formatting & - Serving Phase
Phase Phase
Phase
:,,E’“e"w Q“,M,Y -

Mation

il &
[

.

]
Storage

R [
Storage Storage
[ [ |

Figure 2.3: Model’s Logical Components

Figure 2.3 represents the model, which is composed of four phases (i.e., logical components)

with their correspondent storages.

e The Ingestion Phase acquires data from external sources as it comes; it is composed

of adapters that communicate with the outside world and convert the protocols used
by the outside with what is in the system. The Unaltered Storage is used to store
data as it comes from the outside, which doesn’t necessarily have a defined format

or schema, and it can store data in different formats.

The Cleaning and Formatting Phase acquires data from the previous phase. It is
present if and only if some transformation over the raw data is necessary to facilitate
the work that will be done by the following phases. The Transformed Storage can

persist raw-formatted data produced in this phase.

The Processing Phase is responsible for doing processing actions over the raw /raw-
formatted information in order to perform more in depth analysis and produce
derived data. For example, the average of some values that can be stored either in
the unaltered storage or in the Formatted storage is computed in this phase, and
the average is derived data. The Derived Storage stores the derived information

that is produced in this phase. It is used for in-memory purposes.

The Serving Phase communicates with the consumers. It receives queries from the

outside and sends the results back to the outside as soon as they are ready. It is used
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for in-memory purposes. The Serving Storage can persist the results in-memory of

the query.

Summing up, raw data can be stored in the Unaltered Storage. When data needs to be
transformed before storage, it becomes raw-formatted and can be stored in the Formatted

Storage. The Transformed Storage saves derived data.

Logical components do not necessarily represent different components of the real system.
For example, a single system can first transform raw data in raw-formatted data, and
then can process raw-formatted data to obtain derived data. In the model, this is split in

two phases: the cleaning and formatting phase and the processing phase.

2.2.1. Data-Centric vs State-Centric Components

The presence of a storage in a component indicates that (part of) the data resulting from
that component is persisted in a database (i.e., the phase is a state-centric component).
In the case of data-centric component, the storage is not used, and data flows to the next
phase without being ‘remembered’. Consequently, it will no longer be available in the
future. For example, if the processing phase is a data-centric component, the result of the

query is directly sent to the serving phase without being persisted.

In the case of state-centric component, the storage persist data produced in that phase
for future usage. For example, if the processing phase is a state-centric component, the
result of the query is persisted in the transformed storage before being delivered to the

serving phase.

The Serving Storage needs a further clarification. If the serving phase is a state-centric
component, the serving storage persist data the previous phase send to it. This result
may or may not exist in some other storage. If it does, it is additionally persisted in the
serving storage; if not, it resides solely in the serving storage. The data persisted in the
serving storage and also persisted in another storage consists only of the data necessary

to respond to the query and may not encompass all the data present in the other storage.

Using the thermal measurement example, the system may compute the average over
the thermal measurements, persisting some intermediate computations (e.g., the sum of
the measurements and their count, that could be useful in future executions) if necessary.
Assuming that data is stored as it arrives, as shown in Figure 2.4a, thermal measurements
are stored in the unaltered storage, intermediate computations are in the transformed
storage, and the average is both in the transformed Storage and in the serving Storage.

If data needs some rearrangement, it passes through the cleaning and formatting phase
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and is stored in the formatting storage. Notice that in this example the only possible
query is the average. If other queries are possible, answers to those queries will be in the
serving storage too: in the example, if another possible query requires to select a single

measurement, as shown in Figure 2.4b, measurements will be in the serving storage.

Raw Storage Transformed Storage

Raw Storage

Thermal
Measurements

Transformed Storage

Partial Sum

Thermal
Measurements
Average

Serving Storage Serving Storage

(a) Average query. (b) Average and Measurement query.

Count Average

Figure 2.4: Example of usage of the storages.

2.2.2. High-Level Model’s Mappings

In the following, we will illustrate how to use the model described above, combining the

various components to tailor it to specific architectures.

Ingestion d ing
Phase Formatting Phase Phase

Unaltered Formatted ransformed| Serving
Storage Storage Storage Storage

B D
g —

Figure 2.5: Example of Model’s Mapping

An application of the model could be an infrastructure that gather raw data from produc-
ers, with receivers making requests for this raw data through non complex queries. The
architecture of the infrastructure is mapped in the model by only activating the Ingestion
Phase and the Serving Phase with their storages, as illustrated in Figure 2.5. The serving
storage contains those raw data asked by the query. If the data arriving from producers
still adhere to a specific schema or format, the Storage Data Model of the storages is

selected accordingly.



2| A Model for Data-Intensive Architectures 13

.....

(a) (b)

Figure 2.6: Examples of Model’s Mappings.

We assume the in-memory option both activated for storage and processing purposes.
The cleaning and formatting phase is activated when raw data ingested by producers
necessitate some form of transformation. In this scenario, the architect has the option to
retain both the unaltered storage to store raw data and the formatted storage to store raw-
formatted data or choose to keep only one of them based on the collected requirements.
As an example, if queries only ask for raw-formatted data, the architect may decide to
keep only the formatted storage (see Figure 2.6a). However, for fault tolerant reasons
he/she may decide to keep also the raw version of the data stored, so that in case of
crash of the physical component that implements the formatted storage, it is possible to
recompute the raw-formatted information starting from the raw one that is persisted in
the unaltered storage. This last case is shown in Figure 2.6b. Furthermore, it might not
be necessary to save the query result, which corresponds to the transformed data. In such
cases, the architect can choose to persist only the raw data (Figure 2.6¢) in the unaltered
storage or to not persist anything at all (Figure 2.6¢). Notice that in such scenarios the

serving storage is not activated, as the result of the query is not persisted.

Moving forward, we will delve into and expand upon scenario B (i.e., the raw-formatted
data is persisted); however, the concepts discussed can be applied to any of the earlier

scenarios.
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Formatted

[k o]

Figure 2.7: Examples of Model’s Mappings.

Any time the query requires derived data that must be extracted through processing
actions over the raw /raw-formatted data (e.g., aggregations to produce averages, sums,
and more) the Processing Phase is activated. Whether to activate the transformed storage
of not depends on the need to persist the derived information that has been obtained.
This derived information can serve as either the answer to the query or as intermediate
computations required to obtain the final result. Figure 2.6¢ illustrates a scenario in
which the derived data, including both intermediate and final results, do not require
persistence. As the final result is not persisted, the serving storage remains inactive.
In the scenario depicted by Figure 2.6¢, the final result does not need to be persisted,
but intermediate computations do. Consequently, the transformed storage is activated
to retain these intermediate computations, while the serving storage remains inactive,
given that the final result is not persisted. Figure 2.6¢ describes the situation in which
the final result needs to be persisted. In this case, both the transformed and the serving
storage are activated. Whether they contain identical data or if the transformed storage
retains additional data depends on whether the processing phase requires the persistence

of intermediate results.
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2.2.3. Multiple Data-Flows

Data-intensive architectures can represent infrastructures that need to handle different
query-flows, which may require data to follow different data-flows based on the specific
query requirements. As a result, the same architecture may need to simultaneously man-
age multiple data-flows, each corresponding to the different query-flow it handles. Given
that our model describes the data-flow for a single query-flow, the overall architecture
is depicted as multiple parallel instances of the model, each corresponding to a different
data-flow /query-flow pair. Producers and consumers can be shared by different data-flows.
For example, consider an online sales system: Producers and consumers are managers and
users. As producers, users produce data about their personal information, what they see
as they browse the site and what they buy, while managers produce data about what is for
sale. As consumers, users want to see data about their purchases, what’s available, and
what they’re recommended based on previous actions; managers want to see statistics on
purchases, trends, and more. Based on this, the architect identifies two data-flows: one
that produces output for users, and one for managers. Thus, a first data-flow will have
managers and users as producers and users as consumers, and a second data-flow will have
managers and users as producers and managers as consumers. In this case, the different

data-flows share ingestion phase and/or serving phase to obtain the final architecture.

An example is the Lambda Architecture, which is a architectural model designed to
address two fundamental needs in data analysis: the need to handle complex queries that
require extensive processing and the need to provide rapid responses to high-throughput
queries. These two requirements necessitate distinct strategies for query management, as
extensive computations take time to complete, while real-time queries demand immediate
responses. Consequently, using the same systems for both types of queries would not
meet these requirements. The Lambda Architecture, therefore, divides data elaborations
into two separate streams: a batch-processing stream for complex queries and a real-time
processing stream to handle high-throughput queries. To achieve this, it is divided into

three layers [9]:

e The batch layer stores input data as batch views, which are written in a master
data-set and periodically merged with new data. These batch views contain the

results of complex queries.

e The speed layer processes real-time views as soon as data arrives, and send them to
a storage in the serving layer. These real-time views contain the results of real-time

queries.

e The serving layer collects both batch views from the batch layer and real time-views
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from the speed layer and produces merging layer to provide a unifying access point
of the results.
We can model the Lambda architecture by instantiating separate instances of our model

for each type of query, corresponding to different data-flows, one data-flow associated to

the batch-processing part, and one data flow associated to the stream-processing part.

| Il I | |
Ingestion Phase Formatting Phase Processing Phase Serving Phase Ingestion Phase atting Phase Pro ing Phase Serving Phase

Raw-Formatted Derived fE—
Views

Figure 2.8: Lambda’s Pipelines and Final Model

For this example, we consider that requirements are such that

e raw data needs to be transformed, and becomes raw-formatted data. If this is
not the case, the Cleaning and Formatting Phase is omitted, and instead of the

transformed storage we select the unaltered storage;

e only raw-formatted data needs to be persisted, while raw data can be discarded. If

this is not the case, the unaltered storage needs to be selected too.

The Lambda architecture is mapped in our model as depicted in Figure 2.8. It is composed

of two instances of the model that merges together at query time.
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The first flow models the batch layer. The ingestion components retrieve data from
producers and sends them to the cleaning and formatting component. Here data is trans-
formed in raw-formatted data and stored in the transformed storage, which corresponds
to the master data-set. The processing phase periodically retrieve data from the trans-
formed storage in batch, performs computations to produce derived data and stores them
in the derived storage. The second flow models the stream layer. The ingestion com-
ponent retrieves data from producers and sends them to the cleaning and formatting
component, which transforms it and directly produces real time views without persisting

raw-formatted information. These two instances are merged to obtain the final model.

2.3. Features

Up until now, we’ve treated each component as a black box. Each component has a col-
lection of features within, representing the potential capabilities it can have. The overall
model, with its components containing the features, represents the complete set of poten-
tial capabilities that a data-intensive architecture can provide. We define Computation
features as those that pertain to provide capabilities to process data within the archi-
tecture. While the majority of these features can be delivered by both data-centric and
state-centric components, there are some that are exclusive to state-centric components.
We define Storage features as those that refer to how data is stored and under which

assumptions. These can be delivered only by state-centric components.

Components can have different abilities in providing each feature. In the context of
computation features, these imply various actions that can be performed on the data. In
the case of storage features, they relate to different characteristics that the storage can
exhibit. A specific data-intensive architecture can be mapped to the model by selecting,
for each data-flow, its specific components, and for each of these components select the

features that are necessary to produce a concrete implementation.

As shown in Figure 2.9, features are represented as rectangles, and when the selection of
the ability is required, the feature has rectangles to represent the different mechanisms

inside the main one.
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Feature

Feature

Abitily1

Abitlity2

Figure 2.9: Feature Representations.

Chapter 3 and Chapter 4, provide a description of each feature; Chapter 5 describes how

to extract a set of physical components by considering the activated logical components
and features.
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3 Computation Features

This chapter describes the computational aspect of model’s components. Figure 3.1 pro-
vides an overview of the model, with a focus on Computation Features that encompass
the architecture’s capabilities for generating the data flow, while temporarily omitting
storage features. Computation features are represented in green, while their respective
abilities in blue. As it is illustrated, components may provide different capabilities based
on their respective phases. Furthermore, the majority of these features are relevant to
both state-centric and data-centric components, while some are exclusive to state-centric

components’ storage.
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Figure 3.1: Computation Features Overview.

In the following sections, an explanation of each feature is provided, along with their

respective abilities. Section 3.1 lists features of both state-centric and data-centric com-

ponents, while Section 77 lists those exclusive of state-centric components.

3.1.

Phase’s Computation Features
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3.1.1. Language

We define the Language Feature as the capability of the component to provide some lan-
guage to manage and define queries over data. Different components can enable this
feature through different categories of languages. For the purposes of the model we
classify programming languages in declarative languages, imperative/object-oriented pro-
gramming (OOP) languages, and functional languages. Declarative languages focus on
the desired result: users specify what they want to achieve, and the system autonomously
determines how to calculate and execute it. In contrast, in imperative and object-oriented
languages (OOP), the emphasis is on the operations to be performed to achieve the de-
sired result; users explicitly define a sequence of commands to be executed, and the
system carries out these commands step by step. In functional languages, on the other
hand, functions are treated as immutable entities that can be composed, allowing devel-
opers to define a processing flow in which functions accept arguments, perform specific

operations, and return results based on specifications without causing side effects.

The feature in question, which is present in each component, is depicted in Figure 3.2.
Components can implement it using one or a combination of various programming lan-
guages. Within our model, the choice of language is guided by the selection of one or

more of the following abilities: declarative, imperative/OOP, and functional.

Language

Declarative

Imperative/OOP

Functional

Figure 3.2: Language Feature.

In general, the architect who wants to make decisions based on the control of the ex-
ecution flow chooses the imperative/OOP approach, while if he/she intends to specify
the operations to be performed, he/she opts for a declarative approach. If, on the other
hand, he/she wishes to define functions to enhance the language’s expressiveness, he/she
decides for a functional approach. Additionally, systems employing declarative solutions
implement query optimization strategies that automate the selection of the most efficient
execution for a given computation. This is possible because the system autonomously

manages the execution process and can apply optimizations automatically. In contrast,
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in alternative approaches, the system lacks the ability to predict the execution flow, and
thus, optimization is the responsibility of the programmer. However, it should be noted
that adopting declarative solutions may limit the language’s expressiveness to only what
is provided by its syntax. Some systems mitigate this limitation by allowing developers
to define custom functions (user-defined functions), thereby combining declarative and
functional aspects to enhance the language’s flexibility. It is important to recognize that
this strategy may reduce opportunities for automatic optimization since the system loses

full control over execution.

3.1.2. Query Behavior

We define the Query Behavior Feature as the component’s capability to handle queries
that may be triggered within the architecture at different points in time. We differentiate
between two primary architectural abilities: responding to on-demand requests, triggered
when needed, and addressing continuous requests, which activate as soon as new data
enters the system. In our model, to emphasize the various abilities of architectures in
responding to queries, we categorize query behaviors into On-demand and Continuous.

Figure 3.3 illustrates the feature, which can be present in any component of the model.

Query Behavior

On-Demand

Continous

Figure 3.3: Query Behavior Feature.

We define On-Demand Query Behaviour the component’s ability to handle requests trig-
gered when needed, and Continuous Query Behaviour the component’s ability to trigger

queries as soon as data arrives.

3.1.3. Query Knowledge

We define the Query Knowledge Feature as the component’s capability to manage queries
that may be known at various points in time. We differentiate between two primary ar-
chitectural abilities: the architecture may be capable of handling both known queries at
the time of implementation, which are planned and configured in advance, and unknown

queries, which can emerge unexpectedly. Known queries can be handled by all types
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of components because they are specified in advance, and components are designed and
configured based on these queries. On the other hand, flexibility in handling unknown
queries can be an important aspect to consider during the design of data processing sys-
tems because architectures can be designed with varying degrees of flexibility in managing
unknown queries. In general, we can say that all state-centric components can respond to
unknown queries as soon as the necessary data to obtain the answer is present in storage,

while data-centric components are less predisposed to do so because data is not persisted.

Figure 3.4 illustrates the feature, which can be present in any component of the model.

Query Knowledge

Known

Unknown

Figure 3.4: Query Behavior Feature.

In our model, we distinguish between Known Query Behavior and Unknown Query Be-
havior. We define Known Query Behaviour as the ability to handle queries that are known
at the time of implementing the component, and Unknown Query Behavior as the ability

to handle queries that may emerge in the future.

3.1.4. Elaboration Type

We define Elaboration Type Feature as the component’s capability to elaborate data in
various approaches. This feature can be found in components with any phase type, and
the processing we refer to corresponds to that performed in the specific phase of the
component. Viewing the data-set as a collection of items, one approach is to process one
item at a time, while another approach involves gathering a group of items before starting

the elaboration.

The feature’s representation in our model is shown in Figure 3.5.
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Elaboration Type

Single-ltem

Multi-ltem

Figure 3.5: Elaboration Type Feature.

We distinguish between Single-Item and Multi-Item abilities in elaborating data. We
define Single-Item as the ability to perform elaborations one item at a time, while Multi-
Item as the ability to group items before elaboration. While the first approach does
not require storage for processing, the second approach necessitates, at the very least, a
means to temporarily store the items that need to be processed within the same group.
This doesn’t necessarily translate to the presence of storage in the model, but it could
also manifest as less complex yet efficient temporary persistence techniques to provide this
capability within the architecture. As a result, the architect, in order to enable multi-item

elaboration, doesn’t necessarily need to activate storage.

3.1.5. Extension

We define Frtensions Feature as the ability of a component to adeptly manage and process
data in alignment with their specific characteristics. These extensions encompass special-
ized algorithms and tools tailored to efficiently and accurately handle data. Indeed, the
nature of data can, in certain instances, necessitate bespoke functionalities to ensure its
proper management and analysis. Data can manifest in temporal and spatial dimensions,
and may require to be considered accordingly. In the former, it can represent precise
moments when events occurred (timestamps), time intervals, dates, hours, or any time-
related information. In the latter, data can denote physical locations or spatial contexts
where events unfold or objects reside. Furthermore, there are scenarios where data seam-
lessly intertwines both temporal and geographic attributes, and in these cases we speak
about spatio-temporal data. A prime example is data originating from GPS sensors,

which concurrently record geographic coordinates and corresponding timestamps.

In our model, we represent this feature as depicted in Figure 3.6, where we differentiate

between Temporal and Geospatial abilities for managing and/or processing data.
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Extensions

Temporal

Geospatial

Figure 3.6: Extensions Feature.

We define Temporal as the capability to account for data within their temporal dimen-
sion, providing functions for managing this data effectively. These functions may include
actions such as filtering, aggregating, or retrieving data based on specific time intervals.
We define Geospatial as the capability to analyze data within their spatial dimension, of-
fering functions to extract information based on geographic location. The architect may
decide to select either one or both abilities. If both abilities are selected, spatio-temporal

data is considered.

3.1.6. Parallelism

We define Parallelism Feature as the capability of the component to distribute data pro-
cessing and/or storage across multiple nodes to improve performance. It entails paral-
lelizing the execution of operations or queries whenever feasible, followed by aggregating
the final outcomes. This minimizes the time needed for executing the entire operation.
Both data and operations can be divided to facilitate parallel processing. In the first sce-
nario, the data-set is partitioned into smaller segments, and the operation is concurrently
executed on these distinct segments. In the second scenario, the query is dissected into
independent tasks that are executed in parallel. Subsequently, the outcomes from these
parallel executions are merged to produce the final solution. It’s important to note that
this approach might not always be feasible, as data dependencies could necessitate the

system to execute sequentially in certain situations.

In our model, the feature is represented as in Figure 3.7.

Parallelism
‘ Data ‘

‘ Task ‘

Figure 3.7: Parallelism Feature.



26 3| Computation Features

We distinguish between Data Parallelism and Task Parallelism abilities. We define Data
Parallelism as the ability of the component to split the data-set to parallelize the oper-
ations, while Task Parallelism as the ability to split the query in tasks to be applied in
parallel.

3.1.7. Transforming Actions

We define Transforming Actions Feature as the capability of the component in handling
actions for cleaning and formatting the data that comes from the outside. T This feature is
typical of the Cleaning and Formatting Phase, which takes data from the Ingestion Phase
and prepares it for processing and/or storage. Transforming actions are those executed
during the Transformation phase of the ETL (Extract, Transform, Load) process. The
ETL process involves extracting data from various sources, processing it, and then storing
it. Transformation includes actions like data cleaning, which aims to correct erroneous
data and provide clean data by addressing issues such as missing data and rejecting invalid
data, and Data conformance, which aims at ensuring data correctness and compatibility
with other master data. The component with this capability should provide a set of data

transformations or operators such as filtering, sorting, inner joins, and outer joins|[12].

In our model, the feature in question is represented in Figure 3.8.

Transforming Actions

Data Cleaning

Data Formatting

Figure 3.8: Transforming Actions Feature.

We distinguish abilities in providing operations to clean data (referred to as Data Clean-
ing) and to format data (referred to as Data Formatting). We define Data Cleaningas the
component’s ability to provide functions for cleaning data, such as removing duplicates,
handling null values, and verifying integrity rules. We define as Data Formatting the
component’s ability to format data in a manner that aligns with the standards required
by other components within the architecture, ensuring it can be processed and saved

appropriately.
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3.1.8. Processing Actions

We define Processing Actions Feature as the capability of the component to provide actions
to process the data and extract derived information. This feature is present only in
components whose phase is the Processing Phase, as it includes the ability to perform
various data manipulation operations, each with a specific goal, which can be combined

to obtain derived information.

Figure 3.9 depicts the feature’s representation in our model, where we distinguish between

Filtering, Aggregation, Grouping, Joining, Pattern Matching abilities.

Processing Actions

Filtering

Aggregating

Grouping

Joining

Pattern Matching

Figure 3.9: Processing Actions Feature.

We define Filtering as the ability to select relevant or of interest data, eliminating those
that are unnecessary or do not conform to defined criteria. We define Aggregating as the
ability to combine data from different sources or categories, allowing for the calculation
of statistics or simplification of data comprehension. We define Grouping as the ability
to facilitate the organization of data based on common attributes, enabling analysis and
visualization of related data groups. We define Joining as the ability to allow the combi-
nation of data from different sources or tables based on common criteria, enabling data
analysis in a broader context. We define Pattern Matching as the ability to to allow the
combination of data from different sources or tables based on common criteria, enabling

data analysis in a broader context.
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4: Storage Features

This chapter describes the features each component can have when the storage is acti-
vated. We Storage Features as capabilities the component’s storage can exhibit, including
the types of data it can store and the guarantees it provides regarding non-functional

requirement.

Figure 4.1 provides an overview of the storage features in our model, all of which are
present in the storage systems of each component type. Similar to computational features,
storage features may demonstrate varying abilities when delivering each function, which
are highlighted in the model.



30

Consistency Level

Consistency Level

.11

Unmodified
Storage

Transformed
Storage

Derived Storage

i

Management Actions Management Actions
Indexing Indexing Indexing ‘

Persisted Data Type

Structured Structured Structured
Semi-Structured Semi-Structured Semi-Structured
Unstructured Unstructured Unstructured
Tabular Tabular Tabular
Connections Connections Connections
Atomicity Atomicity Atomicity

Global Transactional

Eventual Tranactional

Local Transactional

Isolation

Strong

'

Consistency Level

Weak

Availability

Highly Available

Available

Horizontal

Vertical

Durability.

!
)

i

Consistency Level

.1l

Persisted Data Type

Global Transactional

|
|

Eventual Tranactional

Local Transactional

Strong

'

Consistency Level

Weak

Availability

Highly Available

Available

Horizontal

Vertical

Durability

Consistency Level

i

Persisted Data Type

Global Transactional

Eventual Tranactional

Local Transactional

Isolation

Strong

'

Weak

Highly Available

Available

Horizontal

Vertical

Durability

)

4| Storage

Serving Storage

Features

Figure 4.1: Storage Features Overview.

The following section outlines the various data types that can be stored within a storage
system (Section 4.1), as well as the features associated with guarantees in terms of non-

functional requirements (Section 4.2).

4.1. Persisted Data Type Feature

We define Persisted Data Type Feature as the capability of a component’s storage to per-
sist specific types of data. Data can be categorized into three main types: structured,
semi-structured, and unstructured. Structured data is organized with a predefined and

coherent schema, typically represented in a tabular format where rows and columns are
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well defined. The schema for structured data must be defined in advance. Semi-structured
data, on the other hand, has a more flexible schema. While it still exhibits some structure,
it doesn’t require a rigid, predefined schema. Semi-structured data often uses formats like
JSON or XML and may include nested or hierarchical structures. The key distinction
from structured data is that its schema doesn’t need to be defined in advance, making
it suitable for scenarios where data structures may evolve or vary. Unstructured data,
in contrast, lacks a specific structure or format altogether. It doesn’t conform to the
tabular organization seen in structured data and doesn’t follow a predefined schema like
semi-structured data. Unstructured data can take many forms, including free-form text,
images, videos, audio recordings, and more. Analyzing and extracting meaningful in-
formation from unstructured data can be challenging, as it doesn’t have a consistent

structure that makes it easily machine-readable.

The feature in our model is represented as in Figure 4.2. We distinguish between abilities

in managing Structured, Unstructured and Semi-Structured data.
Persisted Data Type
Structured
Semi-Structured

Unstructured

Figure 4.2: Persisted Data Type Feature.

We define Structured Persisted Data Type as the storage’s ability to manage structured
data. Similarly, we define Unstructured Persisted Data Type as the storage’s ability to
manage unstructured data, and Semi-Structured Persisted Data Type as the storage’s

ability to manage semi-structured data.

4.2. Guarantees Features

4.2.1. Availability

We define Awvailability Feature as the capability of the component to provide availability,
which consists in being up and running whenever it is required by users. A highly-available
system is defined as a system that is never blocked by some event, such as a failure|6].

This means that highly-available systems keep working even when part of the system goes
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down, giving the user the illusion that nothing has gone wrong.

Availability can be ensured by implementing replication. Replication is defined as keeping
a copy of the same data on multiple machines, defined as replica, that are connected via
network, allowing multiple entities to operate simultaneously on different replicas [13].
The replicated system should create the illusion for all users that they are operating
within a centralized system rather than on different replicas. This concept is commonly
defined as consistency among replicas. Different consistency models among replicas has
been proposed that differentiate in the level of consistency they provide [16]. The strongest
level of consistency is linearizability (or strong consistency), which guarantees that every
operation appears to be applied instantaneously across all replicas. Sequential consistency,
on the other hand, ensures that operations within each replica are executed in the same
order as they were issued. In contrast, weak consistency does not guarantee that read
operations return the most recently written value. Finally, eventual consistency is a level
of consistency where replicas converge toward identical copies in the absence of further
updates. This means that if no new operations are invoked on the object, eventually, all

read operations will return the same value.

When implementing replication, systems require protocols to propagate updates from one
replica to others. Systems can use either leader-based or leaderless solutions [13]. In
Leader-Based replication, one (single-leader) or more (multi-leader) replicas are identified
as Leaders, which are responsible for receiving all write operations and then propagating
these writes to the associated replicas, which are known as followers. The propagation
of updates, which can occur synchronously or asynchronously, compromises availability.
With synchronous propagation, when a replica propagates an update, it waits until all
recipients have processed it and sends an acknowledgment to signal completion. On
the other hand, asynchronous propagation doesn’t require the sender to ensure that the
receiver receives the update and can continue processing other updates without being
blocked. When a replica fails, leader-Based protocols implement logging on replicas. If
the failed replica is not a leader, it recovers by using its log and contacting the leader to
receive changes done when it was not active. If the failed replica is a leader, a failover
mechanism has to be done to elect a new leader and inform other replicas about the change.
Therefore, in leader-based protocols, leader failover is costly, as it involves detecting leader
failure, electing a new leader, and re-configuring the system to use the new leader. In
case of synchronous propagation, this cause the system to block until the new leader is
elected, and the cost is related to the time needed to restore the leader. However, in Multi-
Leader protocols, this cost is restricted only by the subset of replicas associated with the

failed leader, while the others can continue their operations without interruption. As a
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consequence, synchronous propagation impact in the level of availability, as it may require
the system to be blocked, but do not impact on the level of consistency. In the case of
asynchronous propagation, the failover cost is indeed related to the potential loss of data
consistency guarantees. Since replicas process data as soon as they receive it without
waiting for all nodes to have received it, if the leader fails before all other nodes have
received the updated data, some replicas may not be aligned with the latest available
data. This situation can persist until the failed leader is restored. When the leader comes
back online, replicas will begin to converge toward a common and consistent state, but this
process may take some time. As a consequence, asynchronous propagation do not impact
on the level of availability, as do not require the system to be blocked, but provides
only eventual consistency. The implementation of multi-leader systems introduces the
challenge of write conflicts, where the same data can be concurrently modified in two
different replicas [13|. This can occur due to factors such as asynchrony, where two leaders
may receive different copies of data from their followers simultaneously. When these
leaders propagate their changes, it can result in uncertainty among other nodes in the
system regarding which version should be considered the latest and therefore prioritized.
Consequently, it is essential to implement conflict resolution strategies to bring the system
into a consistent state in such scenarios. These strategies can encompass both automated
and manual approaches. In Leaderless replication, the producer sends writes to a number
of replicas, defined as Quorum, which must approve that write before propagating it
to all replicas. In other words, a quorum of replicas must approve a write operation
before it is considered successful and propagated to all replicas. In the event of a replica
failure, Leaderless replication ensures that all updates will eventually be executed through
mechanisms such as read repair or anti-entropy processes. In the former approach, a
client reads from multiple replicas concurrently and identifies divergent responses. In
the latter case, internal processes within the component actively seek out discrepancies
among the replicas and make the necessary adjustments. In this case, failover does not
exist, and availability is ensured when a number of replicas greater than or equal to
the quorum are active and functioning. This means that the system can continue to
operate even if some replicas are unavailable or have experienced failures, provided that
the required quorum is still reached. The quorum size can be manually configured based
on the specific needs of the system and the data. As a consequence, leaderless replication
can be seen as a way to trade consistency and availability guarantees by selecting the
quorum. The quorum algorithm is designed to ensure data durability and consistency,
but it’s important to note that there is a trade-off. Increasing the quorum size can
enhance data durability and consistency but may result in increased latency and reduced

system availability. Furthermore, by requiring approval from multiple replicas through
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the quorum, it’s possible to reduce write conflicts. Each write operation is processed by

more than one replica, increasing the chances of effective conflict resolution.

Based on this, we categorize protocols into blocking and non-blocking categories. We
classify protocols as blocking when they may necessitate communication to be temporar-
ily halted, whereas we label protocols as non-blocking when they allow the system to
continue functioning even in the event of replica failures. The first category, comprising
protocols that propagate updates synchronously, prioritizes strong consistency guarantees
but tends to be less available. This is because they may require system suspension in the
event of a replica failure and often involve the implementation of failover mechanisms.
Conversely, non-blocking protocols, which propagate updates asynchronously, are highly
available, as they can continue operating even when replica failures occur. However, they
typically provide only eventual consistency guarantees. Leaderless replication is consid-
ered a non-blocking alternative that offers robust consistency guarantees, assuming that

the concurrent failure of replicas remains below a certain quorum threshold.

The Availability Feature of our model is shown in Figure 4.3. We distinguish between the

ability of the storage’s component to be Highly-Available or Available.

Availability

Highly Available

Consistency Level

Available

Figure 4.3: Availability Feature.

We define Higlhy-Avaliable as the ability to ensure high-availability, achieved by a com-
ponent implementing replication using a blocking protocol. Conversely, we define Avail-
ability as the ability to be available, which is accomplished by a component implementing
replication with a non-blocking protocol alongside appropriate failover mechanisms. The
figure also highlights the trade-off involving consistency guarantees: achieving highly-
available abilities typically implies offering only eventual consistency guarantees, whereas

availability can allow us to attain strong consistency guarantees.

4.2.2. Atomicity

We define Atomicity Feature as the capability of the storage’s component to ensure atom-

icity among different transactions. We consider a transaction as a group of operations
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that can be reads, writes and/or updates on multiple items. Atomicity ensures that all
transactions are seen as logical units, meaning that either all operations composing the
transactions entire succeed, or the entire transaction fails. The first case is defined as

transaction commit, while the second is defined as transaction abort [13].

To ensure atomicity in distributed settings, the 2-Phase Commit (2PC) can be imple-
mented. It ensures that operations either commit in all nodes or abort[13|. This is done
by reaching an agreement between the replicas, which can be a global-commit or a global-
abort. This protocol requires the existence of a coordinator who manages the nodes:
when the transaction finishes, if there is a commit request by the application, the coor-
dinator emits the vote-request message, which is sent to all the replicas; replicas receives
the vote request and vote commit or abort; the coordinator collects all votes and if there
is at least one abort emits a global-abort to replicas, otherwise it emits a global-commit;
replicas receive the global message and move to the corresponding state. This protocol
works under the assumption that the coordinator never fails, otherwise execution might
be blocked until the coordinator recovers: it is a blocking protocol. A more expensive
protocol that solves this problem is 3-Phase Commit (3PC), which avoids blocking the
execution in case of coordinator failure. However, in practice it is preferable to use the
less expensive 2PC and implement some failover mechanism|13]; for this reason, 3PC is
omitted from the model. Summing up, Two-Phase Commit (2PC) is a valid solution for
ensuring atomicity in distributed systems, as it employs a voting mechanism to ensure
that all replicas agree on whether to commit or abort a transaction, thus achieving atom-
icity. However, it comes with the drawback of needing a failover mechanism, which can

potentially impact system availability if not managed effectively.

To increase system availability, it is possible to relax the requirement of atomicity and
implement non-blocking solutions. Sagas have been introduced in the context of central-
ized systems, but they are applicable to distributed systems too [11]. The concept behind
sagas is to split the transaction in a sequence of independent step where each step does
not have to observe the same consistent state. Each step update the storage and trigger
the execution of the next one. If a step fails, compensating actions are performed to undo
the changes done by the previous one. The idea behind sagas is to allow intermediate
inconsistent states of the storage, by assuming that it is always possible to asynchronously
rollback without blocking the execution. For example, consider a transaction composed
of hotel booking and flight booking operations and assume that there is an integrity con-
straint that requires only both to be booked: the transaction is successful only if both
operations occur; if only one of them fails, both are canceled. If the first operation is

successful and the second is not (for example because there are no flights available), using
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the sagas it is possible to temporarily commit the first operation, and only after having
received the abort of the second to automatically roll back the first. However, immedi-
ately after the first operation was completed, the storage was in a state in which the user
had only booked the hotel, violating the integrity rule. In this case, it can be considered
acceptable because it only affects the user, for whom seeing the intermediate state is diffi-
cult because he would have to log in with another system at the same time. So assuming

the user is logged in with only one device at a time, the sagas are acceptable.

Another way to handle the execution of operations in a transaction relies on a deterministic
approach: the order is deterministically established and delivered to all replicas before
transactions are executed. It uses a distributed log, where operations are written in a
serial order; each replica has a local copy of this log that is used to execute operations. In
this way, all nodes execute operations in the same order, which is the one in the log. This
approach simplifies the commit protocol, as in the event of a machine failure, it is sufficient
to re-execute the transactions recorded in the distributed transaction log. Consequently,
in this scenario, the two phases of the commit protocol become unnecessary, thereby
reducing the need for additional communication and rendering the protocol non-blocking

precisely when locks are detected.

The feature in our model is represented as in Figure 4.4. We distinguish between the
ability of the storage’s component to provide Global Transactional guarantees, Eventual

Transactional guarantees or Local Transactional guarantees.

Atomicity

Global Transactional

Eventual Tranactional

Local Transactional

Figure 4.4: Atomicity Feature.

We define as Global Transactional guarantees the ability of the component to implement
a blocking-protocol to provide atomicity guarantees over distributed transactions, such as
2PC. We define as Fventual Transactional guarantees the ability of the component to allow
for some strategy to provide atomicity guarantees that eventually the transaction will be
seen as atomic, but accepting temporarily incorrectness. We define as Local Transactional

guarantees the ability of the component to allow for some strategy to provide atomicity
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guarantees over local transactions, such as Deterministic approach.

4.2.3. Isolation

We define Isolation Feature as the capability of the storage’s component to provide iso-
lation among different transactions. This is useful when replication is implemented to
ensure consistency among replicas[4]. We consider a transaction as a group of operations
that can be reads, writes and/or updates on multiple items. Isolation is defined as the
property of ensuring that concurrently executing transactions do not affect each other;
if, for example, one transaction makes several writes, then other transactions should see
either all or none of them [13]. Transactions that reads data that is concurrently mod-
ified by another transaction, or two transactions that try to simultaneously modify the
same data, may cause concurrency issues may arise, as race conditions, which impact
the level of consistency among replicas. Examples of race conditions include dirty read,
which occurs when a transaction reads an update made by another transaction that has
not yet committed and may be aborted, non-repeatable read, which occurs when a data
item is read twice within the same transaction with different values, and phantom read,
which occurs when a transaction executes two different queries in the same processing
and returns two different results[4]. Hence, to avoid this, concurrency control techniques

must be implemented.

The strongest level of isolation, defined as Serializability, ensures that transactions, even
when executed in parallel, produce the same final result as if they were executed sequen-
tially, one after the other, without any concurrency. This means that if transactions are
correct when executed individually, they will still be correct when executed concurrently
[13]. To ensure serializability, a first requirement is a global transactional atomicity ability
of the component (Subsection 4.2.2): transactions must either entirely commit or abort.
Moreover, a lock-based protocol can be implemented. These mechanisms use locks to
allow one transaction at a time to access the data. One of the most common lock-based
protocol is the 2-Phase Locking algorithm (2PL). However, implementing some proto-
col to ensure this isolation level, especially in distributed scenario, may bring to reduce
availability, which is undesirable in many applications. For example, in a distributed en-
vironment, performing 2PL for a transaction of length T necessitates T lock operations
along with at least one lock and one unlock operation, each of which demands coordination
with other database servers or a lock service|[6]. Moreover, they can cause deadlocks that
are usually solved automatically with some technique by the system[13]. Another way to
ensure serializability is to use a Multi-Versioning Concurrency Control (MVCC) protocol

with a timestamp implementation, where resources are tagged with the timestamp of the
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transaction that created them, and read operations access the correct version based on
the timestamp. However, it is still necessary to check for update conflicts to manage
situations where concurrent writes can occur. This check makes the protocol blocking

and unsuitable for highly available solutions|6].

Consequently, various weaker isolation levels have been introduced and categorized based
on the race conditions they mitigate or avoid [4], and some of them can be implemented

in highly-available scenarios|7|.

For example, snapshot isolation ensure that each transaction sees all the data that was
committed in the database at the start of the transaction, by reading from a consistent
snapshot of the database[13]. However, this approach necessitates the implementation
of locking mechanisms to prevent dirty writes, making it unsuitable for high availability
scenarios [6]. Nevertheless, it doesn’t require any locks for read operations, enabling
the database to concurrently execute long-running read queries on a consistent snapshot
while processing writes in a typical manner, without encountering lock contention between
the two. In many scenarios, this level of availability suffices, rendering it a commonly

employed solution|13].

An example of isolation level that can be implemented with highly-availability is the Read
Committed isolation level|7|, ensure transactions to read only committed values, prevents
dirty reads but not non-repeatable reads. This is implemented by most systems with a
MVCC approach by retaining both the old committed value and the new value set by the
current transaction holding the lock for writing. Other transactions reading the object
during this transaction’s execution access the old value, transitioning to the new value

only upon its commitment|13].

Hence, it has been demonstrated that many systems can achieve highly-availability by
relaxing serializability guarantees and allowing some race conditions to occur|7|. This is
acceptable in many applications where absolute data consistency is not a critical priority,

and a certain level of ambiguity in results can be tolerated.

By generalizing, we can conclude that there are blocking protocols that offer robust isola-
tion guarantees, such as serializability, but are not suitable for components with stringent
availability requirements. On the other hand, non-blocking protocols provide weaker iso-
lation levels, like read committed, but are well-suited for components that prioritize high
availability. Snapshot isolation falls in between these extremes, as it strikes a balance
by delivering both high availability and strong consistency, particularly when handling

long-running read queries.
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Figure 4.5 shows the feature’s representation in our model. We distinguish between the

component’s ability to ensure Strong isolation guarantees and Weak isolation guarantees.

Isolation

Strong

Consistency Level

Weak

Figure 4.5: Isolation Feature.

We define Strong Isolation as the ability to offer strong isolation guarantees, typically
enforced through a blocking protocol. However, this approach comes at the cost of reduced
availability. Conversely, we define Weak Isolation as the ability to provide weaker isolation
guarantees. This is implemented with a non blocking protocol, often implemented via
a non-blocking protocol, thus enabling higher availability. The feature also highlights
the direct correlation between the strength of the isolation level and the degree of data

consistency it ensures.

4.2.4. Durability

We define Durability Feature as the capability of the storage’s component to provide
durability guarantees. Durability is defined as the promise that once a transaction has
committed successfully, an data it has has written will not be forgotten, even if there
is a hardware fault or the database crashes. In a replicated database, durability implies
that data has been successfully copied to a certain number of nodes. To ensure dura-
bility, a database must wait until these write operations or replications are completed
before confirming a transaction as successfully committed|[13]. Different techniques can

be implemented to provide durability guarantees.

Checkpointing techniques are used to save the state of the system to a stable storage in
order to use it in future when necessary. There are two different mechanism to imple-
ment it: Independent Checkpointing and Distributed Checkpointining. With Independent
Checkpointing nodes without coordinating periodically checkpoints and save their state
independently one to each other. This mechanism is easy to be implemented, but it could
end up in an inconsistent set of checkpoints: it can happen that a node has checked
pointed up to an event X and then started an event Y, and another node at the moment

of the checkpoint has already received Y. This cause the system to search for another
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set of checkpoints which is consistent, going back in time: the first consistent cut found
going back represents the recovery line, which is the sets of checkpoints that together
result consistent. This may lead to the domino effect: if no checkpoint represents a
consistent cut, the system must come back to the initial state of each node. With Dis-
tributed Checkpointing the system takes a distributed snapshot that represents the state
of the application and save it on the disk. The advantage here is that processes are not
blocked while the checkpoint is being take; the drawback is the increased complexity of
the global snapshot algorithm to be implemented. Another difference is that with In-
dependent Checkpointing, that does not require coordination, previous checkpoints have
to be persisted to find the first consistent cut, whereas Distributed Checkpointing, that

require coordination, does not need to save previous snapshots.

Logging techniques can be used to store the state of the system to a stable storage too.
The difference is that instead of saving the entire state, the Logging feature saves either
the input data and invocations on it to restore the state, or saves state changes before
updating the main storage. The first mechanism is defined as Command Logging, whereas
the second as Write Ahead Log. Differently from write ahead log, Command Logging
requires additional processing, but it is faster; on the other side, with a Write Ahead Log

all changed data are persisted.

These two techniques are commonly combined approach is to start from the last checkpoint

and re-execute the transactions recorded in the log.

Figure 4.6 shows the feature’s representation in our model

Durability

Figure 4.6: Durability Feature.

4.2.5. Scalability

We define Scalability Feature as the capability of the storage’s component to provide
scalability as the data volume grows. Scalability is defined as the system’s ability to cope
with increased load[13].

Scalability is divided in two main cathegories: Vertical and Horizontal Scalability. To
accommodate the growing data volume, a vertically scalable approach involves enhanc-
ing the resources of a single node, while a horizontally scalable approach entails adding

another node with equivalent resource capacity|[13].
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Vertical scalability typically involves upgrading hardware components, such as CPU,
RAM, or storage. The problem with a this approach is that the cost grows faster than
linearly. Horizontal scalability, on the other hand involve split the data-set in smaller
partitions and store them independently, enabling the addition of new partitions as the

data volume expands.

Figure 4.7 shows the feature’s representation in our model, where we distinguish between

component’s abilities of providing Horizontal Scalability or Vertical Scalability

Scalability

Horizontal

Vertical

Figure 4.7: Scalability Feature.
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5 Physical Components

This chapter provides mapping between components and systems.

5.1. State-Centric Systems

5.1.1. Database Systems

SQL solutions are relational databases where data is stored and manipulated using a
predefined schema that must be established in advance. This schema is defined through
tables, which can be interconnected. These solutions ensure ACID properties. They
offer strong guarantees on data consistency, providing the SQL language for implement-
ing transactions on the data while maintaining data integrity between each transaction.
However, they exhibit limitantions in terms of flexibility, scalability, and performance as
data volume grows. SQL solutions are primarily vertically scalable, which means that to
handling increased workloads, one must enhance the existing hardware (e.g., by adding a
more powerful CPU), which can be economically costly. Additionally, they lack flexibility

since the schema must be determined in advance and cannot be easily altered.

NoSQL databases offer enhanced flexibility due to their dynamic schema, allowing the
storage of unstructured and semi-structured data. Additionally, in contrast to SQL
databases, they provide horizontal scalability: to increase the workload, it’s sufficient
to add additional machines and distribute tasks across multiple systems. Consequently,

as data volume grows, the economic expense required is lower than with SQL databases.

Different NoSQL solutions are available, which differs in the way they persist data and in

the query expressiveness they offer.

e Document-based NoSQL solutions stores data as documents, usually in formats such
as JSON or BSON. Their queries offer a high degree of expressiveness, enabling
filtering, manipulation, and data aggregation. It’s important to note that to fully

leverage this expressiveness, the document schema should be thoughtfully designed.

o Key-Value NoSQL solutions associate to each item a key, and stores data as key-
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value pairs. Their queries are primarily based on direct lookups and do not provide

the ability to filter or aggregate data.

e Graph-based NoSQL solutions store data in graph structures, where nodes represent
items, and edges represent the relationships between them. Their queries primarily
focus on traversing graphs to explore data relationships, rather than on performing

joins or aggregations.

e Column-based NoSQL solutions store data in a columnar format. Consequently, they
may necessitate the upfront definition of a schema. Nevertheless, they offer greater
flexibility compared to SQL databases as they permit dynamic column definition.
Additionally, columns can accommodate text or JSON to store unstructured data,
although this may not always be the optimal approach. Their queries provide a high
level of expressiveness, enabling operations such as sorting, joining, aggregations,

filtering, and scans, all optimized for columnar data.

Based on this, various NoSQL database types are better suited for different query sce-
narios. For simple lookup queries, key-value solutions excel, while for intricate searches
relying on specific attributes, document-based databases are preferable. When the queries
involve the analysis of complex relationships among items, graph databases become the
choice of consideration. Lastly, for queries primarily focused on analytics and aggrega-

tions, column-based databases emerge as the optimal selection.

Therefore, SQL solutions are chosen when there are stringent requirements in terms of
data integrity, and there is the need to perform complex queries over this data. NoSQL
solutions are better when the database must be easily scalable due to significant increases
in the volume of data, and/or when it is not possible to define a schema on the data a

priori.

In the following we describe how SQL and NoSQL database systems map to our model.
To get a complete mapping, we reviewed documentations from many SQL and NoSQL
databases. We reviewed MySQL, Oracle, PostgreSQL for SQL databases, MongoDB,
CouchDB, Cassandra, Redis, Neo4J, HBase for NoSQL.

5.1.2. Others State-Centric Systems

Distributed File Systems

A file system serves as a fundamental component of computer storage, responsible for
managing and organizing files in a structured manner. Its primary objective is to provide

a reliable and durable means of storing data for the long term. A distributed file system
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(DFS) extends this concept to operate in a distributed or networked environment. It is

spread across multiple servers or nodes, creating a networked architecture[14].

So, as databases are used for data management, allowing you to store, organize, and
retrieve information, they are designed to ensure data reliability and durability through
mechanisms like data replication or backup. They are designed to allow multiple users or
applications to access data simultaneously, supporting concurrency. They can be scaled

to meet growing data storage and access needs.

However, they do not support ACID transactions and do not have consistency guarantees
like databases. Additionally, they primarily handle unstructured or semi-structured data,
such as files and documents, whose access is generally based on files and directories and

does not support complex queries like databases.

In general, Distributed File Systems (DFS) are often an appropriate choice when you want
to store data without the need for strict structuring or complex querying operations. DFS
are particularly suitable for storing unstructured or semi-structured data, such as text
files, images, videos, and documents, and are designed to provide a scalable and reliable

storage mechanism for such data.

They are used with processing systems, and data is stored in a DF'S for access by big data

frameworks like Apache Hadoop or Apache Spark for processing and analysis.

5.1.3. Components Mappings

Computation Components Mappings

Language Database systems, both SQL and noSQL, provide the ability to interact with
them with a declarative language as first ability. Then, some of them can also allow for
imperative/OOP and/or functional implementations to enhance the expressiveness of the
language. The SQL language, used by SQL database systems, is a declarative language
that allow to incorporate functional, imperative, and object-oriented elements through
procedures, scripts, and external frameworks. For example, it supports aggregating func-
tions such as SUM or AVG. Moreover, using an ORM (Object-Relational Mapping) such as
Hibernate [1], it is possible to handle objects in an object-oriented manner while inter-
acting with the database. For NoSQL databases, the query language varies significantly
depending on the specific type of database. Document-based databases provide a pri-
marily declarative language in which users use predefined functions like find to specify
what they want as the search result. These languages can offer functional paradigms

for aggregation or mapping functions. Additionally, they may also provide the ability to
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integrate user-defined functions with imperative and /or object-oriented programming lan-
guages. For instance, in MongoDB, you can use the find function to query documents in a
collection and specify the criteria for the search, such as filtering by specific fields or val-
ues. Additionally, you can use functions like mapReduce following a functional paradigm,
or follow imperative and/or iterative approaches to specify new functions. MongoDB
language supports the use of JavaScript to define User-Defined Functions (UDFs): one
can write the logic using JavaScript, which is an imperative language and can incorpo-
rate OOP concepts. However, notice that OOP paradigms are not used in this context.
Column-based databases primarily offer a declarative language similar to SQL, in which
users define declarative queries to retrieve data based on columns and conditions needed.
Additionally, they support the use of imperative paradigms for operations involving more
complex data processing logic, which can also be defined using functional paradigms.
For example, the Cassandra Query Language (CQL) is a language very similar to SQL
that supports declarative queries through SELECT, imperative operations like UPDATE,
and can also follow functional paradigms, such as aggregation functions like AVG. Ad-
ditionally, it allows the definition of user-defined functions using imperative paradigms.
Key-value database languages are primarily imperative languages oriented toward data in-
sertion and retrieval based on a key and usually do not support complex query languages.
As a result, support for functional paradigms is mainly limited to atomic operations with
a simple logic (e.g., additions or increments) even though in most cases, these functions
are managed externally to the database. Declarative paradigms can be utilized within
the database, although even in these cases, the typical approach is to define them within
applications that adhere to the declarative paradigm. In such cases, it’s the application
code that manages declarative logic, while the database primarily offers fundamental key-
value operations. For example, the Redis CLI language supports operations like SET and
GET and allows for the definition of complex logic using scripts in the LUA programming
language (which can be used both with a declarative and imperative approaches), even
though the common approach is to handle complex logic outside the database. Functional
commands supported by Redis CLI Language are primarily used for atomic operations
such as increments (INCR) or additions (ZADD), and for executing Lua scripts (EVAL).
Graph databases are characterized by higher complexity and offer specialized languages
for managing and querying graphs. These languages enable both declarative and imper-
ative approaches: declarative queries can be used to search for data within the graph,
specifying patterns based on relationships between nodes and edges to search for, and si-
multaneously imperative logic for more complex modification operations can be employed.
Functional paradigms are not commonly used in these contexts, although they may be

supported in some cases. For example, Neodj provides the Cypher language, which al-
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lows you to search for patterns within the graph using the MATCH clause. Additionally,
with Cypher, you can define imperative operations, such as adding a node or creating a

relationship between nodes using the CREATE clause.

Query Behavior Databases are primarily designed to respond to on-demand queries,
meaning they persistently store data, and when a query is issued, they process it to retrieve
a response. Therefore, if architects wish to support real-time continuous queries, it often
requires integrating these databases with other technologies capable of handling this type
of query behavior. As for key-value and graph databases, even though they do not directly
support continuous queries, they can be part of a broader solution that includes streaming
systems or real-time processing engines. In these complex architectures, the key-value or
graph database is used to store data or intermediate results, while the streaming system
takes care of the continuous analysis of real-time data. However, in some cases, it’s
possible to leverage certain storage features to support continuous queries. For instance,
some SQL databases like MySQL and Oracle use Materialized Views or Triggers to define
Stored Procedures, which can be seen as continuous queries. These Stored Procedures
can be triggered in response to specific events and can analyze and modify data in real-
time. Furthermore, both column-based and document-based databases allow the creation
of materialized views that aggregate and analyze data in real-time. These materialized
views can be used to execute continuous queries on real-time data. Some databases
also offer the ability to use User-Defined Functions (UDF) and triggers. For example,
Cassandra allows the definition of UDF and triggers that can be used to perform specific

actions in response to real-time events.

Query Knowledge All databases are capable of responding to both known and un-
known queries, but their ability to do so efficiently varies significantly depending on the
type of database chosen. This variation arises from the fact that, for known queries, it
is possible to optimize the architecture, indexes, and queries themselves to ensure high
performance. However, for unknown queries, it is important to have a flexible and scalable
database that can efficiently handle a wide range of requests without requiring a complete
restructuring each time a new query is introduced. As a result, SQL databases are gen-
erally well-suited for situations where queries are anticipated and configured in advance,
as they can be optimized to deliver high performance under these conditions. However,
they tend to lose efficiency when confronted with unexpected queries, as they may require
schema changes or significant adaptations to handle the new requests. On the other hand,
NoSQL databases adapt well to both scenarios, as they are characterized by flexibility

and scalability. They can be easily scaled to accommodate growing workloads and quickly
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adapted to new requirements without the need for a complete database schema overhaul.
This flexibility makes them suitable for both anticipated and unexpected queries, enabling

greater agility in the evolution of the database system.

Elaboration Type All databases can perform both single-item and multi-Iitem elab-
oration. In fact, they persist the data-set in their storage, and can retrieve items either
one at a time or in group to perform elaborations. In the context of databases, elabo-
rations may involve actions to be performed before storing the data though some insert
mechanism and actions to be performed over data still stored in the database. In the
first scenario, processing one item at a time entails either inserting a single item, while
processing multiple items involves inserting multiple items at once. This insertion process
may also involve data manipulation if it is handled internally by the database. In the sec-
ond case, the first step in elaborating involves retrieving items that need to be processed
using a query language from the database. Elaborating one item at a time in this case is
performed using lookup queries, where a single item is retrieved by its primary key, while
group processing is carried out through queries that retrieve more than one item through

queries that filter elements within the data-set based on some attribute.

SQL databases uses the SELECT or UPDATE clauses with a filter on the primary key to
retrieve or manipulate a single item, and the same clauses with filters on other attributes
to work with multiple items. Column-based databases can perform operations on in-
dividual data similarly to SQL, as they provide a similar language for data processing.
However, they are primarily designed for complex processing on a group of data and are
therefore preferable in multi-item scenarios. Key-value databases are primarily designed
for single-data elaborations, using get and set commands for the primary key. There-
fore, in multi-item scenarios, they may not be the optimal solution. Document-based
databases can perform both single-item and multi-item operations. In fact, they provide
methods for inserting, retrieving, updating, and deleting both individual items and groups
of items. For example, MongoDB’s query language provides methods such as insertOne
or updateOne for single-item operations and methods like insertMany or updateMany
for multi-item operations. Graph-based databases can perform both single-element and
multi-element operations. For instance, the Cypher query language used in Neo4j allows
you to run queries on both individual elements, whether nodes or relationships, and on

graphs or subgraphs composed of multiple elements.

Extensions All databases can be organized to handle temporal and spatial data in
their native implementations, adapting the data structure to the specific architectural

requirements.
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SQL databases allow the use of temporal data types to define their tables (e.g., DATETIME)
or to apply functions for modifying, filtering, or aggregating temporal data (e.g., DATEADD
or DATEDIFF). Additionally, some SQL databases offer specialized extensions to enhance
performance in handling this type of data. For instance, TimescaleDB is an extension of
PostgreSQL that provides specific functionality to optimize performance and efficiency in

managing and querying large volumes of temporal datal3].

The same applies to geographical data. SQL databases enable the use of geographical
data types to define tables and provide functions for calculating distances or comparing
geographical areas, such as POINT, ST_DISTANCE and ST_CONTAINS in MySQL. Further-
more, some SQL databases offer dedicated extensions for geographical data. For example,
PostgreSQL provides the PostGIS extension|2].

NoSQL databases allow for the adaptation of data structures to include temporal infor-
mation. Document-based databases enable the addition of temporal fields to documents
and subsequently querying data based on them. Similarly, column-based databases al-
low for the inclusion of temporal columns in tables. Graph-based databases allow for
the addition of nodes and relationships representing temporal events, while key-value
databases can incorporate temporal data by adding a timestamp to key-value pairs. In
general, column-based and graph-based databases are most suitable for this type of anal-
ysis. Columnar databases like Apache Cassandra or Apache HBase are ideal for temporal
data that requires rapid access to data based on specific columns, especially for storing
time series data where reading specific columns is common. Graph databases like Neo4]
are effective for addressing complex questions about temporal connections and relation-
ships. Document-based databases may be suitable when there is a need to store temporal
information about data but complex analyses with fast access to columns are not required.
Additionally, there are NoSQL databases specifically designed to handle temporal data
with high performance. For instance, RSDB utilizes HBase as its underlying storage and
is optimized for temporal data. Another example is ClickHouse, an open-source columnar
database optimized for high-performance analysis, particularly well-suited for managing
temporal data and time series. Thanks to its columnar structure, ClickHouse allows for

efficient execution of complex analytical queries on large volumes of temporal data.

Regarding geographical data, different types of NoSQL databases allow for adaptation
in various ways. Document-based databases provide specific data types for incorporating
geographical attributes into documents (for example, MongoDB and Couchbase offer the
GeoJSON type) and offer geospatial query capabilities. Graph-based databases are par-
ticularly well-suited for this type of data, as locations and paths between locations can

be represented as nodes and edges in a graph, enabling advanced geospatial queries and
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analyses. Column-based databases are typically not the optimal choice for geographical
data, but it is still possible to design the schema by including columns for latitude and
longitude to perform spatial queries. Additionally, there are extensions that provide tools
for storing and analyzing geospatial data in NoSQL databases. For example, GeoMesa is

a spatial data extension that can be integrated with Cassandra or HBase.

Parallelism Both task and data parallelism abilities can be offered by both SQL and
NoSQL databases, although they may differ in the manner in which they provide them.
In general, it can be stated that many databases, both SQL and NoSQL, may implement
a combination of data parallelism and task parallelism techniques to enhance perfor-
mance during executions whenever possible. However, their implementation in a specific
situation depends on various factors. Firstly, actions undertaken in parallel must be inde-
pendent; otherwise, there is a risk of data consistency issues and operation conflicts. For
instance, if two concurrent operations attempt to modify the same data portion without
proper management, a race condition or data conflict may occur. Additionally, the use of
imperative or Object-Oriented Programming (OOP) paradigms might restrict parallelism
possibilities, as they often involve a sequential flow of control and operations dependent
on prior outcomes. Therefore, to fully leverage parallelism, programming paradigms bet-
ter suited for parallel computing, such as the functional paradigm, are preferred. Also,
the structure of the database and the architecture of the data management system can
influence the ability to implement parallelism. Some databases are specifically designed

to support parallelism, while others are not.

SQL databases can support parallelism, but their ability to fully harness it may vary.
In SQL databases, queries can run concurrently across multiple threads or processes.
SQL databases such as Oracle, SQL Server, and PostgreSQL support query parallelism.
This means that a complex single query can be subdivided into sub-queries and executed
simultaneously on multiple computing units. Moreover, in SQL databases, data parti-
tioning, which involves dividing data into smaller segments known as partitions, can be
implemented. These partitions can be distributed across separate servers, enabling par-
allel query execution on these segmented data sets. For example, PostgreSQL provides

support for data partitioning.

About NoSQL databases, column-based databases like Apache Cassandra are typically
designed to provide a high level of parallelism in read and write operations. By distribut-
ing data across multiple nodes, they enable efficient parallel queries on specific columns.
Document-based databases like MongoDB can support parallelism by distributing doc-

uments across separate nodes and allowing parallel execution of queries across different



5| Physical Components 51

nodes. Key-value databases like Redis are primarily designed for read and write operations
on individual keys or values and are not oriented towards parallelism. Graph databases
like Neo4j are designed to manage data with complex relationships. They can efficiently
execute graph queries, often involving significant parallel processing during graph traversal

and relationship analysis.

The approaches used to partition the data-set and execute queries in parallel on each
portion of the data-set vary between SQL and NoSQL. Therefore, while for the purpose
of our model it can be asserted that both SQL and NoSQL solutions can enable data
parallelism when feasible, it’s important to recognize that they implement distinct tech-
niques. SQL databases use a partitioning technique, while most NoSQL databases employ
a sharding technique. The main distinction between sharding and partitioning is that in
the case of sharding, data shards are distributed across different servers or separate server
clusters[15], whereas in the case of partitioning, data partitions may reside on different
nodes within the same server or on different nodes within the same cluster. Thus, shard-
ing involves distributing data across separate servers, whereas partitioning can involve
dividing data across different resources within the same infrastructure. This is one of the

reasons why NoSQL solutions are generally more scalable [10].

Transforming Actions In most SQL and NoSQL databases, it is common to find built-
in support for data formatting actions, including conversion and string splitting, among
other operations. These features allow you to handle data formatting directly within the
database before saving it. For example, in MySQL, you can utilize clauses like SELECT
SUBSTRING_INDEX to split a string, while MongoDB provides the ability to write scripts,
such as those in JavaScript, to adapt data to the desired JSON format. The same princi-
ple applies to data cleaning actions. Databases often offer features for data cleaning and
validation, including filtering, integrity constraint checks, duplicate removal, and other
operations. However, it is important to note that despite these internal capabilities, the
most common approach is to manage both data cleaning and data formatting operations
outside the database. In this scenario, an external processing system prepares the data
before saving it to the database. This approach provides greater flexibility in data pro-
cessing and allows you to tailor formatting and cleaning operations to meet the specific

project requirements.

Processing Actions As for transforming actions, most databases provide the capability

to perform processing actions.

The SQL language used with SQL databases offers clauses to allow for all processing
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actions. It allows for filtering using the WHERE clause, aggregation using functions like
SUM and AVG, or aggregation based on specific attributes using GROUP BY. Additionally,
SQL enables table joins through the JOIN clause. To perform pattern matching, the LIKE

clause followed by a regular expression pattern is utilized.

Processing actions capabilities are provided by NoSQL databases in different ways. Column-
based databases enable data filtering, aggregations, grouping on one or more columns, and
joining on tables or columns. Some of them also allow for pattern matching operations
using regular expressions or search functions. Key-value databases offer limited support
for these operations. Filtering is based solely on the primary key, and only a few of them
allow pattern matching on patterns within values associated with the primary key. Ag-
gregations, grouping, and joins require application-level handling, as key-value databases
do not provide native support for these operations. Graph-based databases support these
operations to be performed on nodes or edges. Of particular importance is pattern match-
ing, which is fundamental for these databases as it allows searching for specific patterns
on nodes and edges within the graph. Document-based databases allow filtering based
on specific document conditions, aggregating with functions like sum, average, etc., and
calculating statistics on document changes. They also support grouping based on specific
document fields. Some of them even support joining between documents based on defined
conditions and pattern matching operations, for example, searching for common values in

document fields.

Persisted Data Type As previously mentioned in the introduction to this chapter,
different database systems possess the capability to persist various types of data. SQL
databases, based on the traditional structured query language, are primarily designed
for managing structured data. These databases excel in organizing and querying data
that follows a well-defined schema, such as that presented in tables with clearly defined
columns. On the other hand, NoSQL databases have been specifically conceived to address
a broader range of data. These systems stand out for their ability to handle not only
structured data but also semistructured and unstructured data effectively. This flexibility

makes them suitable for applications where data structure may be variable or even absent.

Isolation Relational databases implement Concurrency Control mecha- nisms as a fun-
damental part of ensuring the transactional ACID properties. These prop- erties are a
primary motivation for choosing relational databases. Looking at the Oracle documenta-
tion, we can see that it relies on Lock-Based mechanisms to isolate transac- tions during
their execution. Oracle allows the programmer to select the most suitable level of locking

between row-level, table-level and database locking. Moreover, Oracle’s default isolation
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level is read committed, but it allows, with an appropriate command, to set the seri-
alizable isolation level. Looking at the PostgreSQL documentation, we can read that it
implements a MVCC mechanism also for serializable snapshot isolation level. Its standard
is read committed, but it can also provide repeatible read and serializable isolation level.
Also, PostgreSQL provides table-level, row-level and page-level locking to be set up by the
designer when MVCC is not enough. For NoSQL databases, concurrency control is crucial.
All databases of this type implement some mechanism to manage simultaneous access.
Lock- based such as Two-Phase Locking are not commonly used in NoSQL databases.
They are primarily employed in SQL databases to ensure ACID properties. However,
some databases, such as MongoDB or Cassandra, may incorporate certain locking tech-
niques. In general, document-based databases utilize a Timestamp-Based mechanism in
which each document is associated with a timestamp relative to its last modification by a
user (e.g., MongoDB). This is useful for resolving conflicts during write operations. Sim-
ilarly, for Key-Value databases, the most common strategy is Timestamp-Based, where
a timestamp is associated with each key-value pair. Graph databases typically employ
Multi-Version Concurrency Control (MVCC) mechanisms because graphs can be intri-
cately connected, and different versions help avoid conflicts. Columnar databases also
usually employ MVCC strategies, both to track versions for historical analysis purposes

and to handle conflicts.

Atomicity To ensure ACID properties all relational databases implement some Com-
mit Protocol mechanisms. They usually implement 2PC, such as Oracle, PostgreSQL or
MySQL. Similarly to the 2PL protocol, the 2PC protocol is not commonly utilized in
NoSQL databases, as it is more typical of SQL databases for transaction man- agement.
Some NoSQL databases may provide features that helps in the implementation of the
Sagas pattern to maintain data consistency in distributed transactions. For in- stance,
Cassandra and MongoDB allow the implementation of compensating actions using the
transaction log. Alternatively, in other cases when multiversioning is implemented in
the database (e.g., Cassandra), it can be leveraged to facilitate the implementation of
compensatory actions. However, it’s important to note that using Sagas requires cus-
tomization of application logic and is not a native feature of the database. Similarly,
the deterministic approach can also be implemented at the application level. To simplify
the implementation of this approach, it is necessary for the NoSQL database to support

timestamp management and conflict resolution.

Availability All relational databases offers Replication, each with its own strategies.

Looking at the documentations of various relational databases, it is possible to under-
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stand the different replication options they offer. For example, MySQL replication is
asynchronous by default: the source writes the changes to a binary log, and replicas
retrieve them when they want, without the need to be always connected to the net-
work. Moreover, MySQL allows architects to select what to replicate, and to decide the
scope of replication. In fact, replication can be used for backups, either by using the
mysqldump tool, which is inefficient for large databases,or by putting the server in a
read-only state. Moreover, Replication can be used for improve performance during the
execution of queries mostly composed of reads, by distributing reads across replicas. In
addition to the standard asynchronous replication, MySQL allows you to implement semi-
synchronous replication. The majority of NoSQL databases implement Replication. For
instance, Cassandra utilizes a leaderless mechanism through a Gossip protocol designed
to meet scalability and resilience requirements. Couchbase employs a Leader-Based so-
lution with Automatic Leader Election, dynamically selecting leader nodes. Regarding
data propagation, NoSQL databases generally implement it asynchronously to enhance
write latency. However, some allow configuration for synchronous or semi-synchronous

propagation, such as MongoDB and Cassandra.

Scalability Relational databases can allows to partition large tables, either horizontally
and/or vertically. In the first case, different rows of a table are associated to different
partitions, whereas in the second case, different columns are associated to different parti-
tions. As it happens for the other features, dif- ferent relational databases allows different
strategies for Partitioning. By looking at the PostgreSQL documentations, we can read
that by defining a table as partitioned table it is possible to select which tables of a
schema have to be partitioned. It allows both Key- Value and Hash Partitioning. Key-
Value Partitioning can be either designed by range or by list: range partitioning allows
the designer to select the ranges of keys for each partition, whereas list partitioning allows
to exactly indicate the keys to be inserted in each partition. Notice that the key-value
approach does not necessarily involve the pri- mary key: PostgreSQL allows one to define
which attribute of the table to consider when partitioning it, allowing the designed to
partition also attributes for secondary indexes. Also, it allows to combine the partition-
ing strategies to create multi-level partitioning. By looking at the Oracle documentation,
we can see that it offers the same partitioning strategies of PostgreSQL, confirming what
is written in the introduction of this chapter: many databases offers the same strategies.
Most NoSQL databases implement Partitioning as they are designed for horizontal scala-
bility. Key-range partitioning is commonly used by Columnar and Key- Value databases,
such as Cassandra and Redis. Document databases, on the other hand, typically employ

Hash-Based solutions. For example, MongoDB uses a hash function over the primary key
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to distribute documents across different partitions. Graph databases have their specific
technique based on graph partitioning. In this case, graph nodes are partitioned in a way

that connected nodes reside in the samepartition.

Durability Most SQL databases implement both of these meth- ods, which are used
for database state recovery purposes. The common approach is to start from the last
checkpoint and re-execute the transactions recorded in the log. Oracle, MySQL, and
PostgreSQL use checkpointing to write data to disk, allowing manual config- uration of
checkpoint intervals. Additionally, they enable transaction logging by default. However,
even though it is highly discouraged as it would limit the database’s recovery capabilities,
it can be restricted or disabled by the database administrator. Similar to SQL databases,
the primary strategy for NoSQL databases involves implementing both of Checkpoint-
ing and Logginh, and to start from the last checkpoint, followed by the re-execution of
transactions recorded in the log. For instance, in the case of the in-memory Key-Value
database Redis, data is asyn- chronously saved to disk and provides the option to con-
figure periodic checkpoints. The Document database MongoDB employs an append-only
log for write operations. The columnar database Cassandra, on the other hand, relies on
a write-ahead log and period- ically generates snapshots of SSTables. In the context of

Graph databases, Neo4j utilizes a transaction log.

5.2. Data-Centric Systems

This section discusses systems suitable for data-centric components, which we refer to as

Data-Centric Systems.

5.2.1. Processing Systems

We define Processing Systems those systems whose characteristics primarily focus on per-
forming computations over data without persisting it over time. We categorize them into
Batch-Processing systems and Stream-Processing Systems, with the former implement-
ing batch processing and the latter executing stream processing. Batch processing is a
data processing model in which information is collected and aggregated into a predefined
'batch’ before processing, whereas real-time processing entails the ongoing processing of
data as it arrives [8]. A processing system can belong to both categories if it has the ca-
pability to perform both batch and stream processing tasks, and we refer to such systems

as Hybrid-Processing systems.

Subsection 5.2.1 analyzes the two categories, highlighting differences and commonalities,
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while Subsection 5.2.2 demonstrates how various processing systems align with our model.

Stream-Processing Systems vs Batch-Processing Systems

As mentioned earlier, the main difference between batch-processing systems and stream-
processing systems lies in how they handle data. Batch-processing systems focus on
large volumes of data accumulated over time, while stream-processing systems focus on
real-time data streams. Consequently, batch-processing systems are better suited for
complex processing tasks, while stream-processing systems are ideal for lightweight and
fast tasks such as filtering and aggregation in real-time. An optimal use case for batch-
processing systems is periodic analysis, while stream-processing systems are suitable for
system monitoring. Another technological difference that influences the choice is the
data arrival mode. In our model, we distinguish between data coming from external
producers or other data-centric components and data already present in storage. Batch
technologies can handle data in both cases, as they can arrive either already divided
into batches, for example, when a producer sends data in separate files, or they can
arrive in a streaming fashion, as in the case of being transmitted by a stream-processing
system. In the first case, computation is performed when the batch arrives, while in
the second case, the batch-processing system implements some windowing to divide and
process them. Stream-processing systems, on the other hand, require data to arrive in
a streaming manner, so they need to be connected to external sources or other stream-
processing systems. Consequently, when data needs to be fetched from storage, stream-
processing systems are not the appropriate choice. Another significant difference is that
batch processing has higher latency, while stream processing offers much lower latency, as
in the first case, data is processed immediately, whereas in the second case, it takes more

time both to collect the data and to execute a more complex process [8].

Summing up the choice between the two approaches will depend on the nature of the
data, latency requirements, specific applications, and the complexity of processing tasks.

In practice, a combination of both methods is often used depending on the needs.

5.2.2. Components Mappings

Computation Components Mappings

Language Most processing systems are designed to be compatible with a wide range
of general-purpose programming languages, offering adaptable APIs and libraries for var-
ious languages, thus enabling the implementation of big data processing applications in

different languages. These languages can be both imperative and OOP. Furthermore,
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processing systems have the flexibility to integrate functional or declarative paradigms.
In stream-processing systems, APIs tend to have a more functional nature, with data
transformation operators (map, filter, etc.) often used in a functional manner on data
streams. For example, in Spark, you can define data transformation operations on a data
stream in a functional manner using the DataFrames API, while Flink promotes the use
of functional operations on real-time data streams. On the other hand, batch-processing
systems provide APIs with a more declarative approach, similar to a query language used
in databases. For instance, Spark offers the DatakFrame API, which allows data manipu-

lation similar to SQL, thus introducing a declarative paradigm for batch data processing.

Query Behavior In processing systems, queries are used to inquire about the process-
ing performed by the system. In the context of batch-processing systems, queries are
executed on data stored in separate batches. It is common for on-demand queries to be
activated by users to obtain results derived from periodic processing. For example, if
you wish to perform analyses on data collected within specific time windows, the batch
process will be executed on each of these windows, and queries will be used to retrieve
the desired results over time. In the case of stream-processing systems, processing occurs
in real-time as data flows through the system. Operations on streaming data must be
predefined in advance since the system processes data as it arrives, and therefore, tradi-
tional on-demand queries cannot be executed. Summing up, the usual approach is to use
stream-processing systems to answer continuous queries and use batch-processing systems

to handle on-demand queries.

Query Knowledge The design of data processing systems involves managing known
queries, which are planned in advance to meet specific system requirements. However,
flexibility is a key feature of many data processing systems, both batch and streaming, that
enables them to successfully handle unknown queries as well. When a new unknown query
or unexpected analysis requirement arises, it is possible to define a new data processing
pipeline or a sequence of ad-hoc operations and integrate it into the system’s code. This
flexibility allows for extending the system to accommodate new analysis requests without

the need for a complete overhaul of the existing infrastructure.

Elaboration Type In processing systems elaboration entails executing actions on items,
either individually or in groups. In processing systems, it is common practice to elabo-
rate items one at a time as they arrive in real-time within a stream-processing context.
Conversely, in a batch-processing system, the elaboration of single items is atypical. Typi-

cally, data is elaborated in batches, where multiple elements are worked on simultaneously
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within each batch. Elaborating single items in a batch context is uncommon and is re-
garded as inefficient in terms of resource utilization. Elaborating multiple items is a
capability present in both types of processing systems. In batch-processing systems, this
approach is the standard practice, as operations are carried out on entire batches that con-
tain groups of items. In stream-processing systems, on the other hand, techniques such
as windowing or data aggregation within specific intervals, which we define as stateful

techniques, are employed to facilitate concurrent elaboration of multiple items.

In the case of multi-item elaboration, processing systems typically incorporate some form
of temporary storage mechanism to hold the group during the execution of operations.
This should not be confused with the storage of our model. In fact, to enable this capabil-
ity, the architect is not obligated to activate storage explicitly, but by enabling multi-item
ability in a data-centric component, it implicitly requires the processing system to possess
some form of temporary storage capability. This highlight a gray area in the model: in a
sense, a stateful technique could be considered as a database, since it persists information.
However, at the moment these are separate concepts: there are technologies that are not
databases but that can be based on a state. These technologies in the model are mapped
to Data-Centric components with multi-item elaboration ability activated. Notice that
recent researches try to converge these two worlds[5], trying to implement systems that
converge processing and storage, but at the moment they are only prototypes. Stateful
mechanisms allow one to perform windowing, which simplify some types of computation
on stateful processing in which the state does not have to be maintained interactively, but
declaratively there are systems that allow to define which portion of data is being acted
on. Moreover, they allow, during the Processing Phase, to perform Incremental Process-
ing, which is a processing technique where the new state is calculated incrementally by

combining the old state with new data, reducing processing latency.

Extensions Both batch-processing and stream-processing systems often incorporate ex-

tensions to handle temporal and spatial data.

In batch-processing systems, extensions for temporal data frequently include libraries or
functions designed to manage time series data, enabling efficient time-based processing.
For example, Apache Spark offers the Spark SQL module, which supports temporal data
types and date/time functions. It also allows joining data based on temporal columns

and partitioning data based on time.

Extensions for spatial data in batch-processing systems can provide support for geographic
data types and geospatial query functions. They may also include algorithms for perform-

ing spatial joins, calculating distances, and aggregating spatial data. For instance, Spark
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offers the GeoSpark extension, specifically designed for geospatial data analysis. GeoSpark
allows you to define geographic coordinates and use specialized functions for spatial data,

such as distance calculations.

In the case of stream-processing systems, extensions for temporal data are often necessary
to support the processing of data streams with timestamps. However, for detailed tempo-
ral analysis, it is often necessary to use time windows that allow data to be grouped into
specific time intervals. Spark Streaming, for example, provides time-based windowing

functions for this purpose.

Extensions for spatial stream-processing systems can offer functionalities for detecting
spatial patterns, tracking moving objects, or performing real-time geofencing operations.
The GeoMesa extension introduced for database systems, can also be integrated with

Spark Streaming to perform real-time spatial analysis.

Parallelism Data processing systems are primarily designed to process data efficiently,
and parallelism is a fundamental component to achieve this objective. The ability to
perform operations in parallel on data is essential for enhancing performance and speeding

up data processing

In batch-processing systems, data parallelism involves the parallel processing of batches,
while task parallelism pertains to the simultaneous execution of various independent oper-
ations on each batch. In stream-processing systems, data parallelism entails dividing the
incoming stream and performing operations on each sub-stream in parallel before aggre-
gating the results. Task parallelism, on the other hand, involves the concurrent execution

of multiple independent operations or functions on each incoming data partition.

In data processing systems, both those based on batch processing and those oriented to-
wards streaming, the management of parallelism can vary significantly and can be defined
by the user or automated by the system. However, there are significant differences in how
parallelism is managed between these two approaches. In the case of streaming, users
often have greater control over defining parallelism. This is because streaming data is
constantly evolving, and users can define data partitioning and how tasks are distributed
to adapt to the specific needs of the application. In batch processing systems, automation
of parallelism is more common, as batch processing involves the processing of data-sets

in separate batches.

Transforming Actions Transforming actions, both data formatting and data cleaning,

are typically managed through processing systems. These systems can encompass both
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batch-processing systems like Apache Flink and stream-processing systems like Apache
Kafka or Apache NiFi. The choice of a batch-processing system, which is advantageous
in terms of computational resources, is usually made when dealing with large volumes
of data that are periodically ingested into the system and require complex processing.
Conversely, a stream-processing system is preferred when there is a need to perform
computationally less complex transformations, such as simple data integrity checks, on

continuously arriving streaming data.

Processing Actions Both batch-processing and stream-processing systems offers the

capability to perform processing actions.

Batch-processing systems allow for the filtering of elements within a batch based on spe-
cific conditions, aggregating batches to generate statistics or aggregated results, grouping
or merging data based on common characteristics, and performing pattern matching to

search for specific sequences or patterns in the data, such as keywords in text.

In stream-processing systems, filtering pertains to the selection of incoming data based on
specific conditions. Aggregation and grouping are accomplished using stateful techniques.
Joins involve merging data from different streams based on common keys or specific
conditions. Pattern matching serves to identify specific real-time events, for instance, for

the purpose of detecting anomalies within a stream.
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6 Methodology Overview

This chapter describes the software methodology to create and implement a data-intensive

architecture. The methodology assumes that the architect

e knows how many producers and consumers are present, what they produce and the

queries they ingest in the system:;

e has already carried out the requirement collection process, from which he/she has

extracted a list of requirements to be covered when designing the architecture.

This information is used by the architect to create the methodology input in a format
described in Chapter 7. This input is used in the methodology algorithm, described
in chapter 8 that produces as output the set of concrete components to implement the
architecture. The methodology involves the use of the model shown in Figure 6.1, which
has been described in Chapter 2, Chapter 3 and Chapter 4: starting from this model, and
following the first part of the methodology, components and features are activated, and
the logical data-intensive architecture is obtained. In the second part, the methodology
guides the architect to select the set of physical components necessary to implement the
architecture. To do this, the architect must follow what is indicated in the Chapter 5.
The final output of the methodology is the set of systems necessary to obtain the physical

architecture that corresponds to the logical architecture obtained in the previous step.
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In the following it is shown when to take each decision following the methodology, without
specifying the criteria by which decisions are taken. These will be specified in chapter 8,

where the full algorithm of the methodology is provided.

The methodology is a systematic procedure that takes as input a list of data flows, whose
size determines the number of instances of the model, as it is explained in Section 2.2.3.
Data flows are modeled by the architect with a structure described in Chapter 7 con-
sidering the information previously collected. Each data flow corresponds to a type of
query that can be performed in the system that, as it will be shown, can be decomposed
in sub-queries: a sub-query is a unitary computation action that can be performed over
the data; this action has its own characteristic both in terms of produced data and of
requirements. A sequence of sub-queries determines the final query, which correspond to
a data flow. As a consequence, each data flow is associated with a query, composed of

sequence of sub queries, each with its own characteristics.
activation comprende anche le abilities

Figure 6.2 shows the pseudo-code of an overview of the methodology. Then, Chapter 8

will show a more detailed pseudo-code.
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methodology (methodology_input) {

for dataflow in methodology_input:
// Step@: Intantiate the model

// Stepl: Intantiate Ingestion Component
// 1.1 : Intantiate Ingestion Phase
// 1.2 : Optionally Activate In-Memory Option for the Phase
// 1.3 : Optionally Intantiate Unaltered Storage
// 1.4 : Optionally Activate In-Memory Option for the Storage

// Step2: Optionally Intantiate Cleaning and Formatting Component
// 2.1 : Intantiate Cleaning and Formatting Phase
// 2.2 : Optionally Activate In-Memory Option for the Phase
// 2.3 : Optionally Intantiate Transformed Storage
// 2.4 : Optionally Activate In-Memory Option for the Storage

// Step3: Analyse the Query Flow
for subquery in query-flow:
// 3.1 Intantiate one Processing Phase
// 3.2 : Optionally Activate In-Memory Option for the Phase
// 3.3 : Optionally Intantiate Derived Storage
// 3.4 : Optionally Activate In-Memory Option for the Storage

// Step4: select technologies for the dataflow

// Step5: Merge technolgies to each flows and obtain the final

Figure 6.2: Methodology pseudo-code.

Starting from the information that the architect is supposed to have gathered, the method-
ology guides to identify a set of technologies for each data flow. To do that, for each data
flow the architect has to first create an instance of the model, and then to activate com-

ponents and features according to the input’s characteristics.
Remembering that
e The Ingestion component is alwasy present;

e The Serving component is an extension of the other compoents to allow in-memory

processing and/or management;

e The Cleaning and Formatting component is required when data has to be formatted

before being used;

e The Processing component is required when queries require some computation to

produce the final output;

e The Unaltered storage is required when the data to be persisted is the one that
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comes from the outside as it is;

e The Transformed storage is required when when data needs some formatting before

being stored;
e The Derived storage is required when derived information needs to be persisted.

In the following, we refer as a component to be instantiated to say that it is activated
and their abilities selected. The Ingestion component is the first one to be instantiates.
Moreover, if necessary, the storage is instantiated and in-memory processing and storage
activated. The same happen for the Cleaning and Formatting component if necessary.
Then, by considering the query associated to the data flow, the methodology guides the
architect to decide whether to activate instances of the Processing component (and related
storages) or not. Given that sub-queries that make up the data flow’s query have their
own characteristics, they may require different computation and storage capabilities. As
a consequence, an instance of the model can have more than a Processing phase, and each

phase may or may not activate its storage to persist the result of that specific computation.

The next step is to select the appropriate set of systems to implement the architec-
ture. Chapter 5 shows how to perform the mapping: technologies useful to implement
State-Centric components mostly cover Storage Features, but may be able to provide also
Computation Features, whereas those useful to implement Data-Centric components cover
Computation Features. So, looking at the mapped model, for each phase, the activation
of the storage highlight the need for a database technology, whereas the absence of the
storage highlight the need for a processing technology.

After carrying out all the steps for each data-flow, if there is more than one, the architect
must merge the different instances, thus obtaining the final set of technologies, which is

the output of the methodology.
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‘ Methodology: Input
Requirements

The input of the methodology are extracted from the information about producers, con-
sumers, queries and requirements previously collected by the architect. Specifically, the

architect has to know
e how and where is the data produced by producers
e the queries that are ingested by consumers.
e the requirements the architecture has to satisfy, both functional and non-functional.

Starting from this, the architect can produce the input of the methodology, which will be
used to apply the algorithm described in Chapter 8.

As a first step, the architect must identify the data flows by categorizing the queries that
the architecture should handle based on their individual requirements and data depen-

dencies. This process is elaborated in Section 2.2.3.

The methodology relies on an input list of data flows tailored to the structure illustrated

in Figure 7.1, which must be derived from the previously accumulated knowledge.

methodology_input /7 Ust of dataflow
dataflow {
producers_list // Ust of producers
consumers_list // list of consumers storage_abilities {
atomicity 77 no || global || eventual || local
keep_unaltered = no // || storage_abilities isolation 7/ no || strong || weak
keep_in_memory = no 7/ || yes availability 77 no || hihgly_available || availabile
scalability 77 U || horizontal || vertical ]
elaboration 17 o || elaboration
query-flow 77 no || query_flow
computation_abilities {
Tanguage 1 U || declarative || inperative_oop || functionall
query_behavior 77U || on-demand || continous 1
producer( query_knowledge 77U |1 known || unknown 1
id latency 77 [ real-tine || periodic 1
edge = no 7711 yes parallelisn 77U || data || task ]
producer_data_type // [structured || unstructured || semistructured] extensions 7/ [ || temporal || geospatial |
)
}
consumer {
id node {
3 processing_action 7 U || filtering || aggregating || grouping || join || pattern matching ]
data_type 7/ Ustructured || unstructured || semi-structured
elaboration{ compute_in_memory /7 no || yes
transforned_data_type 77 U || structured || unstructured || semistructured ] computation_abilities // computation abilities
transformed_actions 7/ [ || data-cleaning || data-formatted ]
keep 17 no || storage_abilities
computation_abilities 7/ compiutation_abilities in_menory_storage = no // || yes
conpute_in_memory = no 7711 yes ¥
keep 77 1o || storage_abilities
keep_in_menory = no 7 yes

¥

query_flow {
nodes_flow /st of processing_nodes

Figure 7.1: Input Format.
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Each dataflow includes a list of producers (producers_list) and a list of consumers
(consumers_list), which identify the external actors of the data-flow. Additionally, it
contains information regarding the management of incoming external data. The keep_unaltered
attribute signifies the need to retain data in its original state, while the keep_in_memory
attribute the necessity to store data in memory. The elaborate attribute indicates the
need to perform some transformation on the incoming data. The query-flow represents

the query that constitutes the data-flow.
Each of these attribute has its own instance, which the architect has to produce.

The list of producers is composed of one or more producer instances, whereas the list
of consumers is composed of one or more consumer instances each of which has its own
id. Additionally, each producer instance has also an attribute to identify the infor-
mation they produce (producer_data_type), which can be structured, unstructured,
semistructured or a combination of them, and an attribute to indicate whether they

incorporate edge computing capabilities (edge).

The keep_unaltered instance is created when raw data needs to be persisted and cor-
responds to a storage_abilities instance where the where the storage capabilities are

configured as yes.

The storage_abilities instance catalogs the non-functional capabilities of the storage.
For each capability, the architect can select relevant abilities for the data-flow to indicate
that specific requirements needs more attention. Regarding each attribute corresponding
to a capability, in some cases the architect can choose zero, one, or a combination of
abilities ([ || ability || ability ...]), in other cases it can choose either zero or

one |ability || ability || ...).

The elaboration attribute is instantiated when incoming data to the system requires
transformation. This attribute encompasses indications of the data type that should be
produced (transformed_data_type), which can be structured, unstructured, semistructured
or a combination of them, as well as the actions that need to be performed on the data
(transformed_actions), which include data-cleaning, data-formatted or a combina-
tion of them. Similarly to storage_abilities, computation_abilities instance cata-
logs the capability that the component must expose for processing purposes with abilities
which in some cases can be combined. Moreover, it includes information on whether to
perform computations in memory (compute_in_memory = yes) or not (compute_in_memory
= no). Also, an instance of storage_abilities could be instantated for the keep at-
tribute if the raw-formatted data needs to be persisted, and keep_in_memory attribute

could be set to yes if this data has to be persisted in memory.
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Finally, the dataflow exhibit the query_flow, which has a flow composed of a list of pro-
cessing nodes. To produce this, the architect has to decompose the query in actions that
needs to be performed and identify special requirements for each actions. Each action cor-
respond to a processing node, which includes an attribute to identify the type of the action
(processing_action) and one for the data type (data_type). Additonally, it includes
an attribute to decide whether to compute in-memory (compute_in_memory) and to ro-
cess in-memory (in_memory_storage). Finally, it includes one attribute to instantiate
the computation_abilities and one to optionally instantiate the storage_abilities
(keep.) Notice that the absence of the query flow indicates that only management actions

(insert, updates, deletes) are allowed.
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8 ‘ Methodology: Algorithm

8.1. Logical Model Instance

This section shows the instance of the model for the methodology application, which we

define as model_instance. Its structure is shown in Figure 8.1.

model_instance {

ingestion_component = no // || ingestion_component
cleaning_formatting_component = no // || cleaning_formatting_component
processing_component = no // || list of processing_component
serving_component = no // || serving_component

Figure 8.1: Instance of the Methodology.

It is composed of an attribute for each component that composes the logical model. At
the beginning, all attributes are set to no, to indicate that the initial instance is empty.
Then, during the implementation of the methodology, if a logical component must be
activated, the corresponding attribute is assigned to an instance, or a list of instances,
of the phase. According to Chapter 6, each instance of the model have an Ingestion
component, can have a Cleaning and Formatting component and a Serving component,
and can have zero, one or more than a Processing component. This is translated in the
instance structure by considering at most one instance for the ingestion_component,
for the cleaning_formatting_component and for the serving_component, and a list of
instances for the and processing_component, which can either be empty or contain one

or more instances.

Figure 8.2 shows the structure of the instance for each component. Each component has
its own features, represented in the structure as attributes initially set to no and modified

during the methodology implementation.
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ingestion_component {
extensions = no

unaltered_storage = no

cleaning_formatting_component {
language = no
query_behavior = no
query_knowledge = no
elaboration_type = no
transforming_actions = no
latency = no
parallelism = no
extensions = no

transformed_storage = no

processing_component {
language = no
query_behavior = no
query_knowledge = no
elaboration_type = no
elaborating_actions = no
latency = no
parallelism = no
extensions = no

derived_storage = no

serving_component {
ingestion_phase = no
cleaning_formatting_phase =
processing_phase = no
unaltered_storage = no
transformed_storage = no
derived_storage = no

no

/1

/1

/1
/!
/!
/!
/!

7l
7l

//

/!

1/
//
1/
//
1/
//
1/
//

//

//
1/
//
1/
1/
1/
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extensions

storage

language
query_behavior
query_knowledge
elaboration_type
transforming_actions
latency

parallelism
extensions

storage

language
query_behavior
query_knowledge
elaboration_type
elaborating_actions
latency

parallelism
extensions

storage

yes
yes
yes
yes
yes

Figure 8.2: Components’ Instances.

Each features has its own instance (Figure 8.3), which is instantiated during the imple-

mentation. Also in this case, the initial instance has all attributes set to no. These are

turned to yes if required during the methodology.
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extensions { transforming_actions{
temporal = no /7 11 yes data-cleaning = no // || yes
geographical = no /7 11 yes data-formatting = no /7 1| yes
} }
language { processing_actions {
declarative = no // 11| yes filtering = no // || yes
imperative_oop = no // || yes aggregating = no /7 || yes
functional = no // || yes grouping = no /7 || yes
} joining = no // || yes
pattern_matching = no // || yes
query_behavior { }
on-demand = no /7 || yes
continous = no // || yes latency{
} real-time = no /7 || yes
periodic = no /7 || yes
query_knowledge { }
known = no // 1| yes
unknown = no /7 11 yes parallelism{
} data = no /7 || yes
task = no /7 || yes
elaboration_type { }
single-item = no /7 || yes
multi-item = no // || yes

Figure 8.3: Computation Features Instances.

Each component has its storage too. For each component, this is initially set to no,
and optionally the methodology can instantiate a storage instance. The instance of the
storage is shown in Figure 8.4, and it includes the storage’s features initially set to no and

replaced when needed by the methodology with their related instance.

storage {
management-actions = yes
indexing = no // || yes
atomicity = no // || atomicity
isolation = no // || isolation
availability = no // || availability
scalability = no // || scalability

durability = yes

Figure 8.4: Storage’s Instance.

Notice that management-actions and durability are initially set to yes. This is because
the durability and management actions capabilities are needed in any storage. Figure 8.9
shows instances for features related to the storage part, whose attributes, initially set to

no could be turned yes during the application of the methodology.
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atomicity{
global-transaction = no /7 || yes
local-transaction = no // || yes
eventual—transaction= no // || yes
}
isolation {
strong = no /7 || yes
weak = no // || yes
}
availability {
highly = no // || yes
}
scalability {
vertical = no // || yes
horizontal = no // || yes

Figure 8.5: Storage Features Instances.

8.2. Detailed Pseudo-Code of the methodology

This section describes in details the methodology’s algorithm, which has been introduced
in Chapter 6. It takes as input a list of dataflow (whose structure has been described
in Chapter 7), each corresponding to a different query. Then, for each data-flow, the
methodology instantiate the model and activates the necessary components and features
by instantiating the corresponding instances. The model instance will then be used to

select the set of technologies necessary to implement the current query.

The following subsections describes the step to be performed for each data-flow.
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methodology (methodology_input) {
list df_systems = [];

for dataflow in methodology_input:
// Step@: Intantiate the model
nodel_instance = new model_instance;
// Stepl: Intantiate Ingestion Component
// 1.1 : Intantiate Ingestion Phase
model_instance.ingestion_component = new ingestion_component;
// 1.2 : Optionally Activate In-Memory Option for the Phase
if (dataflow.keep_in_memory == yes)
nodel_instance.serving_component. ingestion_phase = yes;
// 1.3 : Optionally Intantiate Unaltered Storage
if(dataflow.keep_unaltered != no)
nodel_instance. ingestion_component.unaltered_storage = new storage;
// activate storage abilities
activateStorageAbilities(model_instance. ingestion_component.unaltered_storage,
dataflow.keep_unaltered);
// 1.4 : Optionally Activate In-Memory Option for the Storage
if (dataflow.keep_in_memory == yes)

model_instance.serving_component.unaltered_storage = yes;

// Step2: Optionally Intantiate Cleaning and Formatting Component
if (dataflow.elaboration not empty)
// 2.1 : Intantiate Cleaning and Formatting Phase
model_instance.cleaning_formatting_component = new cleaning_formatting_component;
activateElaborationAbilities (model_instance.cleaning_formatting_component, dataflow.elaboration);
// 2.2 : Optionally Activate In-Memory Option for the Phase
if (dataflow.elaboration.compute_in_memory == yes)
model_instance.serving_component.cleaning_formatting_phase = yes;
// 2.3 : Optionally Intantiate Transformed Storage
if(dataflow.elaborating_actions.keep not Empty)
model_instance.cleaning_formatting_component.transformed_storage
// activate storage abilities

= new storage;

activateStorageAbilities(model_instance. cleaning_formatting_component.transformed_storage,
dataflow.elaborating_actions.keep);
// 2.4 : Optionally Activate In-Memory Option for the Storage
if (dataflow.elaborating_actions.keep_in_memory == yes)

model_instance. serving_component. transformed_storage_storage = yes;

// Step3: Analyse the Query Flow
for subquery in query—flow:
// 3.1 Intantiate one Processing Phase

model_instance.processing_component APPEND new processing_component@processing_component;
INSF

// 3.2 i Optionally Activate In-Memory Option for the Phase
if(subquery. compute_in_memory = yes)
model_instance.serving_component.processing_component = yes;
// 3.3 : Optionally Intantiate Derived Storage
if(subquery.keep not Empty)
activateStorageAbilities(pricessing_component.derived_storage,
subquery. keep) ;

// 3.4 : Optionally Activate In-Memory Option for the Storage
if (subquery.in_memory_storage == yes)

model_instance.serving_component.derived_storage = yes;

// Stepa: select technologies for the dataflow
df_systens APPEND elaborateTechnologySet (model_instance);

// Step5: Merge technolgies to each flows and obtain the final
finalMerge(df_systems);

Figure 8.6: Main Methodology.
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activateStorageAbilities(storage, storage_abilities) {

/7 ATOMICITY

if(storage_abilities.atomicity CONTAINS glebal)
storage.atomicity.global-transaction = yes;

if(storage_abilities.atomicity CONTAINS eventual)
storage.atomicity.eventual-transaction = yes;

if(storage_abilities.atomicity CONTAINS local
storage.atomicity. local-transaction = yes;

/7 ISOLATION

if(storage_abilities.isolation CONTAINS strong)
storage.isolation.strong = yes;

if(storage_abilities.isolation CONTAINS eventual)
storage.isolation.weak = yes;

// AVAILABILITY
if(storage_abilities.availability CONTAINS hihgly_available)
storage.availability.highly = yes;

/7 SCALABILITY

if(storage_abilities.scalability CONTAINS horizontal)
storage.scalability.horizontal = yes;

if(storage_abilities.scalability CONTAINS vertical)
storage.scalability.vertical = yes;

Figure 8.7: Storage Abilities Activation.

activateElaborationAbilities (cleaning_formatting_phase, abilities) {

// LANGUAGE

if(abilities.language CONTAINS declarative)
cleaning_formatting_phase.language.declarative = yes;

if(abilities.language CONTAINS imperative_oop)
cleaning_formatting_phase.language.imperative_oop = yes;

if(abilities.language CONTAINS functional)
cleaning_formatting_phase.language.functional = yes;

// QUERY BEHAVIOR

if (abilities.query_behavior CONTAINS on-demand)
cleaning_formatting_phase.query_behavior.on_demand = yes;

if (abilities.query_behavior CONTAINS continous)
cleaning_formatting_phase.query_behavior.continous = yes;

// QUERY KNOWLEDGE

if (abilities.query_knowledge CONTAINS known)
cleaning_formatting_phase.query_knowledge.known = yes;
(abilities.query_knowledge CONTAINS unknown)
cleaning_formatting_phase.query_knowledge.unknown = yes;

=4

i

// LATENCY

if (abilities.latency CONTAINS real-time)
cleaning_formatting_phase.latency.real-time = yes;

if (abilities.latency CONTAINS periodic)
cleaning_formatting_phase.latency.periodic = yes;

// PARALLELISM

if (abilities.parallelism CONTAINS data)
cleaning_formatting.parallelism.data = yes;
(abilities.parallelism CONTAINS task)
cleaning_formatting.parallelism.task = yes;

=

i

// EXTENSIONS

if(abilities.extensions CONTAINS temporal)
cleaning_formatting.extensions.temporal = yes;

if(abilities.extensions CONTAINS geographical)
cleaning_formatting.extensions.geographical = yes;

Figure 8.8: Elaboration Abilities Activation.
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activateProcessingAbilities (processing_phase, abilities) {

I

LANGUAGE

if (abilities.language CONTAINS declarative)

cleaning_formatting_phase. language.declarative = yes;

if (abilities.language CONTAINS imperative_oop)

cleaning_formatting_phase.language.imperative_oop = yes;

if(abilities.language CONTAINS functional)

1/
if

if

1/

if

if

1/

if

if

f/

if

if

/7

cleaning_formatting_phase. language.functional = yes;

QUERY BEHAVIOR

(abilities.query_behavior CONTAINS on—demand)
cleaning_formatting_phase.query_behavior.on_demand = yes;
(abilities.query_behavior CONTAINS continous)
cleaning_formatting_phase.query_behavior.continous = yes;

QUERY KNOWLEDGE

(abilities.query_knowledge CONTAINS known)
cleaning_formatting_phase.query_knowledge.known = yes;
(abilities.query_knowledge CONTAINS unknown)
cleaning_formatting_phase.query_knowledge.unknown = yes;

LATENCY

(abilities.latency CONTAINS real-time)
cleaning_formatting_phase. latency.real-time = yes;
(abilities.latency CONTAINS periodic)
cleaning_formatting_phase. latency.periodic = yes;

PARALLELISM

(abilities.parallelism CONTAINS data)
cleaning_formatting.parallelism.data = yes;
(abilities.parallelism CONTAINS task)
cleaning_formatting.parallelism.task = yes;

EXTENSIONS

if(abilities.extensions CONTAINS temporal)

cleaning_formatting.extensions.temporal = yes;

if(abilities.extensions CONTAINS geographical)

cleaning_formatting.extensions.geographical = yes;

Figure 8.9: Pocessing Abilities Activation.
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