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Abstract 

The growing need to digitalize more and more sectors of the everyday life has raised 

several questions about the sustainability of this process of change. Indeed, the entire 

ICT sector is responsible for more than 2% of global emissions, comparable with the 

emissions deriving from the fuels used in global aviation [1].  

Among the most influential components for emissions in the ICT sector we find data 

centres, i.e., IT infrastructures suitable for the management and processing of large 

amounts of data. These infrastructures can be used by a single organization to manage 

its own data, or it can be managed by a company which rents storage capacity and 

computational power to other organizations. In the latter case, this constitutes a 

fundamental pillar of cloud computing. Regardless of the specific configuration, 

especially in recent years when organizations are realizing the potential value of 

proprietary data, more and more data is stored and managed in data centres. As a 

result, this data is often stored for very long periods just because it could become 

valuable in the future. 

Goal of this thesis is to investigate the impact, in terms of energy consumption, of data 

management in data centres, aiming to identify a link between the real value of the 

data and the data retention policies. This work assumes that an energy-aware data 

centre is energy efficient not only if it is able to reduce the energy consumed, but also 

if it is able to allocate the available energy only for valuable activities. 

In particular, we consider as data waste, data that are retained indefinitely, even if 

with no value. The  main objective is to reduce the presence of data waste by firstly 

introducing a data set value model for evaluating to which extent a data that is 

currently stored in the data centres is valuable; secondly, proposing a framework able 

to enact strategies for redefining the data retention policies, also based on data 

reduction techniques. 

The framework has been validated using a typical distributed data retention scenario 

that simulates the application of the proposed framework. This demonstrated the 

possibility to a recovery of storage capacity of approximately 52%, while preserving, 

at the same time, 78.7% of the total data value. 

 

Key-words: Data Waste, Sustainability, Energy Waste, Framework, Data Value 
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Abstract in lingua italiana  

La crescente necessità di digitalizzare sempre più settori della vita quotidiana ha 

sollevato diversi interrogativi sulla sostenibilità di questo processo di cambiamento. 

Infatti, l'intero settore ICT è responsabile di oltre il 2% delle emissioni globali, 

paragonabili alle emissioni derivanti dai carburanti utilizzati nell'aviazione globale [1]. 

Tra le componenti più influenti per le emissioni nel settore ICT troviamo i data centre, 

ovvero le infrastrutture informatiche adatte alla gestione e all'elaborazione di grandi 

quantità di dati. Queste infrastrutture possono essere utilizzate da una singola 

organizzazione per gestire i propri dati, oppure possono essere gestite da un'azienda 

che affitta capacità di archiviazione e potenza di calcolo ad altre organizzazioni. In 

quest'ultimo caso, ciò costituisce un pilastro fondamentale del cloud computing. 

Indipendentemente dalla configurazione specifica, soprattutto negli ultimi anni in cui 

le organizzazioni stanno realizzando il potenziale dei dati di proprietà, sempre più 

dati vengono dati archiviati e gestiti nei data centre. Il risultato è che spesso questi dati 

vengono archiviati per periodi molto lunghi solo perché potrebbero diventare preziosi 

in futuro. 

Obiettivo di questa tesi è indagare l'impatto, in termini di consumo energetico, della 

gestione dei dati nei data centre, con l'obiettivo di identificare un legame tra il valore 

reale dei dati e le politiche di conservazione dei dati. Questo lavoro presuppone che 

un data centre a risparmio energetico sia efficiente dal punto di vista energetico non 

solo se è in grado di ridurre l'energia consumata, ma anche se è in grado di allocare 

l'energia disponibile solo per attività di valore. 

In particolare, consideriamo come data waste (o spreco di dati) i dati che vengono 

conservati a tempo indeterminato, anche se non più utilizzati. L'obiettivo principale è 

ridurre la presenza di data waste introducendo in primo luogo un modello di 

valutazione del set di dati per valutare fino a che punto un dato attualmente archiviato 

nei data centre sia prezioso; in secondo luogo, proporre un framework in grado di 

mettere in atto strategie di ridefinizione delle politiche di conservazione dei dati, anche 

sulla base di tecniche di riduzione dei dati. 

Il framework è stato validato utilizzando un tipico scenario di conservazione dei dati 

distribuito che simula l'applicazione del framework proposto. Ciò ha dimostrato la 

possibilità di un recupero della capacità di storage di circa il 52%, preservando, allo 

stesso tempo, il 78,7% del valore totale dei dati. 

Parole chiave: Spreco di dati, Sostenibilità, Spreco di Energia, Framework, Valore dei 

Dati.   
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1. Introduction 

1.1 Context and Motivations 
The term Green IT has been introduced to identify the realization/design of servers, 

computers, software, and devices characterized by good efficiency that strongly limit 

the IT’s carbon footprint. 

The need to consider energy issues in ICT is nowadays fundamental because of the 

relevant impact that this sector has to the environment. To give an idea of the problem, 

Nature [1] analysed the energy forecast trend of the ICT sector. Figure 1 shows a 

projection for the next years [1] where it is clear how the total ICT electricity demand 

is actually around 1% (estimated in 200 TWh) of the total world demand. However, it 

will accelerate in the 2020s and grow up very rapidly in a few years. In particular, the 

figure exploits one of the most worrying models [2] predicting that electricity used by 

ICT could exceed 20% of the global demand, with data centres contribute counting 

more than one-third of that. 

While limiting the carbon footprint, it remains fundamental, in the Green IT field, to 

maintain an economic revenue and good performances in each IT based solution. In 

this sense, we can describe the concept of sustainability in the ICT field as a trade-off 

between economic revenues and environmental responsibilities [3]. 

Among the different perspectives along which the energy issues can be analysed in 

the ICT, this thesis focuses on data centres’ energetic impact, trying to mitigate it by 

presenting practical countermeasures.  Data centres are IT infrastructures used to host 

all the IT components (for example: disks, network components, servers and cooling 

systems) suitable for processing and storing large quantities of data. 
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Figure 1: Energy Forecast for the ICT sector 

Due to its complexity, aiming to reduce the energy consumption of a data centre 

implies to consider various aspects which can be classified in: 

• Reduce the carbon footprint 

• Reduce the consumption of the ancillary systems (e.g., cooling/heating 

systems). 

• Improve data lifecycle management energy-awareness: 

About the first point, the carbon footprint strictly depends on the energy mix and the 

climate of the hosting country. There exist some countries (like Sweden) where there 

is an intense usage of renewable energies. In these countries, the carbon footprint 

deriving from electricity production is extremely limited. 

Due to the strong dependency of the problem from the energy mix offered by the 

hosting country, in this thesis the problem of sustainability is faced taking in 

consideration only the energy consumption problem, separating it from the related 

carbon emissions. 

In addition, it is important to understand, analysing the energy consumption of the 

data centres, what are the main factors that affect the energy consumption of data 

centres. Analysing the literature, some studies like [4] estimate the energetic 

contribution of each data centre part. Figure 2 summarizes the results. 
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Figure 2: Data centre’s energy for each field of usage 

 

About the second point, the PUE (Power Usage Effectiveness) has been introduced to 

measure the amount of energy that is effectively used for computation-related tasks 

with respect to the amount of energy totally consumed by the data centre. In this way, 

it is possible to evaluate how much the systems which are not directly involved in the 

computation (e.g., cooling system) contributes to the overall consumption and make 

the data centre more efficient from these points of view. 

Focusing on the third point, which is the field of analysis in this thesis, energy 

consumed in a data centre can be reduced also considering how the data is managed 

along their complete life cycle. This is especially true in the recent years where the Big 

Data phenomenon has required to store and process more and more data in data 

centres. 
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1.2 Sustainability in the field of big data 
With recent progress in information and communication technologies and specifically 

into the fields of: Social Media, Machine Learning, Big Data Analytics, IoT.  

The amount of data collected and stored for the user’s needs has grown very quickly 

and it is destined to grow more during the next years. There are many studies that 

estimate the data volume trend during the years, and all of them agree on the fact that 

it is increasing very rapidly. 

This trend can be described by the graph in Figure 3 published by Statista [5], one of 

the more authoritative statistic’s builders, in the 2021. 

 

 

Figure 3: Data volume growth prediction [5] 

The figure represents the growth of the data volume from 2010 to 2025 inserting the 

various years on the horizontal axe and the data volume in zettabytes on the vertical 

axe. 

Observing the graph, we can note that the trend presents a considerable jump in the 

period between 2018 and 2020 when, in just 2 years, the global volume of data is nearly 

duplicated. 
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The graph has been constructed considering the data collected by various publications 

published between 2018 and 2021. 

The values from 2021 to 2025 were calculated by Statista based on the 2020 forecast 

figure and the five-year Compound Annual Growth Rate (CAGR) of 23% [5]. 

The collection of significant quantities of data opened a considerable number of 

opportunities in many research areas, revolutionizing the entire processes of testing 

and validation, and proving new tools for the research of new unexplored research 

areas. The possible opportunities coming from big data are so much that have led to 

the definition of data as the new oil [6] and the born of new job figures that work in 

the so-called business of data. 

Despite this incredible potential of big data, it has to be highlighted the fact that 

generally, the effectiveness of big data in the various research fields is proportional to 

the quantity of data that are available to the users. For this reason, collecting, storing 

and managing these great quantities of data can reveal to be a great burden for three 

principal reasons: 

1. Even with a decreasing trend, the storage capacity has a cost that cannot be 

neglected. 

2. Data are not information: to generate value, after the pure collection phase, 

they need to be processed. 

3. Storing data means having some responsibilities (costs) to manage their correct 

preservation. 

Moreover, the operations of storing, collecting and analysing data cause the 

consumption of non-negligible quantities of energy. In particular, this is the main 

drawback that the framework that will be proposed in this thesis wants to mitigate. 

From this point of view, it becomes fundamental to think about countermeasures that 

help us reduce the volume of data retained in our system without losing the power 

that comes from the usage of big data. 

To reduce energy waste, it becomes essential to provide an instrument that helps to 

reduce the volume of data by managing its lifecycle within its retention system. 

1.3 Objective of the thesis  
To face the problem of data centre energetic waste through a data lifecycle 

management, the thesis proposes a framework that aims to reduce the amount of data 

stored in data centres through the usage of a data set value model utilized to evaluate 

data sets retained in a system. Based on this objective, the framework is built on top of 

two pillars: a data set value model, and a set of data reduction techniques.  
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The data set value model is designed to attribute a value to data sets that populate the 

storage system in which data lifecycle management must be performed and it is based 

on four value dimensions. This value model also considers the effect of applying data 

reduction techniques (e.g., aggregation, compressions, sampling) having in mind that 

the less data we store the less energy we need to manage them.  

To balance between the need to have valuable data in the system and the need to 

reduce the amount of data to reduce the energy consumption, the framework proposes 

a data lifecycle management oriented to reduce the amount of data stored in data 

centres storage capacity. In particular the framework provides support for two main 

activities: 

• The data waste discovery 

• The data waste reduction 

The model and framework have been validated in a validation phase through the 

creation of an application that simulates their usage in a data storage context. 

With the validation phase it will be possible to observe that, in the proposed scenario, 

a good disk space reduction is obtained at the price of a moderate loss of data value. 

1.4 Structure of the Thesis 
This thesis document is organized as follows:  

• Chapter 2 – Background:  Explains the theoretical background to understand 

the problem of Green IT and the proposed solutions, with particular attention 

to the topics of Data Reduction and Data Placement. 

• Chapter 3 – State of the art: Explains the related works that analysed the 

problem of Data Lifecycle Management expressing the starting point of this 

thesis. 

• Chapter 4 – A Data set Value Model: This chapter introduces a value model 

that will be used from the framework to adopt the Data Lifecycle Management. 

• Chapter 5 – A Value Driven Data Set Reduction Framework: This is the 

chapter that explains the design of the proposed framework. It is strictly 

correlated to Chapter 3 because it bases its background on the data set value 

model. 

• Chapter 6 – Validation: In this chapter is introduced an application of the 

proposed framework. This application aims to verify, in a controlled context, 

the effectiveness of the framework and the data set value methodology. 

• Chapter 7 – Conclusion and Future Development: This chapter collects the 

results of the thesis, taking into consideration the solutions proposed and the 
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results obtained in the validation chapter. At the end of the chapter, a set of 

fields is proposed with which this study can be integrated. 
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2. Background 

This chapter illustrates the basic concepts useful to comprehend the solutions 

proposed in the rest of the document. Moreover, it contains the main literature 

background that has been used to design the dataset value model and the framework 

that will be discussed in the next chapters. Finally, it is proposed also a personal data 

reduction strategy classification that is crucial for understating all the other chapters 

composing the thesis.  

2.1 Data Reduction 
Definition: With the term Data Reduction we describe a data volume optimization technique 

that reduces data in a simpler form to free up capacity on a storage device. 

The main benefit of data reduction is quite simple: optimizing the usage of space that 

each data needs in standard conditions (i.e., not reduced), brings to a more efficient 

usage of the storage devices already possessed.  

There can be highlighted various direct implications coming from a correct application 

of the various Data Reduction Strategies but, in this thesis, we will consider mainly 

three of them:  

• Energy Savings: Reducing the total volume needed by data means, in general, 

reducing the total amount of disks needed to store the data itself. A reduction 

of the disks running in a data centre implies a direct reduction of wasted energy. 

 

• Reduce physical storage costs: Fewer data quantity means having less storage 

capacity, so the cost of purchasing storage decreases. 

 

• Reducing data often means creating information: Due to the increasing 

volume of collected data in the big data field, it is becoming increasingly harder 

to have the correct computational power to manage these quantities of data. 

From these difficulties comes the need to have some data reduction techniques 

that reduce the data volume to simplify data analysis and more easily create 

new information. 
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The available literature is full of different Data Reduction Strategies (DRSs) but does 

not always provide a general categorisation that organises all the strategies 

methodologically. 

For this reason, it is proposed a personal categorisation that considers the ones already 

present in literature and merges them to improve the generality and the completeness. 

 

Figure 4: Data Reduction Strategies classification 

 

Figure 4 represents a personal classification of the main DRSs found in the literature; 

the classification has been realized to facilitate the design of the framework proposed 

in this thesis. 

In particular, the Data Reduction Strategies can be divided into: 

• Reversible Data Reduction Strategies 

• Irreversible Data Reduction Strategies 

The Reversible Data Reduction Strategies are the reduction techniques in which the 

loss of data volume is not definitive; in fact, it can be recovered at any moment. 

In this thesis we will consider three types of reversible DRSs: 

• Deduplications 

• Lossless Compressions 

• Glacier Usage 
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On the contrary, the Irreversible Data Reduction Strategies are the reduction 

techniques in which the loss of data volume is definitive; once the technique has been 

applied, we cannot recover the lost data. In this thesis, we will consider three types of 

irreversible DRSs: 

• Deletion 

• Lossy Compressions 

In the following sections, it will be described in detail the classified DRSs. The 

treatment is helpful to understand how the framework introduced in this thesis 

operates. 

2.1.1 Data Deduplication 

Data Deduplication is a reversible data reduction technique for eliminating duplicate 

copies of repeating data. The process of data deduplication is based on the comparison 

of the data “chunks”, often called signatures, which are unique, contiguous blocks of 

data. Each chunk is associated with a hash, calculated starting from the sequence of 

bits that make up the chunk. These hashes are stored during a process of analysis and 

compared to other chunks within existing data. When a duplicate is found, it is 

replaced with a reference that points to the already stored chunk [7] [8]. 

The deduplication process can be configured to work with different levels of 

granularity. The granularity level depends strictly on the dimension of the considered 

data chunk. 

In literature, there can be found two main data deduplication granularity levels [9]: 

• File-Level data deduplication: In a data storage system the data chunk 

dimension coincides with the entire file. In this case, if more than one 

occurrence of a file is found, only a single instance will be retained; all the other 

occurrences are replaced with a reference pointing to the retained one. 

Weaknesses: File-level data deduplication is effective but in a limited way. In 

fact, in case of updates to the files, the respective hashes will change drastically, 

and all the references will be invalidated. 

 

• Block-Level data deduplication: In Block-level deduplication, the data chunk 

dimension usually coincides with a fixed-length file segment. Therefore, all the 

files are divided into segments associated with an individual hash. Every time 

an unknown hash is calculated, it is stored inside a list. If another identical hash 

is found, the corresponding chunk is deleted and substituted with a reference 

pointing to the already stored one. 
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A schematical description regarding the Block-Level data deduplication is inserted 

in Figure 5 [9]: 

 

Figure 5: Block-Level data deduplication schema [9] 

 

There exists an optimized version of block-level data deduplication that uses chunks 

of variable length. Thanks to the variable length of chunks, also eventual file updates 

can be managed without the need of changing all the chunks. 

Given these two different granularity levels, the entire data duplication process is 

shown in Figure 6 [10]. In this figure, the entire data deduplication process is divided 

into four steps, for each chunk: 

• A hash value is calculated using a hash function. 

• A comparison is made between the produced hash values and existing hashes. 

• If duplicate hash values are found, the corresponding chunk is replaced with a 

reference to the chunk already stored. 

• If no duplicates are found, the new chunk is added to the index. 
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Figure 6: Data deduplication general schema [10] 

 

We can also find a completer classification of data deduplication strategies, a 

schematical representation of the major deduplication strategies is proposed in Figure 

7 [10]:  

 

 

Figure 7: Taxonomy of data deduplication techniques [10]. 
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In this thesis we will consider only a Post-Processed, File-Level Data Deduplication 

since, as will be specified in detail in the following sections, the framework will 

consider the entire data set as the minimum data item on which operate the data 

reduction. For this reason, we do not need a more granular data deduplication 

strategy. 

2.1.2 Lossless Compression Techniques 

Lossless Compression Techniques are a class of reversible DRSs that reduce the 

volume needed to store data by changing the structure in which it is organised 

originally without losing any information. In literature, this class of techniques is 

usually cited in contrast to the Lossy Compression Techniques that, in this document, 

are represented by the Irreversible DRSs. 

As mentioned before, literature is not always coherent with the positioning of these 

two compression techniques in the categorisation of the various DRSs. There exist 

references in which the DRSs are considered composed only from Lossless and Lossy 

compression techniques, inserting all the specific DRSs as part of these two core 

families. 

This approach has been discarded, preferring a division between Reversible and 

Irreversible DRSs and considering the two Compression techniques as sub-categories. 

This choice has been done because the division between reversible and irreversible 

DRSs helps the design of the framework proposed in the thesis. Moreover, the 

categorisation that proposes only the two compression techniques often does not 

include the deduplication DRS, that in the treatment of this thesis is fundamental. 

Lossless Compression techniques are mainly used when it is fundamental that the 

original and the decompressed data are identical or when eventual deviation from the 

original data makes the data unusable. 

Typically, these compression techniques are used for text files, databases, schemes, 

source codes or executable programs. However, some special lossy compression 

techniques also operate on audio and image formats (Dolby TrueHD and PNG are 

typical examples). Moreover, these techniques are usually utilised from many 

applications to create several archive types like zip, rar or 7zip. 

This thesis will consider these techniques only for the classical fields of usage, 

characterising them with a compression ratio. The compression ratio represents a 

measurement of the relative reduction in size obtained on data using a compression 

algorithm. 
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In symbols: 

𝐶𝑜𝑚𝑝𝑟𝑒𝑠𝑠𝑖𝑜𝑛 𝑅𝑎𝑡𝑖𝑜 =
𝑈𝑛𝑐𝑜𝑚𝑝𝑟𝑒𝑠𝑠𝑒𝑑 𝑆𝑖𝑧𝑒

𝐶𝑜𝑚𝑝𝑟𝑒𝑠𝑠𝑒𝑑 𝑆𝑖𝑧𝑒
 

 

2.1.3 Long-Term Storage 

When we talk about a long-term storage, we are talking about using a storage service 

that has the aim of reducing data storage's cost and energy load. In this thesis, for 

simplicity, we use the word "Glacier" because it is the name used by Amazon to identify 

a remarkably similar service to what is meant in the treatment of the thesis. 

The idea behind the glacier concept is the ability to move unused data to cheaper 

storage systems with longer access times. In this sense, this practice should not be 

considered a data reduction strategy; in fact, it does not reduce the volume of data. 

However, in the classification proposed in this thesis, we still consider it a reversible 

DRS because, in any case, it is a countermeasure to the energy waste produced by data 

storage. For this reason, it is still included among the reversible data reduction 

strategies. 

In the treatment of the framework and the data set value model, we will consider the 

glacier as an extra storage space, not always available, that significantly increases 

the resource's Access Time and frees up in the primary storage the exact volume 

characterizing the moved data item.  

2.1.4 Lossy compressions 

Lossy Compression Techniques are a class of irreversible DRSs that reduce the 

volume needed to store data using approximations and partial data discarding to 

obtain a similar representation of the original content. 

In the classification proposed in this thesis, we find three types of Lossy compression 

techniques: 

• Dimensionality Reduction 

• Sampling / Multimedia Compression 

• Data Aggregation 

2.1.4.1 Dimensionality Reduction 

Dimensionality reduction is the process of reducing the number of dimensions the 

data is spread across. For example, in a relational database, a dimensional reduction 

for a tuple means cutting the attributes that describe it [11]. 
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Following the available literature, we can find a recurrent categorization of the 

dimensionality reduction strategies. In particular, there can be found three 

dimensional reduction methodologies: 

• Wavelet Transform 

• Principal Component Analysis 

• Attribute subset selection 

Within the implementation of the framework, for simplicity, the dimensionality 

reduction is only intended as deletion of some attributes along which tuples are 

spread. For this reason, this DRS is considered only for reducing relational databases 

in the design of the framework.  

  

2.1.4.2 Sampling / Multimedia Compression 

With the usage of Sampling  we can transform large data sets into smaller ones, 

reducing them to data subsets that represent partially the original data sets [12]. This 

operation is performed by selecting a precise subset of data that represent quite 

precisely the entire data set. The selection can be done randomly or following a precise 

schema based on the type of data set that has to be sampled. 

In the classification of the DRSs used in this thesis, the sampling is treated together 

with the Multimedia Compression. The two DRSs, in fact, can be considered 

conceptually deriving from the same principle. 

Multimedia compression is commonly considered a form of lossy compression, in 

which audio, video and images are reconstructed using different encodings that 

approximate the original data. These approximations are usually obtained by 

discarding parts of the original data, as it is done in the usage of sampling. 

For these reasons, in the framework design, sampling and multimedia compression 

will be considered as two sides of the same coin, with the difference that: 

• When we speak about sampling, the object is a structured data. 

• When we speak about multimedia compression, the object is an audio, video 

or image data. 

 

2.1.4.3 Data Aggregation 

Data Aggregation is the process in which data, for statistical analysis, are expressed in 

summary form [13]. The data aggregation operation is typically performed in data 

warehouses, as it can provide answers to analytical questions and also reduce the time 
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to query large sets of data. Due to its volume reduction capacity, the data aggregation 

has been inserted into the Irreversible DRS set. It constitutes, in fact, an efficient way 

of reducing the volume of old or unused data sets by expressing them into a summary 

form. Typically, there are two main types of data aggregation: 

• Temporal Aggregation 

• Spatial Aggregation 

In Figure 8 is represented an example of temporal (annual) aggregation of sales, that 

originally were expressed quarterly. 

 

Figure 8: Data Aggregation example 

 

There exist particular forms of data aggregation like: 

• Cube Aggregations 

• Histogram Aggregations 

Data Cube Aggregations are a multidimensional aggregation that presents the 

summarized data compactly and visually friendly. Figure 9 shows an example of data 

cube aggregation in which, for each product (VCRs, PCs, TVs), the associated sales are 

aggregated both temporally and spatially. 

Histogram Data Aggregations are a compact form of representation usually used to 

count data occurrences into a given data domain. This type of aggregation effectively 

reduces data sets that present a very dense domain because of the collapsing of many 

entries but is not highly effective with sparse domains. 
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Histograms can also represent more than one data dimension; in this case, we speak 

about Multidimensional Histograms. Examples of histograms are inserted in Figure 10. 

In the context of this thesis, the aggregations will be treated generically, characterizing 

them through the use of an aggregation factor. The aggregation factor represents the 

reduction of space obtained from the application of a specific aggregation on a given 

data set. 

 

        

Figure 9: Data Cube Aggregation example 

 

 

 

 

Figure 10: Examples of Histograms(left) and Multidimensional Histograms (right) 
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3. State of the Art 

In this chapter we will face a general discussion on the information lifecycle 

management topic in order to clarify the importance of this topic in the context of this 

thesis. Moreover, it will be proposed how the main solutions provided in literature 

tackle the problem by defining innovative solutions. 

3.1 Information lifecycle management 
Definition: The set of strategies that aim to manage smartly the information, trying to keep its 

maximum value while facing with the relative costs, go under the category of Information 

Lifecycle Management (ILM). 

An effective ILM strategy can help lower storage and data management costs, as well 

as reduce the security, compliance and legal risks that come with failing to maintain 

full control over organizational data. 

ILM is commonly confused with Data Lifecycle Management (DLM). In fact, despite 

the two terms are often used interchangeably, they do not represent the same concept. 

One way to distinguish them is to look at ILM as more complex concept than DLM [14] 

that cannot be described by general attributes as data type, size and age that are used 

by DLM. This distinction comes from the fact that data can be considered as a raw or 

elementary element and is usually made up of content that must be processed and 

virtualized. 

At the contrary, information derives from the processing and interpretation of 

multiple data, created with the goal of being useful in a decision-making process. 

This distinction explains why the simple attributes that can be used for a DLM are not 

enough to guide an ILM. 

In the scope of these thesis, the study of both the ILM and DLM helps to construct a 

data retention and management strategy that will represent the substrate on which the 

entire framework will be built. 

Various research has been done in the field of ILM and DLM, it can be especially useful 

to explore what are the key solutions that has been proposed in literature. 
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3.1.1 Ying Chen solution 

One of the most important solutions in the field of Information Lifecycle Management 

that represents a real milestone is the solution proposed by Ying Chen [15]. The author, 

in order to construct a retention policy and to classify the system’s data for importance, 

introduces the concept of data value of a given piece of information characterizing it 

through its usage over time. 

The simple idea that stands behind this solution is that data that are used more and 

regularly are probably the most important (valuable) data we have. As a direct 

consequence the data value changes over time because it strictly depends on the actual 

usage. 

The system purposed by Ying Chen performs the data evaluation periodically, for 

example quarterly or semi-annually, and automatically. It finally produces for each 

data item a numerical value between 0 and 1 that represents the global value, from the 

point of view of the system, calculated taking into account the number of accesses. 

This solution, despite representing a milestone for the ILM’s field and introducing 

very interesting concepts, is uniquely based on the use of one only metric (the usage 

over time) and for this reason, represents in the context of this thesis a too limiting 

methodology. Moreover, this solution does not emphasize the usage of the data 

lifecycle phases that a data item traverses during its retention.  

3.1.2 Sabah Al-Fedaghi solution 

A completely different approach is proposed by Sabah Al-Fedaghi [16]. 

This approach exploits the pure concept of Information Lifecycle, highlighting the 

difference between data and information, and specifying that data are refined during 

the various phases of their lifecycle until they become information. From this point of 

view, the data evaluation is said to be strictly dependant from the lifecycle phase that 

the data itself is traversing during its life. 

The author presents 5 Data Lifecycle Phases that are in order: 

1. Collecting Phase (CL) 

2. Processing Phase (PR) 

3. Creating Phase (CR) 

4. Releasing Phase (RE) 

5. Transferring Phase (TR) 

In this sense, in each of these phases the data has a different value that increases going 

on from the Collecting Phase to the Transferring Phase. 
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Figure 11: Data value pyramid [16] 

 

Then the author, in order to complete the idea, introduces some rules that give to the 

theory a more precise semantic: 

• Each information is attended to be more valuable than each other in its lower 

positions of the pyramid in Figure 11. 

• Information created de novo are more valuable than derived ones. 

• When two versions σ1 and σ2 are two versions of the same piece of information: 

o If σ1 is a more processed version of σ2, then Δ(σ1) > Δ(σ2). 

o If σ1 is a more recently collected version of σ2, then Δ(σ1) > Δ(σ2). 

o If σ1 is a more recently created version of σ2, then Δ(σ1) > Δ(σ2). 

• Information that is useful for creating other information has more value than 

processed or created information. 

 

Another important consideration that rises from this article is the fact that the 

processing of the data leads inevitably to a loss of volume because usually the data 

itself is aggregated, cleaned or sampled. 
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Figure 12: Relation between value and size in the lifecycle approach [16] 

 

This consideration is extremely useful because highlights the fact that in the field of 

big data, processing data (that means also reducing the size of data) can bring to 

generate value in two different ways: 

• Generating more valuable information (refining it by moving forward in the 

lifecycle). 

• Saving money by avoiding waste of space with raw data that are not still real 

information. 

The study is concluded with a last consideration in which it is noted that the value of 

the information is dependant also from the organizational level from which it comes/ 

it is used. 

In fact, we expect that higher organizational levels (such us executive levels) produce 

and use generally more important information than lower subordinates. 

This work is very useful to better understand various dimension of the information 

lifecycle management problem that were not mentioned in the Ying Chen solution. 

However, it does not provide any tangible metric that permits to face the ILM problem 

in terms of data value because interrupts the analysis on mere qualitative 

considerations. 
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Figure 13: Organizational level, value and size in the lifecycle approach [16] 

3.1.3 A practical data evaluation strategy for relational DBs 

Another interesting approach is proposed in the paper [17], and is built starting from 

a manual approach to the ILM. 

The choice of a manual approach comes from the fact that very frequently assessing 

the value of information, independently from the core business that constitutes the 

centre of the analysis, can be very tricky. A classical approach to the problem in the 

past, in order to evaluate the value of data, was to interview some experts of the 

system, giving them a survey that was structured around five data value dimensions: 

• Utility 

• Replacement Cost 

• Competitive Advantage 

• Regulatory Risk 

• Timeliness 

Given these dimensions, the classical approach consisted in giving some grades for 

each data item in each dimension. 

The objective of the methodology proposed in [17] is to automatize the evaluation of 

these five dimensions through some routines, that applied to the data, can sort them 

periodically on their effective value. This is done through some practical queries, 

which can be applied in any SQL-like system and that contribute to define an ordered 

classification of data evaluating each data value dimension. 
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Dimension Possible Question Generated 
Description of used SQL 

queries 

Replacement 

Cost 
Which table has a capacity to produce new data? 

Table with the largest average new 

data per day 

Security Which database table contains encrypted values 
Table with the largest number of 

encrypted values 

Volume 

Which database table stores the highest records? 
Table with the largest number of 

values 

Which database table can join with most of the other 

data? 
Table with the largest number of joins 

Usage 
Which database table is used more frequently in a 

day? 

Table with the largest number of 

access queries per day (could be 

stored in a table or in a server log) 

Quality 

Which table has the least duplicates? 
Table with the lowest number of 

duplicate values 

Which database table has the least null values? 
Table with the lowest number of null 

values 

Legislative Risk 
Which data loss will create legal consequences if 

organisation losses it? 

Table containing the largest number of 

attributes from specified list (Name, 

Bank Details, Address, etc.) 

Time 
Which database table information value falls in course 

of times? 
NA 

Competitive 

Advantage 
What database table is unique for the organisation? NA 

Table 1: SQL queries that can evaluate some data value dimensions [17] 

 

3.2 Data Placement 
A data placement strategy is often part of the set of ILM/DLM strategies that an 

organization uses in order to manage efficiently their data. 

In fact, if properly applied, it can represent an optimal cost controlling strategy in the 

data storage field. 

Definition: A data placement strategy is a policy that aims to distribute data into various 

nodes to reduce the costs of usage of data or maximize the data storage infrastructure 

performances. 
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A possible declination of this strategy can be to organize the data storage infrastructure 

into a hierarchical structure, from the most valuable (in terms of performances) to the 

less valuable hardware. Then, it is immediate to imply that data that needs to be placed 

in the most valuable hardware are those that are used more frequently, because in this 

way we can maintain high the average performances of the system. On the contrary, 

data that are accessed rarely can be stored in memories with higher access time (less 

valuable hardware), because their impact on the average performances of the entire 

system is, in any case, insignificant.  

The benefits deriving from the usage of this hierarchical organization of the storage 

infrastructure are not only cost based, but also energy based. In fact, usually, the 

memories with the higher access time can be configured to be powered-on on demand, 

avoiding unnecessary energy wastes. Following this idea it has been designed the 

amazon glacier, and for the same reason it will be considered into the proposed DRSs. 
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4. Data set Value Model 

This chapter introduces the first of the two instruments useful to reduce data waste, 

the data set value model. This model is part of the framework discussed in Chapter 5. 

In fact, the framework will exploit this model to simulate the effects of the DRSs 

application on data sets in terms of value. 

The elements evaluated using the model are the data sets, namely our minimum data 

unit, that in our system populates the various nodes of the distributed architecture. 

They have to be evaluated from a general perspective, i.e., from the system point of 

view, for this reason, each data set has an intrinsic value that does not depend on the 

node where it is inserted, but it is general. The next step is to decide what are qualities 

a data set must fulfil to be considered highly valuable. These qualities can represent 

the qualitative value dimensions that help us to abstract from the pure measurable 

level, giving the methodology a more general usability. 

We can divide the data set value into four principal dimensions or contributions: 

• Completeness : A measure of the quantity of retained dataset’s information 

with respect to the total available ones. 

• Latency : A measure of the time needed to make a dataset available to be used. 

• Diffusion : A measure of the distribution of the considered dataset in the 

system nodes.  

• Interest : A measure of the importance of the considered dataset for the users 

accessing a given node.  

These dimensions express four disjointed dimensions that contribute, together, to 

describe the concept of data set value from four different perspectives. 

Given these four fundamental dimensions, the total value of the data set is  obtained  

by coupling each of these value dimensions with a precise and measurable metric, and 

then summing up the value represented by all these dimensions. 

4.1 Evaluating the various contributions 
To correctly transform this methodology from a qualitative to a precise and 

measurable shape we need to go through an intermediate step, in which we highlight 

if the usage of each defined Data Reduction Strategy (DRS) impacts (positively or 

negatively) or not on each one of the just defined dimensions. 
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We can divide the DRSs into two subcategories: 

• Reversible DRSs 

• Irreversible DRSs 

The Reversible DRSs are the reduction strategies in which, after the application, data 

sets can return to their original shape (for us they are Moving in Glacier and Lossless 

Compression. Since the original shape can be re-obtained, also the value lost will be 

recoverable. 

The Irreversible DRSs are the reduction strategies in which, after the application, data 

sets cannot return to their original shape. Since the original shape is irretrievable, also 

the value lost will be irretrievable. 

In Table 2 are shown, for each DRS, the general contribution on each value dimension. 

In particular: 

• “X” is for a negative contribution to the considered dimension of value. 

• “V” is for a positive contribution to the considered dimension of value. 

• “ / ” is for a null contribution to the considered dimension of value. 

• “n/a” is not applicable to the considered dimension of value. 

 

Dimensions 

Data Reduction Strategies 

Reversible Irreversible 

Glacier 
Lossless 

Compress. 
Deduplication Aggregation 

Dim. 

Removing 

Sampling/ 

Multi. 

Compress. 

Deletion 

Completeness / / / X X X n/a 
Latency X X X / / / n/a 

Diffusion / / V / / / n/a 
Interest / / / / / / n/a 

Table 2: Contributions of the DRSs for the value dimensions. 

 

Based on the similar behaviour of all the Lossy Compression techniques, a single 

collapsed column can be considered (see Table 3 that will be used in the rest of this 

document). 
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Dimensions 

Data Reduction Strategies 

Reversible Irreversible 

Glacier 
Lossless 

Compression 
Deduplication Lossy Compression Deletion 

Completeness / / / X n/a 

Latency X X X / n/a 

Diffusion / / V / n/a 

Interest / / / / n/a 

Table 3: Compact version of Table 2 

4.2 From a qualitative to a measurable 

methodology 
Once we have specified for each one of these DRSs how influences the various value 

dimensions, we can formalize the total value of the dataset di at the time t as a weighted 

sum of the data quality dimensions. In formula: 

 

𝑉𝑡𝑜𝑡(𝑡, 𝑑𝑖) =  𝛼 𝐶(𝑡, 𝑑𝑖) +  𝛽 𝐿(𝑡, 𝑑𝑖) +  𝛾
1

𝐷(𝑡, 𝑑𝑖)
+  𝛿 𝐼(𝑡, 𝑑𝑖) 

 

Where: 

• “C”  is the contribute of Completeness function of the dataset di at time t. 

• “L”  is the contribute of Latency function of the dataset di at the time t. 

• “D” is the contribute of Diffusion function of the dataset di at time t. 

• “ I ” is the contribute of Interest function of the dataset di at time t. 

• α+  β+γ +  δ = 1 

 

Thanks to this formalization, the data set value model problem can be subdivided into 

four sub-problems, each of which will be treated in detail in the next sections.  
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4.3 Completeness Dimension 
Based on the analysis of the effects of the data reduction strategies to the data value 

dimensions, in Table 3 we can easily note that the Completeness Dimension is 

influenced by the Lossy Compression techniques. 

Since they are part of the so-called Irreversible DRSs, because they delete definitively 

part of the data, they produce an irreversible loss of value. 

Since the variety of the Lossy Compression techniques, it can result very hard to 

quantify in a general way the loss of value. Moreover, we cannot generalize a fixed 

loss of value for each Lossy Compression technique because every technique can be 

applied with different grades of aggressivity and depends strictly on the data type of 

the data set. 

For these reasons, we can introduce a practical hypothesis: 

Hypothesis: The data value is homogeneously distributed into the various data items that 

compose a data set. 

 

This hypothesis brings us to the following proposition: 

Proposition:  The loss of completeness deriving from the application of an Irreversible Data 

Reduction Strategy is proportional to the resulting loss of space. 

 

Now in practice, we have moved the problem to the quantification of the loss of space 

coming from the application of the selected DRS, which is a much simpler problem. 

At this point, all that remains is to estimate methodically, for each Lossy Compression 

technique what is the corresponding loss of value in terms of Completeness. 

4.3.1  Dimensionality reduction 

Dimensionality reduction is the process of reducing the number of dimensions the 

data is spread across. As already introduced in Chapter 2, within the implementation 

of the framework, the dimensionality reduction is only intended as deletion of some 

attributes that compose structured data. For this reason, in this discussion, the term 

“dimension” has to be intended simply as a column of a structured data. As a 

consequence, the dimensionality reduction DRS can be applied only to structured data 

sets and it is considered not applicable when all the other types of data sets are 

considered. 
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For this DRS, the percentual space reduction can be represented by the following ratio: 

 

#𝐷𝑖𝑚𝑒𝑛𝑠𝑖𝑜𝑛𝑠𝑅𝑒𝑚𝑜𝑣𝑒𝑑

#𝐷𝑖𝑚𝑒𝑛𝑠𝑖𝑜𝑛𝑠𝑡𝑜𝑡
 

 

Following the previous ratio, the resulting trend that describes, in this case, the 

evolution of the completeness can be represented in Figure 14: 

 

 

Figure 14: Dimension Removing effect on Completeness 

 

4.3.2  Aggregation 

When we speak about aggregation, the loss of space depends strictly on how much 

data are collapsed together, however defining a priori the loss of space for this DRS 

can result very hard. 

In fact, the loss of space deriving from an aggregation is strictly dependent from 

various aspects like:  

• How data are made: 

If we talk about structured data sets, a strict domain often results in many tuples 

collapsed together, while a large domain usually does not correspond to a 

substantial space reduction. At the other hand, when we talk about non-

structured data sets, it can result even more complex to deduce a priori the loss 

of space. 
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• How aggregation is performed: 

When we talk about aggregation becomes fundamental, in order to precisely 

estimate the space reduction, specify the criterion by which the aggregation is 

performed. In fact, the same data set can be aggregated using different 

criterions, resulting in completely different space reduction. For example, an 

aggregation performed “by month” will produce a 12 times lower space 

reduction with respect to an aggregation performed “by year”. 

 

Because of these two main causes, in this thesis the space reduction deriving from an 

aggregation is estimated through the usage of an Aggregation Factor (AF). 

Definition: The Aggregation Factor is a numerical value between 0 and 1 that 

represents the space reduction obtained from the application of an aggregation A on a 

data set D. Analysing the borderlines values of this factor, an aggregation factor = 1 

corresponds to a hypothetical case in which the aggregation deletes all the data, while 

an aggregation factor = 0 corresponds to a hypothetical aggregation that does not 

deletes any data. 

Following the aggregation factor, the resulting trend that describes, in this case, the 

evolution of the completeness can be represented in Figure 15: 

 

 

Figure 15: Aggregation effect on Completeness. 
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4.3.3  Sampling / Multimedia compression 

Sampling and multimedia compression are irreversible Data Reduction Strategies that 

use a policy of data selection and discarding to reduce the quantity of stored data. 

In our data set value model, to estimate the loss of space deriving from the application 

of these DRSs, we use the Preserving Factor (PF). 

Definition: The Preserving Factor is a numerical value between 0 and 1 that represents 

the percentage of saved data with respect to the total when is applied a Sampling 

/Multimedia compression reduction strategy. 

The preserving factor can be calculated using the following ratio: 

#𝑆𝑎𝑣𝑒𝑑𝐷𝑎𝑡𝑎

#𝑇𝑜𝑡𝑎𝑙𝐷𝑎𝑡𝑎
 

Following the previous ratio, the resulting trend that describes, in this case, the 

evolution of the completeness can be represented in Figure 16: 

 

Figure 16: Sampling and Multimedia Compression effect on Completeness.  

4.4 Latency Dimension 
Following Table 1.1 and Table 1.2, that show the contributions of the various DRSs for 

all the dimension, it can be noted that the latency value dimension is influenced by 

the reversible DRSs. 

When we speak about the latency value dimension, we are taking into consideration 

the impact, in terms of value, of the various DRSs in the time of getting the first bit of 

a data item. In this section it is proposed a possible method to quantify the variation 

of the data value dimension deriving from the application of each DRS. 
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4.4.1 Lossless Compression Techniques and Glacier usage 

Applying the Lossless Compression technique to a data set or moving it into a glacier 

data storage increases the latency because increments the time that is necessary to 

access the single data item. In fact, for the Lossless Compression, we have to consider 

that the new access time is directly influenced by the time that we need to decompress 

the entire resource. On the other hand, moving a data set into a glacier storage means 

to increment significantly, due to the “de-freezing” time, the access time. 

For these reasons we can say that the Latency Value Dimension is, in this case, strictly 

dependent on the following ratio: 

 

𝑉𝐿𝑎𝑡𝑒𝑛𝑐𝑦 =
1

𝑐 ∗ 𝐴𝑐𝑐𝑒𝑠𝑠𝑇𝑖𝑚𝑒𝑛𝑒𝑤 + 1
 

Where c is a constant. 

Following the previous ratio, the resulting trend that describes, in this case, the 

evolution of the latency can be represented by the following graph: 

 

 

Figure 17: Lossless Compression effect on Latency dimension. 

4.4.2  Deduplication / Duplication 

When we deduplicate a data set, we are basically deleting a copy of an already existing 

data set. This means that the next time we want to access the data set from the node 
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that deduplicates, we need to ask back the copy. For this reason, in terms of Latency, 

the value of the data set potentially decreases. 

On the opposite, when we duplicate a data set, we made it more available in our 

system, and so we need on average less time to access it. For this reason, in terms of 

Latency, the value of the data set potentially decreases. 

To recap, in terms of latency: 

• The deduplication potentially decreases the data set value. 

• The duplication potentially increases the data set value. 

4.5 Diffusion Dimension 
The need for a diffusion value dimension comes from the fact that we need a metric 

that correctly describes the difference in terms of value between an original data set 

and a copy. In fact, also by common sense, we can sacrifice more easily a copy rather 

than an original data set. This is because a copy, if irreversibly deteriorated, can be 

requested back to the owner of the original data set in its original form, instead, since 

the original data set usually is the last one to be deteriorated, it is important to try to 

avoid irreversible changes to it. From this point of view, it could be enough to have a 

Boolean that indicates the data set ownership of a node and call this dimension simply 

ownership. 

However, we need a more continuous strategy to differentiate, in the case of data sets 

that are both original or both copies, which is the more valuable one given their 

diffusion in the nodes of the system. 

When we observe the problem from this perspective, we note that also by common 

sense, being more widespread into the various nodes of the system means being less 

valuable, because the more are the copies into the network, the less the single copy is 

valuable. In this sense, we can see this value dimension also as a measure of the 

unicity or substitutability of a given data set into the system. 

So, in terms of Diffusion, the more are the copies, the less is the value. 

We can recap this result into the following two points that are valid for the Diffusion 

Dimension: 

• The deduplication potentially increases the data set value. 

• The duplication potentially decreases the data set value. 
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The resulting trend that can describe the evolution of the Diffusion, can be represented 

by Figure 18. The obtained trend is linearly dependent from the number of the copies. 

It is maximum when there is one copy for each node of the system. 

 

Figure 18: Deduplication effect on Diffusion.  

4.6 Interest Dimension 
The Interest Dimension represents the data set value from the point of view of its 

lifecycle. The idea is that our object of analysis, namely the data set, is affected as any 

other asset by the effect of time. From this point of view, following what has been 

already proposed in the state of art, we can say that a data item traverses during its 

lifecycle three major phases: 

• The collection and insertion phase: 

Includes the phases in which the various data are inserted into the data set and 

the entire data set is inserted into one of the nodes of the system. 

• The usage phase: 

Represents the phase in which the data set is regularly used for the needs of the 

users, in this phase data have their maximum interest for the system. 

The interest slowly decreases with time while the age increases. A data set holds 

in this phase until it can be defined disused. 

• The disuse phase: 

In this phase, the data set is already stored into at least one of the nodes, but it 

is no more utilized. 
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When we talk about interest, the framework introduced into the Chapter 5 takes into 

consideration only the last two phases and tries to assign them a numerical value for 

each instant of time. 

Given this strict correlation of the interest value dimension with the passing of time, 

we can say that the evolution of the interest is natural and not manual, because it 

depends exclusively on the actual needs of the users, without any need for manual 

intervention. 

To represent all these qualities, we can represent numerically the interest value 

dimension as a function that is composed of two phases: 

• The Ageing Phase 

• Disuse Phase 

The two sections are divided by a temporal threshold called Disuse Threshold “k” 

that marks the change in the evolution of the interest value dimension. 

 

Definition: The Disuse threshold k is a temporal limit that marks the instant in which the 

interest value dimension of a data passes from the ageing phase to the disuse phase. 

 

An approach divided into two sections has been proposed because takes into 

consideration two different causes of the interest’s decay path that a data set traverses 

during its lifecycle.  

The first phase, namely the Ageing Phase, describes a natural decay in the interest 

dimension, due to the fact that data are becoming older. In this phase, the loss of 

interest is quite slow because, although the data set is getting older, it is already used, 

and so still useful. 

We can represent the Ageing phase as a linear trend that can follow, for example, the 

equation:  

𝑉𝑖𝑛𝑡𝑒𝑟𝑒𝑠𝑡 =
𝑔 − 1

𝑘
∗ 𝑡 + 1 

 

The Ageing Phase is interrupted when we cross the disuse threshold, which represents 

the number of days after which we consider disused a data set. In this temporal 

moment, the interest in the data set starts to decrease more rapidly, because 

independently of the age, if a data set is not used, has a rapid decline in interest. 
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For this reason, we can define the Disuse Phase as the phase in which the data set 

suffers an accelerated loss of value given both from the aging and from the disuse. 

We can represent the Disuse phase with the equation:  

𝑉𝑖𝑛𝑡𝑒𝑟𝑒𝑠𝑡 = 𝑔𝑘 ∗
1

𝑡
 

It is important to say that the Disuse Phase proposed trend is not necessarily the only 

possible. In fact, the decreasing trend that characterizes this phase can be represented 

in more than one way, for example, an alternative can be an exponential decrease that 

follows the equation: 

𝑉𝑖𝑛𝑡𝑒𝑟𝑒𝑠𝑡 =
𝑔

𝑒
 𝑒

𝑘−(𝑡−𝑘)
𝑘  

An exponential decrease, for its nature, describes a more aggressive decay and for this 

reason, can be used for particular types of data sets. In this sense, we can choose, 

evaluating the type of the data set or the requirements of the system, the best-fitted 

trend. 

In any case, for the sake of simplicity, the rest of the document will be constructed 

considering only the first proposed Disuse Trend. This choice has been done in order 

to describe a more conservative approach in the value decay. 

The two phases can be represented in one only graph (Figure 19), they meet in the point 

(k,g) where g, is the decrease in interest on the day of the disuse threshold. 

 

 

Figure 19: Interest Value Dimension in standard condition 
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If we want to express in a compact and total shape this trend, we can write it as the 

following equation: 

 

𝑉𝑖𝑛𝑡𝑒𝑟𝑒𝑠𝑡 = {

𝑔 − 1

𝑘
∗ 𝑡 + 1   {𝑓𝑜𝑟  𝑥 ≥ 𝑘}

𝑔𝑘 ∗
1

𝑡
               {𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒}

 

 

However, it would be wishful to imagine that representing formally the interest 

dimension is so easy. In fact, we are not considering that after we have declared 

disused a data set, it can return to be utilized by the users. It often happens that some 

data sets that are considered no more useful return to be used for other scopes. 

In this case, the disuse threshold is underestimated, and the ageing value estimation 

must be restarted. In Figure 20 it can be seen the response of the system, in terms of 

change in the interest dimension, when a data set returns to be utilized after it 

traversed its disuse threshold. 

In fact, if we encounter a new usage during the disuse phase, the system stops the 

disuse decay and knowing that the data set is newly in use, returns to the initial ageing 

trend. Starting from the new usage, the counting of the disuse threshold restarts back, 

and a new disuse phase is repeated. 

 

 

Figure 20: Interest Value Dimension in standard conditions. 

 



Data set Value Model 45 

 

4.7 Deletion 
Deletion, despite its membership to the Irreversible DRSs, needs a different approach 

with respect of its category. 

Deletion is the operation that removes definitively a data set from the system, in this 

sense it is applied when the last copy that remains in the system is the original one, in 

the other cases we do not speak about deletion, but we speak about Deduplication. 

When a data set is deleted definitively from the system, we cannot speak about any 

one of the four dimensions (Completeness, Diffusion, Latency, Interest) because we do 

not have any more the data itself. Due to this consideration, the total value of a data 

set for which it is used the Deletion DRS it is set simply to zero. 

 

 

Figure 21: Deletion (on time t’) effect on total value 

4.8  Sizing α, β, γ, δ 
To Size correctly α, β, γ, δ we must start from the Data set Value formula: 

𝑉𝑡𝑜𝑡(𝑡, 𝑑𝑖) =  𝛼 𝐶(𝑡, 𝑑𝑖) +  𝛽 𝐿(𝑡, 𝑑𝑖) +  𝛾
1

𝐷(𝑡, 𝑑𝑖)
+  𝛿 𝐼(𝑡, 𝑑𝑖) 

For which it must be remembered that: 

α +  β +γ +  δ = 1 
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As it can be seen, the purpose of these coefficients is to assign different weights to the 

various components of the data set value (Vtot), to give them different importance in 

the total computation. 

The first observation that can be done is that, for sure, a not interesting data set does 

not matter if it has low latency, low completeness, or low diffusion, it will not be used. 

 

For this reason, we can immediately say that: 

• Interest > Completeness, Latency, Diffusion => δ > α, β, γ 

Assigning an order for the other three coefficients ( α, β, γ ), could not be immediate 

or generally possible. In fact, there can be data sets for which the completeness can 

result more important than the latency and the diffusion, but it is not the only 

possibility. For example, in some fields, it can result to be more important to have the 

data set available in truly little time rather than in their 100% complete shape. 

For this reason, the only possibility is to let the user of the framework decide, 

considering the nature of the data, the order of importance of α, β, γ. 

Another important consideration is the fact that, for how the model is built, it can be 

convenient to state that the Latency is more important than the Diffusion. This derives 

from the fact that otherwise, when we operate a deduplication, the total effect, 

considering Latency and Diffusion, would increase the total value of the data set. 

For this reason, a viable choice could be to impose: 

• Latency > Diffusion => β > γ 

In any case, the choice of a precise value for each of the parameters evaluated in this 

discussion is strictly dependent from the evaluation scenario and the type of data that 

have to be evaluated. For this reason, the proposed magnitude order for α, β, γ and δ 

has to be intended only as general advice, and the definitive values should be sized 

carefully only by the data owner, who knows in detail the characteristics of the 

datasets. 

 

  



A Value Driven Data Set Reduction Framework 47 

 

5. A Value Driven Data Set Reduction 

Framework 

The framework proposed in this chapter considers the need to discover and reduce the 

data waste that could be present in many data storage systems, and that causes an 

unnecessary waste of energy resources and storage capacity. This framework exploits 

the data set value model expressed in Chapter 4 and anticipates the effects of data 

reduction strategies on the data set value. In particular it provides support for two 

main activities: the data waste discovery and the data waste reduction. 

The researched data waste can be defined as a set of the data sets or portions of them 

that have no longer value to the owner, where data value is defined in terms of the 

already defined four dimensions: i.e., completeness, diffusion, latency and interest. 

 

5.1 The reference architecture 
To properly define the proposed data reduction framework, it is fundamental to clarify 

the reference architecture to which it can be applied.  

Hypothesis: The reference architecture is constituted of a distributed system composed by 

various storage nodes. Each of the nodes hosts applications to serve a set of final users that use 

data retained in the same node or in a connected one. To increase the user experience, the 

application working on a node could ask to duplicate or move a data set closer to the node. This 

operation improves the performance by reducing the latency when accessing the required data 

sets. 

This hypothesis has been introduced because the framework is designed to help data 

diffusion into various nodes without excessively incrementing the energetic burden of 

the systems. In this type of system, data are displaced in the various nodes and 

diffused when a node requires access to data not stored in its local storage. The data 

diffusion is performed by generating copies and sending them to the requiring nodes; 

in this document, this operation is referred to as Duplication. 
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Figure 22: An example of architecture in which the framework is applicable 

 

Figure 22 represents an example of an architecture composed of five nodes with their 

accessing users exchanging copies of data when requested. 

As highlighted by the figure, there is no need to specify any hierarchical structure for 

the architecture; in fact, the framework treats all the nodes as peers without electing a 

central node that coordinates all the others. 

This last consideration has been thought to make the framework as versatile as 

possible, also in the hierarchical architectures, without any difference in usage. In other 

words, the framework abstracts from the organisational structure that involves the 

storage nodes and considers them always as peers. 

5.1.1 Classification of Data Sets 

As introduced in Chapter 4 for the data set value model, the smaller data item 

considered in this thesis is the whole data set. All the operations that will  be suggested 

following the framework for freeing-up storage capacity in the system, will consider 

the metrics or features that characterize the whole data set, ignoring more specific 

ones. 
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As specified in the previous sections, data sets can be duplicated in the various nodes to 

facilitate data access of the different users distributed among the nodes. This 

possibility generates the distinction between: 

• Original Data sets 

• Copies 

Definition: An Original Data set is a data set located in its Owner node. 

Definition: A Copy is a data set deriving from an Original Data set’s duplication, requested 

from a leased node and completely equivalent to its original version. 

From this distinction, we can also define: 

Definition: Given an original data set, an Owner Node is the unique node of the distributed 

architecture from which it is hosted, and the reference node in case of duplication requests. 

Definition: For a data set, a Leased Node is a different node from its Owner Node.  

The distinction between Original Data sets and Copies comes from the need of 

distinguishing different reduction strategies for these two types of data items. 

This distinction makes it possible to apply more aggressive countermeasures against 

copies differently from the original data sets. In fact, copies can be requested back from 

the owner nodes and consequently considered more disposable than their original 

reference. 

5.1.2 Framework’s action perimeter 

All the optimisation countermeasures that the framework can provide to the system 

are restricted only to the data set lifecycle phases after  the system's insertion.  

For this reason, all the possible optimizations that can involve the collection (gathering 

and elaboration) and insertion lifecycle phases are not considered in the design of this 

framework.  

We can consider that the framework is designed only for systems already filled with 

their data in which there is the aim of reducing the energetic impact deriving from the 

data set retention using a data reduction strategy. In this sense, the framework acts as 

a posteriori tool and, for this reason, represents a versatile instrument that does not 

influence the data collection and insertion methodologies used by the framework’s 

hosting system. 
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5.2 Measures for the Data Waste 
In order to reduce in an effective way the data waste, we need to provide a 

methodology that avoids the loss of valuable data and encourages the reduction of 

useless data is needed. 

In this sense, the framework operates as a value driven tool that discovers the 

definitively disused data sets. Then ,it deteriorates them, using the various DRSs, 

before the data waste becomes an energetic burden for the system. 

The search of data waste is performed node by node, distinguishing the copies from 

the original datasets, and it is guided, in the absence of special cases, by the Disuse 

Threshold (DT) and by the Retention Limit (RL). Each data set, no matter if it is a 

copy or an original one, has a specific disuse threshold and retention limit, defined by 

the owner of the data at the moment of the arrival into its node. 

Copies are generally characterised by a lower disuse threshold and a lower retention 

limit than their original version; in fact, the eventual underestimation of the copies’ 

disuse threshold or retention limit that brings to a premature data reduction, can be 

easily reverted by re-duplicating the original data set. 

The framework uses the disuse threshold to discover the disused data sets and uses 

the retention limit to discover the aged data sets; if no disused or old data sets are 

located into the analysed node, the framework proceeds to analyse the next storage 

node. 

A framework that modifies the stored data sets, through the usage of various DRSs, 

needs a way of protecting or prioritizing the value decay of some special data sets. 

There can exist data sets that the various users of the system do not commonly use, 

but that are, in any case, fundamental for critical features of the system. At the 

opposite, it can be possible also to find data sets that are not still categorised as disused 

or expired but that the data owner knows are not useful. 

In these cases, the framework, that bases its data waste classification only on the usage 

of the Disuse Threshold and the Retention Limit, needs a more reliable way of 

managing this particular cases. 

Practical examples regarding these two macro categories can be: 

• Regularly used but defective data sets: can be important to delete them from 

the system because they can cause erroneous results. 

• Data sets we recognize as disposable immediately after being inserted into 

the system: in this case, we would have to wait for them until they exceed their 

disuse threshold or their retention limit to observe the framework's action. 
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To face these special cases, have been designed three flags. All these three flags are 

stated by the data owner and are referred to the wanted data set: 

• Off-Limits: Marks data sets that must be excluded from the framework’s 

usage, in order to avoid any type of value deterioration. 

• Disposable: Identifies data sets that turned out to be not useful. 

• Defective: Identifies data sets that can produce erroneous results because, for 

example, they contain defective data. 

5.3 Data Catalog 
For a framework that manages the data set lifecycle and follows the data set’s value 

evolution, it becomes fundamental to access a precise set of information regarding the 

data sets retained in each node. This set of information is commonly called metadata. 

The set of metadata used by the framework to characterize the data sets is exploited to 

define a data catalog , an organized inventory that indexes all the data sets.  

A data catalog can be structured in various ways but, in our system, we can use a 

straightforward form that contains only the positions of the various metadata 

corresponding to each data set. Usually, in systems designed for the usage of a data 

catalog, it is usually stored in a central node that is queried each time there is the need 

to know where a data item is located. However, given our type of distributed system, 

the data catalog itself can be also distributed into the various nodes, designing it to 

contain only the information about the data sets that the single node is retaining. 

5.3.1 Metadata 

Metadata are usually defined as “data about data” [18], or in other terms are data 

structures that contain information about the data items. Common metadata describe 

the size, the age or permissions of data and are used by the various system to organize 

and manage data. 

The framework proposed in this thesis uses metadata to maintain information on data 

sets. Metadata contain information the framework needs to enact a coherent reduction 

strategy. 
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Data set Metadata 

  

• Id: String • IsCopy: boolean 

• Size: Double • Substitutable: List <Dataset> 

• InsertionDate: date • IsDefective: boolean 

• LastUsage: date • IsOff-Limits: boolean 

• RetentionLimit: int • ReductionList: Map<Reduction Name, Date> 

• CopiesMap: Map <Dataset, Node> • Value: double 

• OwnerNode: Node • IsDisposable: boolean> 

• DisuseThreshold: int • AdmissedRedctions: List <Reductions 

  

Table 4: Sketch of the information contained into a data set’s metadata 

Table 4 shows the list of metadata used in the framework. The semantic of each 

metadata has been explained in the previous section in which they were referred as 

flags, marks or attributes. 

5.4 Framework’s design 
Being in a distributed architecture, the reduction of data waste needs to face all the 

difficulties that come from the presence of copies or original data sets. 

Even if the analysis of data waste is performed locally, the countermeasures applied 

must preserve the functionality of the whole distributed architecture. In this sense, 

every DRS’s application has to be commensurate in order to avoid the reduction of 

benefits deriving from the usage of a distributed architecture. 

The framework provides support for two main activities: 

• The data waste discovery 

• The data waste reduction 

The next sections will describe the framework following this distinction. After that, a 

compact and algorithmic form of the same framework is presented at the end of this 

chapter. 
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5.4.1 Data waste discovery 

As specified in the previous sections, each storage node in the system retains a set of 

data sets, each of which is coupled with a personal metadata that contains significative 

information about the data set itself. In this scenario we can imagine that in each node 

it is possible to access these information, that guide our data waste discovery activity.  

The data waste discovery activity proceeds node by node, analysing the metadata 

regarding the retained data sets. This activity is launched periodically, with a period 

“Troutine“ defined by the administrators for each data node. However, there is an extra 

possibility of starting manually the routine if needed, for example in situations in 

which is necessary extra storage into the system. Table 5 helps to visualize, using a 

tabular form, a possible node content enriched with the information retained for each 

data set. 

Dataset 

Id 
Last Usage 

Insertion 

Date 

Retention 

Limit 
Copy Value Status Flags 

Ds1 21/02/2022 01/01/2015 3650 d True 0.93 / Off-Limits 

Ds2 10/02/2022 01/06/2021 730 d False 0.60 / Defective 

Ds3 18/02/2022 20/03/2013 1825 d False 0.32 Expired / 

Ds4 20/02/2022 31/12/2019 1825 d True 0.78 / / 

Ds5 02/10/2020 01/10/2020 1825 d False 0.18 Disused Disposable 

Table 5: Example of a node’s content enriched with metadata 

 

Table 5 just reports a visual example of a node’s content, the complete set of metadata 

used by the framework is more complex and has been presented in the respective 

section; in the presented table, for each data set corresponds: 

• A Last Usage Date 

• An Insertion Date 

• A Retention Limit (in days) 

• A List of flags (set by the data owner) 

• A Copy Boolean 

• A Value 

From these metadata it is produced a Status, that combined with eventual Flags 

deriving from special cases (Section 5.2.1), constitutes the sufficient set of information 

that the framework will utilize to construct the data waste list for each node. 
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The status represents the lifecycle phase that the considered data set is traversing.  

It can be represented by three values: 

• “Expired” for data sets that have exceeded their Retention Limit into the 

system. 

• “Disused” for data sets that have exceeded their Disuse Threshold. 

• “ / ” or “Void” for all the other data sets. 

Note that for data sets that have both exceeded the Retention Limit and the Disuse 

Threshold, the status is represented by the couple Expired/Disused. 

Note that during data waste discovery activity, flags are also set; these flags, as already 

introduced, are expressed by the data owner and aim to represent special data sets for 

which the acceleration or the slowing-down of the lifecycle decay is needed.  

After all the Flags and the Status are set, we can generate a list of data sets that 

represent the data waste for the analysed node. 

All the data sets that have: 

•  Status ∈ {Disused, Expired, Expired/Disused} 

and/or  

•  Flag    ∈ {Off-Limits, Defective, Disposable} 

are inserted into the list of data waste. 

After the analysis of the considered node, the data waste discovery activity proceeds 

to analyse the next node until all the nodes have been analysed. This list will represent 

the source used from the data waste reduction activity for guiding a reduction 

strategy in the nodes. 

5.4.2 Data Waste reduction 

The second action planned in the framework is the data waste reduction. 

After the realisation of the data waste list, the role of the framework is to provide a 

useful tool to reduce the found data waste, using the data set value model as guideline. 

In the application of the framework Off-Limits data sets are the firsts to be checked: 

• Off-Limits data sets are removed from the data waste list and are completely 

ignored for every data waste reduction strategy; in fact, these data sets are 

particularly important for the data owner and, for this reason, need to be 

preserved integrally. 

After that, all the remaining data sets are divided between copies and original data 

sets. The framework threats these two types of data set in different ways in order to 

differentiate the data waste reduction strategy. 
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From this distinction, we can start the description of the framework’s functioning from 

the treatment of the copies. 

5.4.2.1 Copies’ reduction 

In the various nodes we can find copies that, after the data waste discovery activity, 

are inserted into the data waste list; basically we are talking about copies marked as 

Expired, Disused, Defective or Disposable (Off-Limits copies are excluded in the 

previous step). 

All these conditions attribute to the copies some different defects, but independently 

from the mark, the activity proposed from the framework is always the following: 

• Expired, Disused, Defective and Disposable copies are deleted in each 

analysed node. 

This aggressive countermeasure is possible because, the deletion of copies (i.e., the 

deduplication) is always a reversible DRS, in fact, in case they will be needed again, 

can be requested. Note that a similar countermeasure, especially when the DT and RL 

thresholds of the considered copies are not correctly dimensioned, can bring to a 

consequent reduction in performances. For this reason, it becomes important that the 

system administrator defines the mentioned threshold in such a way to preserve the 

desired Quality of Service (QoS) metrics. 

5.4.2.2 Original Data sets reduction 

Unlike the straightforward solution highlighted for the copies, the original data sets 

inserted into the data waste list need to face some other considerations to construct a 

data reduction strategy. 

As explained before, the complications come mainly from two possible cases: 

• Presence of copies in the other nodes that refer to the analysed data set. 

• Disused and Expired original data sets cannot be treated as aggressively as the 

copies; in fact, despite they are aged or not used, they are not necessarily 

useless, and an eventual premature deletion cannot be reverted. 

For these two reasons, we can apply a new strategy to address the data waste reduction 

when we are talking about original data sets. In particular, starting from the flagged 

ones: 

• Defective and Disposable original data sets are deleted. 
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In this case, we have to take care also of the presence of eventual copies referring to 

the deleted data sets. In fact, in case of an Original Data set’s deletion there are two 

options: 

• There is no copy of the considered data set in other nodes: 

There is nothing to specify, the deletion does not produce other effects. 

 

• There exists at least one copy of the considered data set in other nodes: 

The copies become “orphans” because they lose the referring original data set; 

we need to organize an original data set re-election. 

Once all the flagged original data sets are considered, the analysis moves on data sets 

having a status that is different from “Void” (i.e., “Disused” or “Expired” or both).  

For these data sets, following the set of applicable DRSs retrieved from metadata, the 

framework consists in simulating the change in the trend of the data set’s  total value 

for each of the applicable DRSs. 

The new trend is obtained by evaluating how each component of value (namely 

Completeness, Latency, Diffusion and Interest) changes through the application of the 

considered DRS. After that, all the trends deriving from each DRS’s application are 

overlapped and shown to the data owner in a format like the one depicted  in Figure 

23: 

 

Figure 23: Value Simulation deriving from various DRSs’ application. 
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Figure 23 represents, in diverse colours, an example of data set value simulation 

deriving from the application of three different DRSs. Curve n.1 (in red) describes the 

standard value decay path of a given data set, in t=40 days it is performed a data waste 

reduction activity, and they are proposed the various DRSs. The curves labelled with 

the numbers 2, 3 and 4 describe the future's prevision of the total data set value if we 

apply three different DRSs. Note that curve n.3 (in orange) describes the application 

of a reversible DRS, for example, a lossless compression. This DRS initially cuts the 

total value, but, in the case of new usages (like shown in t=50), all the lost value is fully 

recovered, except for the ageing component. All these curves are proposed, one above 

the other, to the data owner that analysing the various trends selects the most suitable 

DRS for the analysed data set. 

In case the data owner decides for one of the DRSs proposed in the application of the 

framework we have to distinguish three additional cases: 

1. An original data set that has at least one copy is deleted. 

Problem: In this case, all the copies that referred to the deleted original data set 

become orphans. 

Possible Solution: One of the referring copies is elected as the new original data 

set, and the eventual remaining copies start to refer to the new original data set. 

 

2. An original data set that has at least one copy is reversibly reduced. 

Problem: In this case, all the copies do not refer to a directly accessible data set; 

in fact, the reduced data set needs to be decompressed or to be “unfrozen“(i.e. 

token out from the glacier) before being newly usable. 

Possible Solution: This case can be seen as a non-problem; despite the data set 

having been reduced, its original form is fully recoverable. For this reason, the 

copies continue to refer to the same original data set that maintains the same 

role. 

 

3. An original data set that has at least one copy is irreversibly reduced. 

Problem: All the existing copies referring to the reduced data set lose the 

reference to the first version of the data set. In practice, they are completer than 

their reference. 

Possible Solution: The reduced data set becomes a completely new data set 

(with a new id). One of its copies is elected new original data set, and the 

remaining ones start to refer to the new original data set. Moreover, the old 

original data set (now irreversibly reduced) is marked as substitutable with the 

newly elected one. Figure 24 shows the third case. 
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Figure 24: Original data set re-election in case of irreversible DRS 

 

Definition: A data set A is said to be substitutable with data set B if its content is a subset of 

the content of data set B.  

The substitutability mark is assigned to an original data set that is irreversibly reduced 

and points towards the copy that assumes its role. 

5.4.2.3  Original data set’s re-election strategy 

As we have just seen, certain special cases exist in which it is necessary to re-elect the 

original data set. These cases coincide with the deletion or the irreversible reduction 

of an original data set, in which all the remaining copies all left without their original 

reference. 

When an original data set is deleted or irreversibly reduced before all its copies are 

removed from the system, it means that probably it is not anymore needed in the 

owner node but that other nodes in the system are continuing to use the copies. 

For this reason, it comes up the necessity of re-electing, searching through the copies, 

an original data set that will represent the reference for all the other copies. 
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Hence, are proposed three different re-election strategies that are inserted in increasing 

order of realisation complexity, each one with its strengths and weaknesses: 

1. The new original data set is selected randomly between all the copies. 

Strengths: Very rapid and computationally simple solution, it does not 

slowdown in any manner the hosting system. 

Weaknesses: It does not give to the data set and the system any placement 

advantage; in special cases, it can suffer repeated re-elections. 

 

2. The copy characterised by the highest value becomes the original data set; in 

case of parity, we choose randomly between the peers. 

Strengths: This solution limits eventual cases of repeated original data set re-

elections because it selects the copy that most likely has the most extended life, 

avoiding computational burdens on the host. Moreover, it is not so 

computationally expensive. 

Weaknesses: It does not give to the data set and the system any placement 

advantage. 

 

3. The node closest to most of the others that does not yet have a copy of the 

considered data set becomes the owner of the original data set.  

Strengths: The cost of all the possible future duplications is probably reduced 

because the nodes that do not yet have a copy will be, on average, closer to the 

ones that has the original data set.  

Weaknesses: Computationally very expensive; in special cases can suffer 

repeated re-elections. 

Each one of these three purposes can be more suitable for a particular type of system; 

for this reason, the choice of the best-suited one is left to the administrator of the 

framework’s hosting system.  

5.4.3 Algorithmic translation of the framework 

The first two algorithms describe concisely the functioning of the two modules that 

compose the framework. Finally, the third algorithm combines the first two as it can 

be done in a usage example. 

Algorithm 1 combines the two activities to describe the “out of the box” behaviour 

provided by the application of the framework. In particular, after initializing the 
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system with the nodes and their content, it calls the two framework activities (data 

waste discovery and data waste reduction) descripted in the algorithms two and three.  

Algorithm 2 (Data Waste Discovery) describes the functioning of the framework’s data 

waste discovery activity introduced in the Section 5.4.1. It takes as input the structure 

of the system and for each node of the system considers all the retained data sets. For 

each data set, the disuse threshold and the retention limit are considered. The data 

set’s status is set consequently. After that also the data owner special flags are set. 

Finally, all the data sets marked as Disused, Expired, Off-Limits, Defective, 

Disposable. The algorithm produces as output the list of data waste discovered in the 

nodes. 

Algorithm 3 (Data Waste Reduction) instead, describes the functioning of the 

framework’s data waste reduction activity introduced in Section 5.4.2. It takes as input 

the waste list produced by Algorithm 2. In particular, for each copy inserted by 

Algorithm 2 in the data waste list, if it is Disused, Expired, Defective or Disposable, it 

is deleted. After that, original data sets are considered. Between the original datasets, 

if the considered data set is Defective or Disposable , it is deleted. In the case in which 

the considered original data set is Disused or Expired, a set of DRSs is proposed. In 

this two last cases, when an irreversible DRS is applied and there exist copies of the 

considered data set, an original data set re-election is organised. 

 

 

Algorithm 1: Usage of the framework 

1: system = initializeSystem() 

2: wasteList = Data Waste Discovery(system) 

3: Data Waste Reduction(wasteList) 
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Algorithm 2: Data Waste Discovery(system) 

1: List <datasets> dataWaste 

2: foreach node : system.nodes 

3:    foreach dataset : node.datasets do 

4:    if dataset.lastUsage > dataset.disuseThreshold then 

5:    dataset.disused = true 

6    dataWaste.add(dataset) 

7:      end if 

8:    if dataset.age > dataset.retentionLimit then 

9:           dataset.expired = true 

10           dataWaste.add(dataset) 

11:       end if 

12:      dataset.setFlags() 

13:     end foreach 

14: end foreach 

15: foreach dataset : system.nodes  

16:       if !dataset.flags.isEmpty 

17:           dataWaste.add(dataset) 

18: end foreach 

19: return dataWaste 
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Algorithm 3: Data Waste Reduction (wasteList) 

1: foreach dataset : wasteList 

2:    if dataset.isOffLimits then 

3:    dataWaste.remove(dataset) 

4:      end if 

5:    if dataset.isCopy then 

6:              if dataset.isExpired || dataset.isDisused || dataset.isDefective  

7:                 || dataset.isDisposable then 

8:                  delete(dataset) 

9:              end if 

10:       end if 

11:       else if !dataset.isCopy then 

12:             if dataset.isDefective || dataset.isDisposable then 

13:                 if dataset.hasCopies then 

14:                      originalDatasetReElection(dataset) 

15:                 end if 

16:                 delete(dataset) 

17:             end if 

18:             else if dataset.isDisused || dataset.isExpired then 

19:                  selectedDRS = proposeDRSs(dataset) 

20:                  if selectedDRS = = “deletion” then 

21:                      originalDatasetReElection(dataset) 

22:                  end if 

23:                  else if selectedDRS.isIrreversible then 

24:                       originalDatasetReElection(dataset) 

25:                       dataset.id = generateNewId() 

26:                  end else if 

27:                  dataset.reduce(selectedDRS) 

28:             end else if 

29:       end else if 

30: end foreach 
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5.5 Estimating the energetic consumption 
The final step in the design of the framework is to propose a general guideline, useful 

to estimate the energetic reduction deriving from its application. 

To do this, a detailed analysis of the available literature has been done. 

The approach that has been followed is the research of studies that estimate the 

average power consumption per GB performed by data centres.  

It is important to specify that the literature, especially of papers written in the last five 

years, is reach of estimations about this measure. In fact, if we search in literature, we 

can find that storing and transferring in a data centre one gigabyte of data consumes 7 

KWh, or 3,9 KWh or 0,03 KWh or less: a huge variance [19]. The 7 KWh/GB datum is 

mentioned frequently, but it is worth noticing that is has been measured in 2009, when 

networks were much less energy efficient than now (usage of optic fibre has increased 

a lot the network infrastructure energy efficiency). For this reason, this datum and 

3,9KWh/GB have been excluded from the most recent studies. On the contrary, the 

most recent studies have shown that a more accurate estimation, taking into 

consideration the modern optimizations in the field of cooling systems and network 

infrastructures, is 0.23 KWh/GB [20]. It can be actually considered the more accredited 

one, due to the recent data used in the study and because it is the reference used from 

the International Energy Agency (IEA) at the global level. However, it has to be 

specified that this last datum considers both the energetic usage of transferring and 

retaining data into data centres. In the context of the application of this thesis, in order 

to correctly estimate the energetic reduction, we need to isolate the contribution of the 

data retention, discarding the transferring one. 

In this case, the studies that specify an estimation of the single retention contribute are 

three: 

• Shift Project: 0.072 KWh/GB [21] 

• International Energy Agency: 0.002 KWh/GB [22] 

• Borderstep Institute: 0.0321 KWh/GB [23] 

In order to use data as realistic as possible, in the following sections we will use an 

average of the three shown estimations: 0.0354 KWh/GB. 

This energy consumption can be used as general point of reference to understand the 

quantities involved in the problem. The case of study inserted in the Chapter 5 will add 

new elements to understand the impact of the framework usage in a common scenario.  
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6. Validation 
This chapter provides the reader with a synthetic case of application of the framework 

and the data value model in order to demonstrate its applicability and effectiveness in 

a data storage context. 

Section 6.1 describes the scenario that has been chosen to apply the framework and the 

data sets chosen to apply the data reduction strategies. Section 6.2 describes the 

software created for simulating the functionalities proposed in the framework. Section 

6.3 instead describes the choices made when selecting the application of the various 

DRS, showing how the implemented software helps the data owner to predict the data 

set value loss. Finally, Section 6.4 evaluates the results and effectiveness of the 

application of the framework in the selected context.  

6.1 Framework’s Validation Scenario 
In order to validate the functioning of the framework and the data set value model, a 

simplified scenario of a distributed architecture for the management of structured and 

unstructured data, was chosen. This scenario, in fact, does not take into consideration 

all the mechanics involved in a real distributed system. Using this simplification, we 

do not influence the outcome of the validation because the results are independent 

from the other specificities of a real distributed system. 

The chosen architecture consists of three storage nodes. Each of these nodes is accessed 

from a set of users who can only use data located in the nearest node. If a user needs a 

data set stored on another node, it is requested a duplication of the original data set, 

and a copy is passed to the node to which that user has access. Figure 25 schematically 

shows the architecture used in this scenario. 
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Figure 25: Proposed architecture for the validation scenario. 

 

The proposed architecture has been completed with the insertion of some data sets in 

the various nodes. 

In particular, it has been chosen five different data sets: 

1. Open Wifi Milano, Login giornalieri per zona [24] (CSV): Collects the number of 

daily logins to the WiFi network of Milan grouped for each different 

municipality from October 2019 to March 2022. 

2. Covid19-data set [25] (Images): Collects images of Chest X-rays useful to help 

preventing the Covid19 infection. 

3. ShakeFive2 data set [26] (Videos): A collection of videos regarding two person 

interacting each other in different ways. 

4. Set of scientific PDF articles (PDF): The collection of all the scientific PDF articles 

I’ve read for the realisation of this study.  

5. Casual generated (Date, Value) data set (CSV): Contains casual values inserted 

each 30 minutes from 01/01/2000 to 31/12/2011 (210385 entries) 

 

The choice of completely different data set types helps evaluate the framework's 

application with different data types. In this way, we can prove the adaptability of the 

framework in many scenarios. Furthermore, very concrete data sets (like the one 

provided by the municipality of Milan) has also been inserted to fully evaluate the 

effects of the data reduction on the authentic meaning of data. The casual generated 

data set has been inserted to evaluate the adaptability of the various data reduction 

strategies with data sets composed of many entries. 
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After that, data sets have been inserted casually into the nodes of the proposed 

architecture. The nodes have been filled also with various copies. Table 6,Table 7 and 

Table 8  briefly describe the content of the various nodes. 

 

Node 1  

Dataset Id Last Usage 
Insertion 

Date 

Retention 

Limit 

Disuse 

Threshold 
Copy Status Flags 

OpenWifi 21/02/2022 01/01/2022 3 y 20 d False Disused / 

Covid19 10/02/2022 01/06/2021 6 y 30 d False Disused / 

PDFArticles 18/03/2022 20/08/2021 0.5 y 30 d True Expired / 

Table 6: Content of Node 1 

 

Node 2  

Dataset Id Last Usage 
Insertion 

Date 

Retention 

Limit 

Disuse 

Threshold 
Copy Status Flags 

ShakeFive2 17/02/2022 01/01/2015 5 y 15 d False Expired / 

Casual 

Dataset 
10/02/2022 01/06/2021 3 y 30 d False Disused / 

Covid-19 14/03/2022 01/01/2022 1 y 15 d True / / 

Table 7: Content of Node 2 
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Node 3  

Dataset Id Last Usage 
Insertion 

Date 

Retention 

Limit 

Disuse 

Threshold 
Copy Status Flags 

PDFArticles 01/02/2022 01/01/2015 10 y 40 d False Disused / 

Casual 

Dataset 
10/03/2022 01/06/2018 3 y 20 d True Expired Off-Limits 

OpenWifi 19/03/2022 20/02/2022 0.5 y 15 d True / / 

Table 8: Content of Node 3 

6.2 Framework Simulator 
To simulate the application of the framework in the validation scenario introduced in 

the previous section, a java application has been developed. This application takes in 

input two different resources: 

1. A JSON file that contains the information about the architecture of the scenario. 

In particular, for each node are contained: 

o Id 

o Last Clean 

o Cleaning Frequency (in Days) 

Figure 26 contains the structure of this type of file: 

              

Figure 26: Sketch of nodes description JSON File 
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2.  A JSON file that contains information about the data sets. It represents an 

enriched data catalog because it contains both the position of the data set and 

some metadata that describes it. Figure 27 contains the structure of this type of 

file. 

 

 

Figure 27: Sketch of the Enriched Data Catalog JSON file. 

 

Once parsed these JSON files, the application compiles the internal model 

consequently. After that, the application retrieves the data waste and produces, for 

each node, an HTML report containing the DRSs simulations. The report is constructed 

using as support a script written in JavaScript that produces the graphs depicting the 

value simulation consequent to the various DRSs' application. Figure 28 shows an 

example of report produced by the java application. 

The proposed framework simulator is available at the GitHub repository: 

 github.com/antoniocastronuovo/thesis-framework-simulator.git 

https://github.com/antoniocastronuovo/thesis-framework-simulator
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Figure 28: Sketch of the HTML report produced using JavaScript 

6.3 Framework Simulation 
The first operation performed following the framework is the data waste discovery. 

The data waste discovery starts on 20/03/2022, every data in the following simulation 

will be calculated starting from this day. Moreover, for the data value dimensions the 

following parameters have been chosen: α = 0.3, β = 0.18, γ = 0.12, δ= 0.4. These value 

has been chosen following the hints provided in the Section 4.8. The following 

simulation has been performed applying only one cycle of data waste discovery and 

reduction, after that, the usage of the framework in the considered scenario has been 

stopped. 

All the nodes are analysed, and, in the selected scenario, the following data sets are 

selected and inserted in the data waste list: 

1. Node 1: 

o OpenWifi (Original) is disused 

o Covid19 (Original) is disused 

o PDFArticles (Copy) is expired 



70  

 

2. Node 2: 

o ShakeFive2 (Original) is Expired 

o Casual Data set (Original) is Disused 

3. Node 3: 

o PDFArticles (Original) is Disused 

 

Note that in Node 3, despite the Casual Data set copy is expired, it does not enter in 

the data waste set because has the Off-Limits Flag. 

The second operation performed following the framework is the data waste reduction. 

First of all, all the copies inserted in the data waste list are removed. 

PDF Articles copy is deleted from Node 1 

After that, they are analysed the original data set inserted in the data waste list. 

In Node 1, “OpenWifi” is marked as disused. OpenWifi is a csv data set composed by 

three columns: used API (to collect the data), Zone, Date, Value. 

Figure 29 shows a sketch of the data set content. 

 

 

Figure 29: Open WiFi data set content 

For this data set, two DRSs are proposed: 

• Deletion of the column “Tipologia_API” (Dimension Removing): This column is 

quite useless, contains the same data for all the 8011 entries of the data set. 

• Aggregation performed by month (Aggregation): After the aggregation we will 

have one row for each month and zone. Value is substituted with the average of 

the values in the selected month for the selected city zone. 

The java program produces the result in Figure 30. After the analysis of the two trends, 

the proposed aggregation DRS is applied. Figure 31 shows the new content of the 

Data set. Since Open Wifi data set has a copy in Node 3, an original data set re-election 
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is organized. The only copy becomes the new original data set. The reduced data set 

changes Id, it becomes “OpenWifi_Aggregated_1.1”. This last one becomes 

substitutable with the just elected original data set.  

 

Figure 30: DRSs value simulation for data set OpenWifi 

 

 

Figure 31: OpenWiFi data set aggregated per month 

 

In Node 1, “Covid19” is marked as disused. Covid19 is an image data set in PNG 

extension. For this data set, one DRS is proposed: 

• Image conversion to JPEG format (Multimedia Compression): 

The image conversion from the PNG format to JPEG format is a lossy 

compression techniques. The conversion has been configured for maintaining 

the 80% of quality with respect to the original data. 

The java program produces the result in Figure 32. The proposed Multimedia 

Compression DRS is applied. Since Covid19 data set has a copy in Node 2, an original 

data set re-election is organized. The only copy becomes the new original data set.  
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The reduced data set changes Id, it becomes “Covid19_ MultCompr_1.1”. This last one 

becomes substitutable with the just elected original data set. 

 

Figure 32: DRSs value simulation for data set Covid19 

In Node 2 “ShakeFive2” data set is marked as expired. ShakeFive2 is a video data set  

in MP4 extension. For this data set, one DRS is proposed: 

• Video resolution cutting (Multimedia Compression): 

The original videos have a 1080x720 resolution, the compressed ones have a 

new resolution of 720x480. This new resolution has been chosen because it 

represents the standard resolution slightly lower than the original. For 

simplicity we can assume that the Preserving Factor (PF) is: 
720 ∗ 480

1280 ∗ 720
=

3

8
= 0.375 

The java program produces the result in Figure 34. The proposed Multimedia 

Compression DRS is applied. Figure 33 shows the comparison between the 

uncompressed and the compressed video in a 10x zoom. Since ShakeFive2 data set has 

no copies in the other nodes, nothing else has to be done. 

                                            

Figure 33: Video frame comparison (10x) before (a) and after (b) the compression 
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Figure 34:  DRSs value simulation for ShakeFive2 data set. 

In Node 2 “Casual data set” data set is marked as disused. Casual data set is a CSV 

data set composed by two columns: date and value. Figure 35 shows a sketch of the 

data set content: 

 

Figure 35: Casual data set content 

For this data set, three DRSs are proposed: 

• Aggregation performed by hour (Aggregation) 

• Aggregation performed by 3 hours (Aggregation) 

• Aggregation performed by day (Aggregation) 
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The java program produces the result in Figure 36. After the analysis of the two trends, 

the second (in red) proposed aggregation DRS is applied (3 hours). Since Casual data 

set has a copy in Node 3, an original data set re-election is organized. The only copy 

becomes the new original data set. The reduced data set changes Id, it becomes 

“CasualDataset _Aggregated_1.1”. This last one becomes substitutable with the just 

elected original data set. 

 

Figure 36: DRSs value simulation for the Casual data set 

In Node 3 “PDFArticles” data set is marked as disused. PDFArticles is a PDF data set 

composed of scientific papers collected during the realisation of this study. As 

explained in Chapter 2, this type of data set cannot be reduced using lossy compression 

techniques. For this reason, two lossless compression formats have been proposed. 

• Compression into a 7Zip archive: (Lossless Compression) 

• Compression into a Rar archive: (Lossless Compression) 

The java program produces the result in Figure 37. The new Access time has been 

calculated by taking into consideration the experienced time of decompression on the 

same machine. After the analysis of the two trends, the second (in red) proposed 

aggregation DRS is applied (7zip archive). Since PDFArticles data set has a copy in 

Node 1, an original data set re-election is organized. The only copy becomes the new 

original data set. The reduced data set changes Id, it becomes “PDFArticles 

Compressed_1.1”. This last one becomes substitutable with the just elected original 

data set. 
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Figure 37: DRSs value simulation for PDFArticles data set 

At the end of the application of the framework, the nodes’ content is the following (the 

changes are underlined): 

 

Node 1  

Dataset Id Last Usage 
Insertion 

Date 

Retention 

Limit 

Disuse 

Threshold 
Copy Status Flags 

OpenWifi_1.1 20/03/2022 01/01/2022 3 y 20 d False / / 

Covid19_1.1 20/03/2022 01/06/2021 6 y 30 d False / / 

Table 9: Node 1 content after framework waste reduction 

 

Node 2  

Dataset Id Last Usage 
Insertion 

Date 

Retention 

Limit 

Disuse 

Threshold 
Copy Status Flags 

ShakeFive2_1.1 20/03/2022 01/01/2015 5 y 15 d False / / 

Casual 

Dataset_1.1 
20/03/2022 01/06/2021 3 y 30 d False / / 

Covid-19 14/03/2022 01/01/2022 1 y 15 d False / / 

Table 10: Node 2 content after framework waste reduction 
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Node 3  

Dataset Id 
Last 

Usage 

Insertion 

Date 

Retention 

Limit 

Disuse 

Threshold 
Copy Status Flags 

PDFArticles_1.1 20/03/2022 01/01/2015 10 y 40 d False / / 

Casual Dataset 10/03/2022 01/06/2018 3 y 20 d False Expired 
Off-

Limits 

OpenWifi 19/03/2022 20/02/2022 0.5 y 15 d False / / 

Table 11: Node 3 content after framework waste reduction 

6.4 Results 
A double evaluation of the saved storage capacity and the data set value lost has been 

performed to evaluate the framework results. Going into details, with regard to the 

saved storage capacity: 

Node 1, new occupied space ~ 26MB on a total of 813MB:  

• PDFArticle copy has been deleted 

• OpenWifi has been aggregated 

• Covid19 has been lossy compressed 

Node 2, new occupied space ~ 725MB on a total of 755.7MB : 

• ShakeFive2 has been lossy compressed 

• CasualDastaset has been aggregated 

Node 3, new occupied space ~ 77.8MB on a total of 166.6MB : 

• PDFArticle has been lossless compressed 

In conclusion, the saved space coming from the application of the framework is about 

52%. 

On the other hand, the sum of the total values possessed from the data sets in the 

considered scenario before starting the data waste reduction is 4,3596. After the data 

waste reduction operation, this total value goes down to 3.43112, configuring an 

estimated data set value keeping of 78.7%. 
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Putting together the two results, we can say that, in the considered scenario, the 

application of the framework can produce a storage space saving of 52% while 

preserving a data set value of 78.7%.  
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7. Conclusion and Future 

Development 

This thesis proposes an innovative approach to the topic of sustainability in the 

information technology field. In particular, by analysing the actual data regarding the 

impact of the entire ICT sector on the environment, an approach aimed at limiting the 

energetic waste deriving from the massive data storage has been defined. To achieve 

this objective, the thesis intervenes at the level of data lifecycle management. 

In fact, modern data storage systems often retain data they are no longer interested in, 

wasting data storage capacity and electric energy. These data constitute the so called 

“data waste”, and in this thesis, we aim to reduce it. To reduce the data waste, have 

been proposed a data set value model and a value driven framework. 

The data set value model represents a useful tool to evaluate the data set value for a 

storage system. It has been constructed considering four value dimensions that 

contribute together to compose a unique evaluation metric for a considered data set. 

This model has been utilised to guide the design of a framework that, following the 

data set value and using some data reduction strategies, introduces some rules to 

discover and reduce data waste. In particular, through the implementation of the 

framework, the data owner can visualise graphically the effects caused by the usage of 

some data reduction strategies on the data set value and plan in detail an informed 

data lifecycle management. 

The realisation of a java application that implements the functionalities of the 

framework has allowed an evaluation of the proposed framework's effectiveness in a 

typical usage scenario, where five completely different data sets, with a good variety 

of data types, were included. In this scenario, the application of the framework showed 

approximately a space-saving of 52% while preserving a data set value of 78.7%. 

The proposed study can be considered as part of a relatively new field, and for this 

reason, various perspectives for future developments could be proposed. 

One of the most interesting possible future work can be represented by the realization 

of a smart system that automatically proposes a set of possible data reduction 

strategies that can be applied to the data set by analysing the data set content. In this 

sense, the system can automatically propose and apply the various data reduction 

strategies. As a starting point for this possible future development, the approach 

introduced in the iCostale [27] project can be particularly useful.  
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In this project, an automatic selection of lossless compression algorithms is proposed, 

taking into account data type, access frequency and cost of compression. 

Figure 38 [27] represents a sketch of the knowledge base that iCostale has built in the 

training phase. This knowledge base regards the performances of some lossless 

compression algorithms when applied on different data types. 

 

 

Figure 38: iCostale compression algorithms comparison [27] 

Moreover, a complete simulation of the framework in a real distributed storage system 

can represent a very interesting case of validation for the entire work. This type of 

validation can bring to the estimation of more accurate conclusions and can bring us 

to measure the precise quantity of saved energy . 
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List of Symbols  

Variable Description 
SI 

unit 

k Disuse Threshold Day 

g Interest Decay on disuse Threshold / 

   

 

  



88  

 

 

List of abbreviations  

 

Abbreviation Stands For 

DRS Data reduction Strategy 

DRSs Data Reduction Strategies 

ILM Information Lifecycle Management 

DLM Data lifecycle Management 

DT Disuse Threshold 

RL Retention Limit 

AF Aggregation Factor 

PF Preserving Factor 
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