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Abstract  

The resolution for the 2030 Agenda announced 17 Sustainable Development Goals (SDGs) in September 

2015. Many governments are currently committed to achieving these objectives. To date, indicator 

frameworks have gained popularity as a useful tool for benchmarking, public communication, and policy 

making. They will serve as the cornerstone of tracking the SDGs' development at all levels (i.e. local, 

national, regional and global). In particular, Bayesian Networks (BNs) have grown in favor among experts 

as a way to examine interdependencies and cause-and-effect linkages while simulating complicated issues 

that contain many interconnected variables. In fact, Bayesian Networks are recognized as one of the finest 

models for embracing the intrinsic multidimensionality of this kind of set indicator. The overarching aim 

of this work is to implement Bayesian Networks for the SDGs atomic indicators in order to answer three 

main research questions: I) What is the structure of the relationships among the SDGs atomic indicators in 

terms of conditional independence statements; II) What role do the Italian regions and autonomous 

provinces play in the overall SDGs system of indicators; III) To what extent does the relationship structure 

reflect the current SDGs theoretical framework. The first two questions are primarily concerned with the 

possibility of identifying mechanisms that can guide resource allocation when it comes to policy decisions. 

To differentiate the level of analysis, the flexibility of Bayesian Networks is used in formalizing prior 

information and propose two different approaches, with Approach 1 focusing exclusively on relationships 

among the SDGs atomic indicators and Approach 2 devoted to capturing interrelationships among the 

regions.  

 



Introduction  

 

The UN resolution for the 2030 Agenda announced 17 Sustainable Development Goals (SDGs) in 

September 2015. Such goals are meant to address the institutional and governance aspects of the three 

pillars of sustainable development (SD), which are environmental, social, and economic (Costanza et 

al.,2016). Many governments are currently committed to achieving these objectives. To this goal, the 

subnational governments are crucial to the local level implementation of the SDGs. As an example, the 

"National Strategy for Sustainable Development" (NSDS) for 2017–2030 in Italy outlined an integrated 

system of targets and activities for directing policies and interventions towards SDGs. Italian subnational 

governments (Regions and Autonomous Provinces) are required to adapt the NSDS to their contexts in light 

of distinct territorial features and priorities. It is sufficient to note that the NSDS predicts in its most recent 

Report that 105 of the 169 SDGs targets (or 62 percent) will not be met without the cooperation of 

subnational governments in order to comprehend the significance of territories (ASviS Report, 2021). 

The 193 UN Member States' performance toward the Sustainable Development Goals is assessed in the 

Sustainable Development Report. The worldwide SDG Index and Dashboards are included in the 

Sustainable Development Report 2022 in their seventh iteration. It is not an official SDG monitoring tool, 

but rather an addition to the collection and standardization efforts made by international organizations and 

national statistical agencies. A country's position between the worst possible scenario (zero) and the best, 

or goal outcome, is indicated by the resulting SDG Index (100). For instance, Finland's overall index score 

of 86.51% indicates that the country is currently 87 percent of the way toward achieving all 17 of the goals. 

As in previous editions, three Nordic countries top the 2022 SDG Index: Finland, Denmark and Sweden. 

Italy, on the other hand, ranks 25th with a score of 78.34, just behind the Slovak Republic. More often than 

not, low-income countries tend to have lower SDG Index scores. This is partly due to the nature of the 

SDGs' nature, which places a significant emphasis on eradicating extreme poverty and ensuring that 

everyone has access to essential services and infrastructure (SDGs 1–9). In addition, less developed nations 

frequently lack the necessary infrastructure and management tools to handle the major environmental issues 

covered by SDGs 12 through 15. Still, most low-income nations were making progress toward eradicating 

extreme poverty and ensuring access to basic services and infrastructure before the pandemic struck, 

especially with regard to SDG 3 (Good Health and Well-Being) and SDG 8 - with the exception of those 

experiencing ongoing armed conflict or civil war (Decent Work and Economic Growth). The COVID-19 

pandemic and the well-known conflict that arose as a result of Russia's invasion of Ukraine, have both 

caused the advancement of the SDGs to be reversed. 

However, from the standpoint of social welfare and sustainable development, a country's performance is 

not solely based on its GDP. In reality, the OECD has acknowledged the significance of developing a way 

to gauge social progress beyond GDP since 2001. (Istanbul Declaration, 2007). The "Beyond GDP" effort 

was launched by the European Commission in 2009 with the goal of creating measures that better account 

for social and environmental progress. The European Commission acknowledged the need for appropriate 



indicators to address the global challenges of the twenty-first century, such as climate change, poverty, 

resource depletion, health, and quality of life, and that economic indicators such as GDP were never 

intended to be comprehensive measures of prosperity and well-being. Of course, this is exactly the lens 

through which the Sustainable Development Goals established in the United Nations-endorsed 2030 

Agenda is viewed. To date, indicator frameworks have gained popularity as a useful tool for benchmarking, 

public communication, and policy making (Nardo et al., 2005; Singh et al., 2009). They will serve as the 

cornerstone of tracking the SDGs' development at all levels (i.e. local, national, regional and global). In 

particular, Bayesian Networks (BNs) have grown in favor among experts as a way to examine 

interdependencies and cause-and-effect linkages while simulating complicated issues that contain many 

interconnected variables (Aguilera et al., 2011; Marcot, 2017; Marcot and Penman, 2019). BNs are 

probabilistic graphical models made up of nodes (variables), connections (indicating cause-and-effect 

interactions), and conditional probability tables (quantification of the dependencies among nodes). BNs 

flexibility is frequently used in scenario simulation and analysis (e.g., Bromley et al., 2005; Dang et al., 

2019; Eldridge et al., 2019; Gonzalez-Redin et al., 2019); however, it has also been used to identify the key 

variables that affect elements of interest (Li et al., 2019; Song et al., 2018), to recreate hierarchical 

composite indicators. 

According to Onori and Jona Lasinio's (2020) study on the BES system of indicators, the Bayesian 

Networks are recognized as one of the finest models for embracing the intrinsic multidimensionality of this 

kind of set indicator. In the study, a multivariate class of Bayesian Networks (BNs) models has been put in 

place and diverse geographical scales have been tested in order to investigate any potential relationship 

between the BES atomic indicators and the BES domain and to find the best clustering of the Italian regions 

that would enable these connections to emerge.  

By using the prior study as a point of reflection, this study will make an effort to replicate a comparable 

study using a new dataset. The main difference is that in the present study, the atomic indicators are made 

up of UN 2030 Agenda Sustainable Development Goals targets, whereas in the previous study, they were 

made up of BES indicators. For this reason, the Italian regions and autonomous provinces taken into account 

have been used in place of the corresponding BES domains. As will be explained below, the targets 

considered have been taken by the ASviS Report 2021, which collects and analyzes information regarding 

Italy's position with respect to the achievement of the sustainable development goals.  

The overarching aim of this work is to implement Bayesian Networks for the SDGs atomic indicators in 

order to answer three main research questions: 

1. What is the structure of the relationships among the SDGs atomic indicators in terms of conditional 

independence statements? 

2. What role do the Italian regions and autonomous provinces play in the overall SDGs system of 

indicators, and how do they relate to one another? 

3. To what extent does the relationship structure reflect the current SDGs theoretical framework? 



The first two questions are primarily concerned with the possibility of identifying mechanisms that can 

guide resource allocation when it comes to policy decisions. This specifically manifests in identifying either 

SDGs atomic indicators or domains that play a critical role in disseminating information across the network, 

as well as groups of either indicators or domains that are inextricably linked to one another. To differentiate 

the level of analysis, the flexibility of Bayesian Networks is used in formalizing prior information and 

propose two different prior approaches, with Approach 1 focusing exclusively on relationships among the 

SDGs atomic indicators and Approach 2 devoted to capturing interrelationships among the domains. The 

geographical scale used to observe the relationships described above is firstly regional and then divided in 

macro-areas (i.e. North, Center and South of Italy). 

With the eventual goal of creating an SDG index applicable to Italian regions and autonomous provinces, 

a dataset was created to achieve this classification by taking into account a total of 21 observations, which 

correspond to Italian regions and autonomous provinces, and 28 variables, which correspond to the targets 

in the Sustainable Development Goals taken into consideration for this study.  

The study will proceed as follows. The methodology used to choose the data will be described in Chapter 

2 along with a descriptive analysis of the same. Chapter 3 will briefly review the statistical tools, specifically 

the Bayesian Networks’ theoretical framework and functioning. The explanation of the outcomes of the 

aforementioned from implementation of the Bayesian Networks on the SDGs dataset will take up Chapter 

4. The study will come to some final remarks on the obtained results and discuss potential directions for 

more research in the future. 

 

2 Methodology  

 

To execute the statistical study explained, it has been necessary to consider a dataset similar to the one used 

by the experts in the study "Modeling “Equitable and Sustainable Well‑being” (BES) Using Bayesian 

Networks: A Case Study of the Italian Regions" (Onori and Jona Lasinio, 2020). At the end, this dataset 

will consist of 21 rows and 29 columns. The following sections are going to show how the data were 

selected and arranged to build the dataset that has been employed for the analysis. 

 

 

2.1 Data selection and data pre-process  

 

As far as the variables are concerned, the data on the Sustainable Development Goals included in the UN 

Agenda 2030 have been gathered starting from the Alleanza Italiana per lo Sviluppo Sostenibile Report 

2021 (ASvis Report). In particular, the ASviS Report is a special unique tool that collects and analyzes data 

on how regions, provinces, metropolitan areas, urban areas, and municipalities rank in relation to the 17 

UN Sustainable Development Goals using basic and composite statistical indicators (SDGs). The ASviS 



report's data are among the most current and trustworthy since it not only offers updates on the international 

community's commitment to putting the UN 2030 Agenda for Sustainable Development into practice, but 

also focuses on the national context. This is accomplished by examining the development of our country 

both at the macro and micro levels, conducting in-depth analyses of each Goal individually as well as at the 

macro level to evaluate the commitments of the Italian government and society. The numerous dimensions 

of sustainable development are measured using indicators that have been chosen and examined from the 

most significant government sources (Eurostat, Istat, Bank of Italy, Ispra and others). Besides that, ASviS 

creates summary indicators that allow for the tracking of the progress made by Europe, Italy, and its regions 

in relation to each of the 17 Goals over time. These elaborations enable the representation of a set of 

indicators within the same analytical domain and geographical area through a single index that is simple to 

understand. Moreover, the ASviS uses the Adjusted-Mazziotta-Pareto-Index (AMPI) in the construction of 

national and regional composites given its characteristics that allow for comparisons between spatial units 

over time and space and while still respecting the desirable properties of a composite index. The AMPI 

makes it possible to provide a synthetic measure of a multidimensional phenomenon, under the assumption 

that each component is not fully substitutable for the others (Mazziotta and Pareto, 2018). It is based on a 

mathematical function that, starting from the arithmetic mean of the normalized indicators, introduces a 

penalty for units with unbalanced values of the simple indicators used. Last but not least, since the data are 

already broken down by geographical territory, the report is beneficial for the analysis that will be 

conducted. 

Notably, the aforementioned data is all numerical due to the fact that it shows how far away the quantitative 

Sustainability targets are from being met by 2030 when it comes to the Italian regions. The data that have 

been gathered cover the most recent years, ranging from 2018 to 2021. 

BNs are only entirely functional in absence of missing values. In case of missing data for the targets taken 

as a reference, research was conducted on the previous Asvis Report available (i.e. ASviS Report 2020) 

with the aim of the most truthful and up to date representation possible. In particular, with regard to 

objective 14.5 alone, which intends to achieve the 30% share of marine protected areas by 2030, data are 

missing from 6 regions and autonomous provinces out of a total of 21. The average of the target values was 

then used to fill in the blanks left by the missing values. However, as the data for the autonomous provinces 

of Bolzano and Trento as well as the regions of Piedmont, Valle D'Aosta, Lombardy, and Umbria are 

precisely missing, the origin of these missing figures may be simply understood. Since none of these regions 

have a coastline, missing values are to be expected for this specific target. Additionally, of the 588 total 

data in the sample, the missing data account for 1% thus making the absence of data for these regions and 

autonomous provinces not really relevant to the analysis.  

Once the data was collected, each Italian region was matched with the appropriate SDG-related variables 

in a dataset with 21 observations and 29 variables that was developed. Table 1 presents the final list of 



indicators, their definition and the custodian agency in charge of data reporting. 

 

Table 1 - SDG indicators employed in the data-driven Bayesian Network analysis. Source: ASviS Report, 2021. 



 

It is important to specify that no data was available when it came to SDG 17 (i.e. Partnerships for the Goals: 

Revitalize strong global partnerships for sustainable development). The indicators (i.e. targets) were 

divided into the following macro-variables as a consequence of the analysis only taking into account the 

first 16 SDGs: 

➢ SDG1 No Poverty - end poverty in all its forms everywhere 

➢ SDG2 Zero Hunger - end hunger, achieve food security and improved nutrition and promote 

sustainable agriculture 

➢ SDG3 Good Health and Well-being - ensure healthy lives and promote well-being for all at all ages 

➢ SDG4 Quality Education - ensure inclusive and equitable quality education and promote lifelong 

learning opportunities for all 

➢ SDG5 Gender Equality - achieve gender equality and empower all women and girls 

➢ SDG6 Clean Water and Sanitation - ensure availability and sustainable management of water and 

sanitation for all 

➢ SDG7 Affordable and Clean Energy - ensure access to affordable, reliable, sustainable and modern 

energy for all 

➢ SDG8 Decent Work and Economic Growth - promote sustained, inclusive and sustainable economic 

growth, full and productive employment and decent work for all 

➢ SDG9 Industry, Innovation and Infrastructure - build resilient infrastructure, promote inclusive and 

sustainable industrialization and foster innovation 

➢ SDG10 Reduced Inequalities - reduce inequality within and among countries 

➢ SDG11 Sustainable Cities and Communities - make cities and human settlements inclusive, safe, 

resilient and sustainable 

➢ SDG12 Responsible Consumption and Production - ensure sustainable consumption and production 

patterns 

➢ SDG13 Climate Action - take urgent action to combat climate change and its impacts 

➢ SDG14 Life Below Water - conserve and sustainably use the oceans, seas, and marine resources for 

sustainable development 

➢ SDG15 Life on Land - protect, restore and promote sustainable use of terrestrial ecosystems, 

sustainably manage forests, combat desertification, and halt and reverse land degradation and halt 

biodiversity loss 

➢ SDG16 Peace, Justice and Strong Institutions - promote peaceful and inclusive societies for 

sustainable development, provide access to justice for all and build effective, accountable and 

inclusive institutions at all levels 

 

Prior to moving to BN analysis, the indicators were made consistent by following two steps. Since some 

targets represent a "less is better" type of target, these were transformed into a "more is better" type of 

https://www.globalgoals.org/17-partnerships-for-the-goals


targets by subtracting the indicator value from 100. For instance, the complementary value was calculated 

in order to evaluate indicators like Target 8.6, which is the reduction of the share of NEETs and represents 

a "less is better" target. On the other hand, the scale was fixed for cases that were comparable to SDG 

indicator 7.2 (energy production from renewable sources), which is a "more is better" indicator and is 

expressed as a percentage. This final stage will make it possible to determine, at a preliminary level, which 

Italian regions and autonomous provinces are now performing at the highest levels for each target under 

discussion and, accordingly, for each of the Sustainable Development Goals. Nonetheless, this final aspect 

will be addressed in more detail in the following section. Indicators expressed as percentages were kept 

unchanged. The second step was required due to the fact that not all the indicators were expressed by using 

percentage values, but their units of measurement were vastly different. To ensure that the order of 

magnitude was not an impediment to the analysis, the quantitative variables were isolated and normalized 

using R's scale() function. A new definitive dataset was then created, comprehending all the quantitative 

variables with mean equal to 0 and variance equal to 1, to which the column containing the regions was 

added.  

Going back to the above division in macro-variables, these will correspond to the 16 SDGs. Within these, 

a number of atomic indicators (i.e. targets) are chosen in order to track all pertinent features. Leaving out 

SDG 17, at present a total of 150 targets for the remaining 16 SDGs have been identified. Among these, 28 

are grouped annually into composite indicators using the Adjusted Mazziotta-Pareto Index, according to 

the timeliness, availability of the time series, and capacity to accurately represent each Sustainable 

Development Goal (see Table 1). As anticipated in the introductory section, geographic information is at 

first kept at the regional level since the ASviS Report provides the information broken down on a regional 

basis. As a result, the dataset has only one discrete-type variable that reaches a maximum of 21 values (the 

total of Italian regions and autonomous provinces). The following section will proceed with a more in-depth 

analysis of the variables contained in the dataset in order to formulate some preliminary hypotheses that 

will then be tested using the Bayesian model. 

 

 

2.2. Descriptive analysis of the data  

A thorough descriptive analysis of the data must be conducted before moving on to the description of the 

model that will be used to analyze it. The descriptive analysis is highly beneficial as it discloses more about 

the dataset's construction and, more significantly, enables it to identify preliminary regional disparities and 

the causes of those differences. Additionally, it's interesting to compare and contrast the initial outcomes of 

a descriptive analysis with those that will be obtained by applying the Bayesian Networks model. 

As mentioned in the previous section, the dataset includes 28 targets for each of Italy's 21 regions and 

autonomous provinces. Furthermore, each of these 28 targets can be grouped into the corresponding 



Sustainable Development Goal. As evidenced by the pie chart (Figure 1), not all SDGs contain the same 

number of targets.  

 

Figure 1 - Pie Chart of Sustainable Development Goals 

 

For this analysis in particular, SDG 1 (No Poverty) contains only one target (1.2), SDG 2 (Zero Hunger) 

contains two targets (2.4), SDG 3 (Good Health and Well-being) has two targets (3.4, 3.6), SDG 4 (Quality 

Education) has four targets (4. 1, 4.3), SDG 5 (Gender Equality) has one target (5.5), SDG 6 (Clear Water 

and Sanitation) contains two targets (6.3, 6.4), SDG 7 (Affordable and Clean Energy) contains two targets 

(7.2, 7.3), SDG 8 (Decent Work and Economic Growth) includes (8.5, 8. 6) SDG 9 (Industry, Innovation 

and Infrastructure) includes two targets (9.5, 9.c), SDG 10 (Reduced Inequalities) comprises one target 

(10.1), SDG 11 (Sustainable Cities and Communities) comprises two targets (11.2, 11.6), SDG 12 

(Responsible Consumption and Production) has one target (12. 4), SDG 13 (Climate Action) has only one 

target (13.2), SDG 14 (Life Below Water) includes only one target (14.5), SDG 15 (Life on Land) and SDG 

16 (Peace, Justice and Strong Institutions) finally each contains two targets, 15.3, 15.5, 16.3 and 16.7 

respectively. A preliminary observation can be made here. The number of indicators chosen corresponds to 

this breakdown, just as the United Nations has identified a different number of targets for each Sustainable 

Development Goal. This could be due to the fact that some SDGs are more complex than others, 

necessitating the use of more indicators to describe them. According to the graph above, SDG 4 (education 

quality) accounts for 14.3 percent (four variables) of the total number of targets. 

Afterwards, it is interesting to examine the correlation among the targets to observe which and how many 

targets are positively correlated. Most SDGs are expected to have a highly positive correlation based on the 

assumption that the progress in one SDG may be a goal that promotes progress in other SDGs. A correlation 

matrix was created to observe Pearson's correlation coefficients in order to verify this hypothesis (Figure 

2). The Pearson's correlation coefficient is an index that represents any linearity relationship between two 



statistical variables and can take values between -1 and +1, where +1 corresponds to perfect positive linear 

correlation, 0 corresponds to no linear correlation, and -1 corresponds to perfect negative linear correlation.  

 

 

Figure 2 - Correlation Matrix of SDG Targets 

 

The graph above demonstrates how most of the targets have a high degree of correlation with one another, 

either favorably or negatively. For the purposes of this analysis, a correlation is deemed high if its absolute 

value falls between 0.6 and 0.8. Particularly, there is a significant positive correlation between Targets 8.6, 

5.5, 16.7, and 2.4.2. Targets 6.4, 12.4, 4.1.3, 3.4, 10.4, 4.3, 7.3, 4.1, 4.1.2, 1.2, and 8.5 are similar to each 

other. The first group's targets, which have a high positive correlation with one another, are negatively 

linked with the second group's targets. The Network Bayesian model that follows will help to better 

understand this phenomenon. 

Further analysis reveals that some targets that correspond to the same Sustainable Development Goal have 

a high negative correlation with one another. For instance, although being indicators of the same SDG 

(SDG8), Target 8.6 and Target 8.5 have a correlation rating of -0.98, which is equivalent to a complete 



negative correlation. This occurs because Target 8.5 focuses on obtaining a high level of employment while 

Target 8.6 focuses on lowering the rate of unemployment. It is therefore natural for one to improve while 

the other deteriorates, and vice versa. In contrast, Targets 4.1 and 4.1.2, which are related to the same SDG 

(i.e. SDG4), have a correlation index of 0.98 since they both aim to reduce the number of students who do 

not meet the required minimum standards for both literacy and numeracy. 

In light of these findings, precisely correlated targets won't be taken into account while building the BN 

model. Similar to this, it is evident that a significant fraction of the targets have little to no correlation with 

one another. Targets 14.5, 15.3, 6.3, 9.5, and 16.3 in particular exhibit modest correlations with one another, 

with correlation indices having absolute values less than or equal to 0.4. As was done before, it is possible 

to draw attention to the existence of targets that, despite being indicators of the same SDG, have only a 

weak negative correlation with one another. More specifically, Targets 3.4 and 3.6, for example, have a 

correlation index of -0.36, Targets 15.3 and 15.5 (-0.04), and Targets 11.2 and 11.6 (-0.04). (-0.63). The 

remaining targets are finally connected by a weak sort of correlation, which may be positive or negative.  

A further interesting analysis that can be carried out is to examine the positioning of the targets in the 

various Italian regions and autonomous provinces in order to determine which regions have made the most 

progress toward achieving the sustainable development targets. Based on previous studies (ASviS Report, 

2020) and because the selected targets indicate the quantitative distance to achieving the SDGs of the UN 

2030 Agenda, it is expected that regions in northern Italy (i.e. Liguria, Piemonte, Valle D'Aosta, Lombardia, 

Emilia-Romagna, Autonomous Province of Trento, Autonomous Province of Bolzano, Veneto and Friuli 

Venezia Giulia) and the autonomous provinces of Bolzano and Trento would therefore perform better than 

regions in central and southern Italy. Furthermore, because the condition has been imposed that a target 

with a higher value indicates better performance, it is expected that the above-mentioned regions and 

autonomous provinces would have higher values, corresponding to better performance than the others. 

Since the Italian regions and autonomous provinces are represented by qualitative variables, it is necessary 

to proceed with the construction of mosaic plots for each of the 28 targets in order to test this hypothesis 

(characters).  



 

Figure 3 - Target 1.2 among Italian regions 

 

For instance, based on the graph related to the analysis of target 1.2 (Figure 3) - which corresponds to the 

target of reducing the number of people at risk of poverty or social exclusion by 20% by 2019 - it can 

already be argued that the northern Italian regions and the autonomous provinces of Bolzano and Trento 

have higher values than the others. The use of colors best exemplifies this result visually. Indeed, higher 

values within the target of reference are represented by bars that are most closely colored green; reddish 

bars, on the other hand, indicate lower values and, thus, worse performance. Figure 3 demonstrates that the 

regions with the highest values within Target 1.2 to date are Valle d'Aosta, Veneto, and the Autonomous 

Province of Bolzano. The target associated with Target 1.2, which is to reduce the number of individuals at 

risk of poverty or social exclusion by 20% compared to 2019, is currently being most closely met by these 

three territories. In fact, keep in mind that the Targets quantify how far different regions are from attaining 

the Sustainable Development Goals. Additionally, while looking at the areas with the lowest values, it is 

noticed that Campania, Calabria, and Sicily have the worst performance. The regions of central Italy behave 

as predicted, with values that fall between the greater values of the northern regions and the lower values 

of the southern regions. 

As a result, the initial hypothesis for Target 1.2 is verified, as it can be claimed that the northern Italian 

regions have higher values, and that as one proceeds farther south, the values decline and the performance 

worsens. Despite the results recently acquired, Target 1.2 is merely one of the 28 being taken into 

consideration. In order to improve the analysis, it is necessary to evaluate how the Italian regions are 

situated in relation to each target. This serves two fundamental purposes: avoiding generalizations that may 

not necessarily apply in reality and identifying any situations that might serve as exceptions. Accordingly, 

it's crucial to check to determine whether there are any targets for which the trend anticipated for the regions 

is different or even the opposite. Proceeding with the analysis (Figures 1 to 26 - Appendix - Figures), it is 



shown that, when considering the targets connected to SDG2 regarding the development of sustainable 

agriculture, it is the northern Italian regions that exhibit the lowest values for Targets 2.4 to 2.4.2. The initial 

assumption does not apply to this particular figure. Similar to Objective 3.6, which focuses on reducing 

traffic fatalities, Campania, Calabria, and Molise have the highest values within the target. The same 

findings apply to Target 5.5, which aims to reduce the gender pay gap by half by 2020, Target 8.6, which 

aims to lower the share of NEETs to below 9 percent (as already seen, Target 8.6 is highly negatively 

correlated with Target 8.5, which in fact places Italian regions within it differently than Target 8.6), and 

Target 16.7, which aims to shorten the average length of civil cases. In contrast, a diverse scenario can be 

seen in relation to Targets 6.3, 7.2, 9.c, 11.2, 13.2, and 15.5, where regions in northern and southern Italy 

are both in the positions corresponding to higher values and vice versa. As the investigation continues, two 

further intriguing events can be seen. When considering Target 11.6, which calls for lowering the number 

of days per year that the PM10 (particulate matter) limit is exceeded, it is clear that the areas with higher 

values correspond to those with lower population densities and territorial extensions (i.e., Molise, 

Autonomous Province of Bolzano and Autonomous Province of Trento). The areas that perform the worst, 

however, are Piedmont, Lombardy, and Veneto (Figure 4). In fact, these are the Italian regions with the 

highest population densities and thus the highest levels of pollution, making it more challenging to meet 

this goal.  

 

Figure 4 - Target 11.6 among Italian regions 

 

Target 14.5 is the final special case that can be deduced from the analysis. This aim refers to the preservation 

of marine areas, as was foreseen in the preceding section. As a result, areas without coastlines exhibit values 

that are often similar to those of the other variables in the dataset that are relevant to this aim. As a result, 

in order to do an analysis that excluded the aforementioned locations, they were eliminated, and a new 

mosaic plot (Figures 22 - Appendix - Figures) was created that only considered regions that face the sea. 

Figure 26 shows that Tuscany, Sicily, and Campania are the regions with higher values within Target 14.5 



and are therefore more developed in terms of protecting maritime areas. The lowest values are found in the 

regions of Veneto, Marche, Molise, and Basilicata. This conclusion may be explained by the first group of 

regions having a more tourist-friendly coastline, which leads to better control and protection of maritime 

resources. Additionally, Target 14.5 is one of those that are only weakly connected with all the others, 

according to the correlation matrix that was previously produced. It can be thus concluded that the 

performance of regions within the other targets has no bearing on the performance of regions within this 

target. In light of these findings, it can be argued that since the targets represent a distance in quantitative 

terms, the fact that the central and southern Italian regions exhibit higher values than the northern regions 

within some targets can be explained by the fact that the central and southern Italian regions have 

significantly improved over the past year and have outperformed the northern regions. This does not 

necessarily imply that the latter have performed poorly, but rather that they can have values that are quite 

comparable to those of 2020. As a result, the values of the central and southern Italian regions have 

increased more than those of 2020. On the other hand, in the remaining objectives, the regions take positions 

that are compatible with the initial hypothesis, i.e., the northern Italian regions rank higher than the rest, as 

was originally expected. Last but not least, it can be assumed that the regions align themselves similarly to 

the targets with what has been stated above, at least in regards to the SDGs whose targets are closely related 

to one another. Once more, the model will aid in the better explanation of the outcomes just mentioned and 

may offer Italian policymakers in the development sector a useful tool for reallocating resources where they 

are most needed and accomplishing the SDGs. 

The theoretical underpinnings of Bayesian Networks and their operation will be discussed in the following 

sections. The model will then be applied to the dataset, and the outcomes will be illustrated and discussed. 

 

 

3 Statistical Tools 

3.1 Bayesian Networks 

 

As stated in the introductory section, Bayesian Networks (BNs) have grown in favor among experts as a 

way to examine interdependencies and cause-and-effect linkages. In particular, BNs flexibility is frequently 

used in scenario simulation and analysis. The intention of this section is to introduce the fundamental 

concepts required to understand Bayesian networks.  

The fundamental concept behind BNs is to integrate graph theory with probability, encapsulating the set of 

conditional independence relations between a set of variables into a graphical form that is simple to read 

and understand. A Bayesian network is defined as follows:  

➢ A graph G = (V, E), where V is a set of  nodes, one for each random variable in X, and E ⊆ V ×V 

is a set of edges (links), connecting pairs of different nodes. Here, X is assumed to be X = (X1,..., 

Xn) of random variables. In order to appropriately define a BN, the graph G must be directed and 

acyclic (in brief, a DAG). 



➢ The global distribution, a multivariate probabilistic distribution that is defined over X. The 

univariate distributions associated for each Xi are called local distributions. 

To sum up, a Bayesian Network is a directed acyclic graph (DAG) that specifies a joint distribution over X 

as a product of local conditional distributions, which are the parameters of the BN: 

 

Let x, y ∈ V be two vertices, we write x → y if an arrow exists going from x to y. In this case we call x the 

parent node and y the children node. A missing edge between two nodes results in a relationship of 

conditional independence. On the other hand, the presence of an edge in the graph suggests any possible 

conditional dependencies between the two parameters.  

It is possible to imagine a BN's graphical structure as being constructed from a set of fundamental 

connections (Scutari, 2012). For three nodes and two edges, these are the only combinations that could 

possibly exist (Figure 5): 

i) Serial connections: structures of the type X → Z → Y .  

ii) Diverging connections: structures of the type X ← Z → Y .  

iii) Converging connections: structures of the type X → Z ← Y, also called v-structure, where X  and 

Y are not connected. 

 

 

Figure 5: The three main connections in Bayesian networks are the (i)serial connection, (ii)diverging connection, 

and (iii)converging connection. 

 

The three connections use different graphical structures to describe different probability relationships: 

i) The serial connections are characterized by an edge connecting X and Z and an edge connecting Z 

and Y. In this case, X and Y are independent. However, when conditioned on the value of the 

variable Z, X and Y become conditionally dependent. Here, the joint distribution factorizes as P(X, 

Y, Z) = P(Z)P(X|Z)P(Y|Z).  

ii) The diverging connections are characterized by edges connecting Z and X and Z and Y. Also in 

this case, X and Y are independent. Here, the joint distribution factorizes as P(X, Y, Z) = 

P(Z)P(X|Z)P(Y|Z). 

iii) The converging connections are characterized by edges connecting X and Z and Y and Z. Also in 

this case, X and Y are independent. Here, the joint distribution factorizes as P(X, Y, Z) = 

P(X)P(Y)P(Z|X, Y). 



It is important to note that serial and diverging connections, despite having different graphical forms, 

encode the same conditional independence relationships and display the same factorization for the joint 

distributions. Therefore, these graphical structures belong to the same equivalence class (Frydenberg, 

1990). Moreover, BNs appear to have several advantages over other classes of models. Unlike, for instance, 

classical multiple regression models, they can also return indirect relationships influenced by third variables 

and do not need to adjust the model by specifying one or more dependent variables. Moreover, BNs offer 

the advantage of being able to construct a whole system of interactions that might potentially be utilized as 

a decision-making tool. Last but not least, BNs may explicitly codify the set of relationships between 

variables and as a result, outcomes are typically quite interpretable. The most clear-cut and understandable 

ways to determine a node's degree of linkage are through the in-degree, out-degree, and Markov blanket 

size approaches. A node's in-degree and out-degree are determined by how many edges lead to and away 

from it, respectively. The in-degree counts the number of nodes that directly influence a certain node, 

whereas the out-degree counts the number of nodes that a specific node can directly impact. 

 

 

 

Figure 6: A directed acyclic graph (DAG) with eleven nodes. The nodes in the blue area make up the nodes in node 

X3's Markov blanket: its parents, X1 and X2, its child, X4, and its other parents, X8 and X9. 

 

The Markov blanket of a node Xi is the union of its parents, its children and its children’s other parents 

(Figure 6). It is important to keep in mind, nevertheless, that not every node in a node's Markov Blanket is 

required in order to provide total probabilistic independence between Xi and the nodes that are not in its 

Markov Blanket. In addition, the concept is symmetric: if a node Xj is in a node Xi's Markov blanket, then 

Xi's node is in Xj's as well (Onori and Jona Lasinio, 2020). The number of nodes in the network that are 

involved in some conditional dependence relationship with a given node is hence its Markov blanket size 

(Koller, 2009). In addition to that, depending on the variables taken into account to build the model, 

different types of Bayesian networks can be identified: discrete BNs, in which all variables are discrete; 

continuous BNs, in which all nodes are represented by continuous variables; and hybrid BNs, in which 

variables can either discrete or continuous. Finally, two categories of Bayesian networks can be 

distinguished based on the temporal properties of the phenomenon under study: 



➢ Static BNs: the observations are considered independent from a probabilistic point of view since 

temporal dependence is not covered by the model. 

➢ Dynamic BNs: temporal dependence is covered by the model since the phenomenon changes 

overtime. 

The present study identifies continuous and static Bayesian Networks.  

 

 

3.1.1 Estimating a Bayesian Network 

  

Analyzing the topology of a Bayesian network is the first stage towards estimation. The parameters of the 

global distribution are estimated in the subsequent phase. 

➢ Structure Learning: The literature commonly divides algorithms for learning the structure of a BN 

into three types: hybrid algorithms, score-based algorithms, and constraint-based algorithms (Zhou, 

2011). These algorithms are all categorized according to the method utilized. In this study, the score-

based methodology is used to build the Hill-Climbing algorithm with r = 2 random restarts (Scutari, 

2012). A score-based approach, in this case the Bayesian Information Criterion (BIC), assigns a 

score to each network before looking across the space of DAGs for the structure that maximizes the 

score (Scutari, 2014). The Hill Climbing method, in more detail, investigates the DAGs space by 

starting with a network, often the one with no edges, and gradually adding, subtracting, or 

rearranging individual edges until the biggest increase in terms of the score is reached. 

➢ Parameter learning: after having determined the structure of a BN, it is able to finish off the model's 

description by calculating the global probability's parameters. This study uses Gaussian Bayesian 

networks because the dataset only provides continuous data. In addition to that, a collection of linear 

regression models, one for each configuration of the continuous parents acting as regressors, are 

included in the local distribution of a continuous node. Since all probabilistic relationships between 

continuous variables are considered to be linear, this is true. 

Eventually, prior information can be stored in the learning process to produce a superior structure. When it 

comes to structure learning, prior information often manifests as specific edges that should or shouldn't be 

included in the network. The first case entails providing a whitelist of edges that must inevitably appear in 

the final DAG to the learning process. On the other side, if prior knowledge about connections that are not 

plausible is available, the learning algorithm is given a blacklist that prohibits some edges from appearing 

in the final DAG. By incorporating such prior knowledge, the space of DAGs is reduced, which generally 

helps in recovering a superior structure. The R package "bnlearn" is used to implement the Bayesian 

Networks. 

 

 

 



3.1.2 Hierarchical Clustering in Bayesian Networks 

 

A general technique to cluster analysis called hierarchical cluster analysis (or hierarchical clustering) aims 

to group objects or records that are "near" to one another. Repeatedly calculating the distances between 

items and between clusters once the objects have started to be categorized into clusters is a crucial part of 

the analysis. A dendrogram is a visual representation of the outcome. The Hill-Climbing algorithm is used 

in this work to build models utilizing the BIC score, as was foreseen in the preceding section. After being 

fitted, the resultant Bayesian network adopts a dendrogram configuration where conditional dependence 

relations are described by multilevel regression. An independent node and ensuing dependent nodes on 

various levels are then found once the dependency relationship is actually explained by an intercept and a 

linear regression coefficient. Regressions are organized into a hierarchy in multilevel regression, for 

instance, A is regressed on B and B is regressed on C. The level-1 model is as follows when there is just 

one level-1 independent variable: 

 

➢ Yij refers to the score on the dependent variable for an individual observation at Level 1 (subscript 

i refers to individual case, subscript j refers to the group). 

➢ Xij refers to the Level 1 predictor. 

➢ Beta0j refers to the intercept of the dependent variable in group j (Level 2). 

➢ Beta1j refers to the slope for the relationship in group j (Level 2) between the Level 1 predictor and 

the dependent variable. 

➢ eij refers to the random errors of prediction for the Level 1 equation (it is also sometimes referred 

to as rij. 

At Level 1, the intercepts and slopes in the groups can either be fixed (all groups have the same values, 

though this would be unusual in real life), non-randomly varying (meaning that the intercepts and/or slopes 

are predictable from an independent variable at Level 2), or randomly varying (mean different in each 

group, with individual mean and variance). By inserting vectors and matrices instead of numbers in the 

equation, the model can be expanded when there are several level 1 independent variables. When the 

correlation between the response displaystyle Yij and predictor Xij cannot be well explained by a linear 

relationship, one can identify a nonlinear functional correlation between the response and predictor and 

then expand the model to a nonlinear mixed-effects model. For instance, the ordered pair Xij,Yij for each 

nation may have a form that resembles a logistic function when the answer Yij is the cumulative infection 

trajectory of the i-th country and displaystyle Xij represents the j-th time points. 

The following paragraphs will go into detail about application of the Bayesian Networks models and the 

results that were obtained.  

 

 



4 Results  

 

As was foreseen in the introduction, the analysis uses Bayesian Networks for the SDGs atomic indicators 

(i.e. targets) with the ultimate aim of addressing the following three research questions: 

1. What is the structure of the relationships among the SDGs atomic indicators in terms of conditional 

independence statements? 

2. What role do the Italian regions and autonomous provinces play in the overall SDGs system of 

indicators, and how do they relate to one another? 

3. To what extent does the relationship structure reflect the current SDGs theoretical framework? 

 

Static, continuous BNs with geographic divisions are specifically implemented with this goal in mind. 

Because observations are made over a very short period of time, the model cannot account for time 

dependence. As a result, static type BNs were chosen. Furthermore, because the variables selected for the 

model are all continuous, continuous BNs were selected. For the same reason, the Hill-Climbing method 

with two random restarts and BIC score was used to create the Conditional Linear Gaussian Bayesian 

Network model.It is also worth mentioning that in order to implement a correct model, variables found to 

be perfectly correlated as a result of the correlation matrix were not taken into account. As a consequence 

of that, the following targets were specifically excluded from the model: Target 4.1, Target 4.1.2, Target 

8.5, and Target 8.6 all had a 0.98 absolute correlation index. 

The model has also included geographic information, which has been retained firstly at a regional level, 

and then a division in macro-areas was applied, corresponding to the geographical division of Italy in North, 

Center and South (N-C-S). Eventually, prior information was incorporated by formalizing a whitelist to be 

passed to the learning algorithm in order to address the first two research questions, which looked at the 

relationship between the atomic indicators (i.e., targets) of the SDGs and the relationship between the SDGs' 

domains. Two different approaches were used. In fact, because in some situations it is already known how 

the network structure should look, the first stage in learning a Bayesian network is structure learning, which 

involves using the data to identify which arcs are present in the graph underlying the model. Utilizing 

whitelists is one approach to achieve this. In fact, a set of arcs are guaranteed to be present in the Bayesian 

network. 

The approaches that have been implemented are as follows: 

➢ Approach 1: The first Approach consists in determining prior information in the form of a whitelist. 

The whitelist is designed to replicate the SDGs' hierarchical framework, which links the 28 atomic 

indicators to 17 different SDG domains, and it includes all edges between pairs of atomic indicators 

from the same domain. The use of such a whitelist allows for the investigation of relationships 

between SDG domains as they are currently formalized within the SDG framework (ASviS, 2021). 

When a whitelist of edges among atomic indicators in the same domain is introduced, the algorithm 

selects a number of edges among atomic indicators from different domains. As a direct consequence, 



fewer connections between domains are expected, corresponding to the strongest interactions, with 

the resulting network able to provide an accurate picture of the SDG domain interlinkages. In this 

scenario, information is still considered to be at the regional level, as it has been so far. 

➢ Approach 2: The second approach entails using again the same whitelist that was used in the first 

one. In this case, information is no longer retained at the regional level; instead, the geographical 

scale has been lowered to three geographical macro-areas. The split will specifically divide Italian 

regions into North, Central, and South (N-C-S). 

It is important to underline that the two approaches just described aim to answer two distinct research 

questions. The first approach, in particular, is devoted to investigating the relationship between the atomic 

indicators, thereby answering the first research question. The second approach, on the other hand, seeks to 

answer the second research question by investigating the relationship between the SDG domains. Lastly, 

after employing the two preceding approaches, an attempt will be made to answer the final research 

question, which essentially refers to the importance of highlighting some future directions for the SDGs 

indicator system in light of the relationships revealed by the networks. 

 

 

4.1 Bayesian Network Estimation 

 

For a total of two estimated networks, the structure learning method was used with prior knowledge encoded 

using both Approach 1 and Approach 2. The Bayesian Information Criterion (BIC) and the Akaike 

Information Criterion (AIC) were computed individually for each prior technique in order to choose the 

model that best fit the geographical scale. AIC and BIC (AIC = 2k ln(L), BIC = kln(n) 2ln(L)) were rescaled 

by a factor -2 in this application, resulting in AIC = ln(L)2 k and BIC = ln(L) kln(n)2, where L is the greatest 

possible value of the likelihood function of the model, k is the number of parameters, and n is the number 

of observations. As a result, greater values are preferable over lower values (Scutari and Ness 2012). Further 

to that, the predictive accuracy of each network was evaluated using k-fold cross validation (k = 10) and 

the Maximum Likelihood Estimation. The lower this value, the higher the network's accuracy. The 

goodness-of-fit and prediction accuracy for each of the estimated networks are shown in Table 2. The 

estimated networks for the two geographic scales, as well as the two prior approaches, are discussed in the 

following sections. 

 

 

 

 

 



  Geographical 

Scale 

LogLikelihood BIC AIC Cross-validation 

Approach 1 Regional -431.3704 -592.7301 -537.3704 160.8256 

Approach 2 N - C - S 131.0918 85.49944 48.09185 Inf. 

 

Table 2 - Goodness-of-fit and Predictive Accuracy of the estimated Bayesian Networks  

 

 

4.1.1 Relationship among the SDGs atomic indicators  

 

BNs were estimated by encoding prior information in accordance with Approach 1 in order to address the 

first research question regarding the structure of the linkages, in terms of conditional independence 

statements, among the SDGs atomic indicators. The network computed in the prior scenario caused by 

Approach 1 and corresponding to the Italian regions is seen in Figure 7. 

 

Figure 7 - Averaged network structure estimated by adopting prior Approach 1 (whitelist)  

 

The position of nodes and arcs within the network as well as their connections will be taken into account in 

the next network analysis. Thereafter, specific connections or clusters of connections that form intriguing 

structures will be examined. The absence of isolated nodes in the arrangement of the Bayesian Network's 



parts is the first thing that stands out. Actually, every node has at least one connection—either incoming or 

outgoing—to the network (in-degree and out-degree). The 24 nodes end up being divided into two primary 

connected components, or groups of nodes for which it is possible to move from one node to another using 

edges that exclusively connect the nodes in that group. This initial Bayesian network's component with the 

highest degree of connectivity is the one where the variable "Target 3.6" is one of the root nodes, starting 

the most arcs. The connected component, for which "Target 3.4" is one of the root nodes, is the same. 

Within the network, these two variables are the most interconnected. In actuality, the variable "Target 3.6" 

is connected to 9 out of the 24 nodes, whereas the variable "Target 3.4" is related to 8 out of the 24 nodes. 

This is a conclusion that could have been predicted given that the variable "Target 3.4" has a strong positive 

connection with a significant portion of the variables in the dataset, according to the correlation analysis of 

the variables. Additionally, this variable is directly related to characteristics from 7 of the 16 SDGs domains 

that were found in the descriptive portion of the study. On the other hand, it should be highlighted that there 

are no indirect connections in this Bayesian network, i.e., connections that are made through the use of 

intermediary nodes. The strength of the arcs in the current Bayesian network can also be determined using 

R's arc.strength command. This conclusion reveals that the targets previously specified have the strongest 

arcs within the network, measured in absolute value. Last but not least, it is conceivable to see the presence 

of elements that are connected, sure, but considerably less so than all the others. In contrast to the 

components that are located in the network's center, these components are really located on the periphery 

of the system and have a much smaller number of connections. The component representing the node of 

the variable "Target 6.4" in particular can be shown to be in a marginal position within the network, possess 

zero out-degree arcs, and have just two in-degree arcs (in-degree). Therefore, it may be claimed that while 

this variable is influenced by the other network nodes, it is unable to have any form of influence on them. 

As an atomic indicator of SDG 6, the variable "Target 6.4" actually focuses on achieving the 90 percent 

efficiency share of drinking water distribution networks (Clean Water and Sanitation). Therefore, it may be 

claimed that Targets 6.3 and 7.3 have a special impact on this target's ability to be achieved. The just-

considered components' placement and their rationale will be examined later in the section. The remaining 

20 linked components, which are created by more than one node, are smaller than the ones discussed before 

in this paragraph, and they only refer to a minimum of two and a maximum of five SDGs domains. The 20 

components' linear relationships are shown in Table 3 below. 

 

  Node                                   Parameters 

Target 1.2 Target 1.2 | Target 7.3 

Target 2.4.2 Target 2.4.2 | Target 2.4 + Target 7.3 + Target 12.4 + Target 16.7 

Target 4.1.3 Target 4.1.3 | Target 9.c + Target 10.4 + Target 15.3 



Target 4.3 Target 4.3 | Target 4.1.3 + Target 11.2 + Target 12.4 + Target 13.2 

Target 5.5 Target 5.5 | Target 1.2 

Target 6.3 Target 6.3 | Target 7.2 + Target 15.3 

Target 6.4 Target 6.4 | Target 6.3 + Target 7.3 

Target 7.2 Target 7.2 | Target 11.6 

Target 7.3 Target 7.3 | Target 2.4 + Target 7.2 

Target 9.5 Target 9.5 | Target 16.3 

Target 9.c Target 9.c | Target 7.2 + Target 9.5 

Target 10.4 Target 10.4 | Target 1.2 + Target 11.6 + Target 14.5 + Target 16.7 

Target 11.2 Target 11.2 | Target 2.4 

Target 11.6 Target 11.6 | Target 11.2 

Target 12.4 Target 12.4 | Target 5.5 + Target 15.3 

Target 13.2 Target 13.2 | Target 15.3 + Target 15.5 

Target 15.3 Target 15.3 | Target 9.c 

Target 15.5 Target 15.5 | Target 2.4 + Target 15.3 

Target 16.3 Target 16.3 | Target 2.4 

Target 16.7 Target 16.7 | Target 5.5 + Target 6.3 + Target 9.5 + Target 16.3 

 

Table 3 - Network estimated by adopting Approach 1 

 

As anticipated, the second part of the network analysis resulting from the implementation of Approach 1 

concerns particular connections or groups of connections that form interesting structures. In particular, 

nodes considered central in terms of in-degree, out-degree and Markov Blanket size are analyzed in this 

part. As can be seen from Figure 7, the network resulting from the applied hc algorithm has an almost 

concentric shape. It is evident from the data that there are more links and interconnections between 

components the closer you are to the center. There are thereafter more arcs, both in-degree and out-degree. 



Starting with the network's core nodes, we can observe that they match Targets 3.4 and 3.6. They 

specifically make reference to Sustainable Development Goal 3, which is focused on promoting and 

ensuring healthy living for people of all ages. It is clear that the majority of the goals have an impact on 

SDG 3 based on their placement within the network and the amount of in-degrees. Since SDG 3 is the one 

that aggregates the accomplishment of the other targets in a broader sense, this outcome is to be expected. 

SDGs 9 (Industry, Innovation and Infrastructure), 2 (Zero Hunger), 1 (No Poverty), 12 (Responsible 

Consumption and Production), and 15 in particular have an impact on it (Life on Land). Since they all 

contribute to the definition and achievement of well-being, which in this case derives from the absence of 

poverty and hunger, these goals can actually be considered components of the third SDG. This goal is to 

protect life on earth, which can be protected by using resources responsibly and producing goods that are 

efficient in terms of minimizing waste. The Targets for SDG 3 and hence well-being can only be attained 

if all other associated targets are satisfied. On the other hand, if out-degrees, or the quantity of outgoing 

edges, are taken into consideration, it becomes clear that the nodes near the network's edges have the 

greatest number of out-degrees. The nodes associated with SDGs 1 (No Poverty), 11 (Sustainable Cities 

and Communities), 7, and 5 (Affordable and Clean Energy) in particular (Gender Equality). In particular, 

it is intriguing to see that the majority of the elements that make up the network's edges have a serial pattern. 

The nodes corresponding to Targets 1.2 (i.e., decrease the number of persons at risk of poverty or social 

exclusion) and 5.5, for instance, can be used to demonstrate a causal relationship (halve the gender 

employment gap compared to 2020). Therefore, it is possible to argue that there is a causal link between a 

lower level of poverty and the decline in the gender wage gap, which leads to an increase in gender equality. 

This association is supported by both the correlation matrix examined in the descriptive portion of this study 

and the linear regression coefficient produced by the model. With regard to the out-degrees once more, it 

can be seen that the nodes with the greatest number of out-degrees across the entire network are those that 

correspond to Targets 9.5, 15.3, and 2.4, which are, in turn, atomic indicators of SDGs 9 (Industry, 

Innovation, and Infrastructure), 15 (Life on Land), and 2 (Zero Hunger). Instead, they experience fewer in-

degrees and are less influenced than other nodes. They are also positioned in the middle of the network, 

emphasizing how vital their function is to it. Therefore, it can be claimed that these nodes' level is what 

causes the other nodes connected to them to be only tangentially dependent on them given the diverging 

nature of their structures. As a result, any associations between the nodes corresponding to Targets 4.1.3, 

12.4, 13.2, and 6.3 are caused by the level of the "Target 15.3" node, for instance, if we take that node as 

an example. This is further supported by the positive correlation between Aim 15.3, which refers to the 

target of a zero growth in yearly land use, and Target 13.2, which refers to the target of a reduction in CO2 

and other gas emissions by 2030, as determined by the correlation matrix. It is clear how a drop in land use, 

likely brought on by the use of intensive agriculture and animal husbandry as well as faster and faster 

urbanization, leads to a decrease in the amount of CO2 produced annually. Indeed, it is acknowledged that 

resource misuse is intimately tied to rising air pollution and that extensive animal farming, much more so 

than, say, the transportation industry, is a substantial contributor to global warming. 



The second Bayesian network produced by the model will be examined in the next section using Approach 

2 in its implementation. As in this part, the investigation will begin with an examination of the nodes' 

topological structure before moving on to the examination of the most intriguing nodes. However, this time, 

the study will be conducted at a geographic level that corresponds to the selected macro-areas, namely 

Northern, Central, and Southern Italy. 

 

4.1.2 Relationship among the SDGs atomic indicators with macro-area division  

 

In order to answer the second research question concerning the relationships and roles of the different SDG 

domains, BNs were estimated by encoding according to Approach 2. Again, the strategy entails imposing 

a whitelist in which Targets pertaining to the same SDGs must be tied to one another. The sole difference 

between Approach 1 and Approach 2 is that the analysis is now held at a macro-level rather than a regional 

level (N-C-S). Figure 8 shows the structure of the network estimated using the setting induced by Approach 

2 and corresponding to division into three macro-areas (N-C-S).  

 

 
Figure 8 - Averaged network structure estimated by adopting Approach 2 (macro-areas division)  

 

The first significant difference can be seen right away based on the topological study of the Bayesian 

network shown above. Three macro groupings can actually be found. The first macro group is denoted by 

the nodes that correspond to SDGs 11 (Sustainable Cities and Communities), 2 (Zero Hunger), 6 (Clean 

Water and Sanitation), 9 (Industry, Innovation, and Infrastructure), and 14 (Industry, Innovation, and 

Infrastructure) (Life Below Water). The node corresponding to the variable "Target 14.5" has an isolated 



and marginal position in regard to the overall network, just like in the previously examined network. The 

second macro-group of recognizable nodes is located lower than the Network's center and is primarily made 

up of nodes that are related to the SDGs 4 (Quality Education), 8 (Decent Work and Economic Growth), 3, 

good health and wellbeing, and 16 (Peace, Justice, and Strong Institutions), among others. It is also made 

up of nodes that are related to the SDGs 12 (Responsible Consumption and Production). The nodes that 

correspond to SDGs 7 (Affordable and Clean Energy), 4 (Quality Education), and 13 make up the last 

macro-group that can be identified (Climate Action). SDG 3 (Good Health and Well-Being) centrality is 

discovered, much as what was discovered in the Bayesian Network as a result of the use of Approach 1. 

The graph (Figure 8) makes it seem as though SDG 6 is at the center of the network, yet it only connects to 

two nodes in the third macro-group under analysis via the node corresponding to Target 6.3. As a result of 

being directly connected to every node in the second macro-group, whether directly or indirectly, the nodes 

corresponding to SDG 6 are once more at the heart of the network. The node that corresponds to Target 3.4 

in particular is the only one in the network that, in contrast to the other nodes, has a divergent structure, 

making it the sole node connected to several nodes. The node corresponding to Target 9.c does not exhibit 

any link with the other nodes in the Network, it should be noted as a last point. In particular, the variable 

"Target 9.c" alludes to the objective of offering gigabit network coverage to every home by the year 2026. 

This variable has poor correlations with the majority of the other target variables, as can be seen by looking 

at the preceding correlation matrix. Therefore, it can be assumed that the accomplishment of one aim has 

no bearing on the accomplishment of the others, or that it can be accomplished regardless of everything 

else. In actuality, this type of target excludes the accomplishment of other objectives with a social welfare 

or environmental focus. Only the objective given by the variable "Target 9.5," which is the target of 

reaching the 3 percent GDP share devoted to research and development by 2030, is organically linked to it. 

They actually fall under the same SDG (SDG 9), because without upstream institutional investment in 

research and development, in this case technology, there can be no guarantee of network coverage for all.  

Using the examination of in-degrees and out-degrees, conclusions may now be drawn about the Network's 

most intriguing node groups. The majority of nodes in the network, with the exception of the 

aforementioned Target 3.4, can be seen to have a serial type of structure and, as a result, to have an out-

degree value of one. Since there is a dependency link between SDGs 6 and 11 that passes through SDG 2 

and then influences SDGs 9 and 14, it may be claimed that the first macro-group under consideration 

contains aims that are more "environmental" in nature. In reality, there is evidence that more sustainable 

agriculture depends on an expansion of the water delivery system. This year's summer season showed how 

a scarcity of water harms not only the environment but also the agricultural industry. The quality of 

wastewater that is discharged into the sea is then positively impacted by more sustainable agriculture (which 

avoids the use of fertilizers and pesticides). Less marine water contamination results as a consequence, 

which is advantageous. Goals categorized as "social" can be found in the second group of SDGs under 

consideration. Finally, it may be said that "educational" aims make up the third macro-group of discovered 

nodes. The latter grouping, however, is more challenging to comprehend, therefore it is possible that new 



atomic indicators for the SDGs-related Targets will need to be identified as those shown may not take into 

consideration nonlinear dependency linkages among them. 

The next section will briefly discuss the results just analyzed to answer the third research question, seeking 

to understand additional research insights. 

 

5 Discussion and Implications  

 

Implications resulting from employing the two Approaches, are going to answer the final research question, 

referring essentially to the importance of highlighting some future directions for the SDGs indicator system 

in light of the relationships revealed by the networks. From the network assessed after having performed 

Approach 1 it can be argued that the analysis, conducted at the regional level, is valuable since it confirms 

the assumptions made in the descriptive analysis conducted at the start of this study. In fact, the first 

Network closely replicates the theoretical underpinnings of the Sustainable Development Goals and how 

they were broken down into discrete metrics, or "Targets." The subdivision into spatial macro-areas (N-C-

S) presents better values in terms of predictability and accuracy of the model, it can be observed from the 

data coming from the examination of the goodness and accuracy of the model. This second Bayesian 

Network, which presents a grouping of Targets in which the usage of whitelisting is much more apparent, 

can thus be said to be easier to read than the first. In fact, it is discovered that within the Network, Targets 

that are indicators of the same SDGs are closely and obviously related. Finally, the correlation analysis of 

the variables conducted in the descriptive portion of this study shows a stronger correspondence with the 

second Bayesian Network. This is a visual illustration of how Bayesian Networks, in comparison to other 

models, have as their key advantage that they are far more interpretable and, as a result, significantly more 

useful in decision-making. In addition, it is much easier to see how the three macro-areas are clustered in 

this instance, making it easy to divide the SDGs into three macro-groups. The estimated network was 

created using a set of atomic indicator SDGs, but it has been demonstrated that further research should also 

examine the possibility that some significant variables are absent from this set, as well as the desirability 

of nonlinear relationships that the current model (the GBN model), which is unable to recognize them. 

Indeed, it is important to keep in mind that the model's interactions are all linear in nature. In actuality, 

whereas the first macro-group of SDGs is simple to understand and clearly demonstrates a linear 

relationship between them, the same cannot be said for the second and third macro-groups of SDGs. This 

problem can be resolved either by separating each region into its own characteristics (which has been tried 

by dividing them into macro-areas) or by using another type of spatial division. The Network that emerges 

from the application of Approach 2 demonstrates that all SDGs are related to one another by a maximum 

of one arc, demonstrating that the division of SDGs is effective in identifying phenomena that, despite being 

distinct, are connected. Given that one goal affects a second goal, which in turn influences a third, this is 

crucial information for making decisions. This analysis examines the unavoidability of the Sustainable 

Development Goals and indicates that pursuing one objective necessitates pursuing all other goals that are 



either directly or indirectly related to it. In fact, this is one of the key reasons that many regulations include 

restrictions to prevent the advancement of one Sustainable Development Goal at the expense of the 

detriment of another. 

 

 

Conclusions  

 

The overarching aim of this work is to implement Bayesian Networks for the SDGs atomic indicators in 

order to answer three main research questions: (i) what is the structure of the relationships among the SDGs 

atomic indicators in terms of conditional independence statements; (ii) what role do the Italian regions and 

autonomous provinces play in the overall SDGs system of indicators, and how do they relate to one another; 

(iii) to what extent does the relationship structure reflect the current SDGs theoretical framework. The first 

two questions are primarily concerned with the possibility of identifying mechanisms that can guide 

resource allocation when it comes to policy decisions. This specifically manifests in identifying either SDGs 

atomic indicators or domains that play a critical role in disseminating information across the network, as 

well as groups of either indicators or domains that are inextricably linked to one another. This goal was 

accomplished by utilizing the Bayesian Networks’ class tool. The prospect of combining probabilistic 

assessments with a graphical representation appeared attractive for a dataset with a number of variables that 

raises the question of how to effectively deal with the amount of uncertainty existing in it. BNs, in particular, 

can significantly simplify the complexity of links between different parts of a phenomenon by highlighting 

the most essential connections and building an overall model of interactions by combining data and existing 

knowledge. This study has shown that Bayesian Networks are a good class of models for this, as they can 

also incorporate geographic information. Two different Approaches were suggested, both of which had in 

common the presence of a priori information, the whitelist, which enabled the first two research questions 

to be answered, both by looking at the relationships that are created among the SDGs atomic indicators and 

by looking at the connections that are created among the SDGs themselves. This study also showed how 

adaptable Bayesian Networks are and supported the existence of various benefits that have already been 

mentioned in the literature. Overall, the major benefit of Bayesian networks—their capacity to produce 

outcomes that are simple to interpret—was validated. This makes them a great tool for decision-making 

processes. In particular, it could be used as a tool for policymakers to create more organic frameworks of 

policy recommendations that could be presented to leadership to highlight areas that require action in order 

to ensure the long-term economic, social, and environmental viability of our development model and to 

have an impact on policy making strategies and activities. This study's key finding is that each goal affects 

other goals and, in turn, is influenced by other goals. This analysis examines the unavoidability of the 

Sustainable Development Goals and indicates that pursuing one objective necessitates pursuing all other 

goals that are either directly or indirectly related to it. In fact, this is one of the key reasons that many 



regulations include restrictions to prevent the advancement of one Sustainable Development Goal at the 

expense of the detriment of another. 
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Appendices 

 

Appendix 1 - Figures

          

Figure 1 - Target 2.4 among Italian regions 

 

Figure 2 - Target 2.4.2 among Italian regions 

 

Figure 3 - Target 3.4 among Italian regions 

 

Figure 4 - Target 3.6 among Italian regions 

 

Figure 5 - Target 4.1 among Italian regions 

 

Figure 6 - Target 4.1.2 among Italian regions 

 

Figure 7 - Target 4.3 among Italian regions 

 



Figure 8 - Target 5.5 among Italian regions 

 

Figure 9 - Target 6.3 among Italian regions 

 

Figure 10 - Target 6.4 among Italian regions 

 

Figure 11 - Target 7.2 among Italian regions 

 

Figure 12 - Target 7.3 among Italian regions 

 

Figure 13 - Target 8.5 among Italian regions 

 

Figure 14 - Target 8.6 among Italian regions 

 

Figure 15 - Target 9.5 among Italian regions 

 

Figure 16 - Target 9.c among Italian regions 

 

Figure 17 - Target 10.4 among Italian regions 

 

Figure 18 - Target 11.2 among Italian regions 



 

Figure 19 - Target 12.4 among Italian regions 

 

Figure 20 - Target 13.2 among Italian regions 

 

Figure 21 - Target 14.5 among Italian regions 

 

 

Figure 22 - Target 14.5_sea among Italian regions 

 

Figure 23 - Target 15.3 among Italian regions 

Figure 24 - Target 15.5 among Italian regions 

 

Figure 25 - Target 16.3 among Italian regions 

 

Figure 26 - Target 16.7 among Italian regions

 

 

 

 

 

 

 



Appendix 2 - Script  

 

getwd() 

 

library(readxl) 

DS_Regions <- read_excel("DS_Regions.xlsx") 

View(DS_Regions) 

 

##Focus on the QUANTITATIVE VARIABLES ONLY## 

 

DS_Regions_quant=DS_Regions [,-c(1)] 

str(DS_Regions_quant) 

summary(DS_Regions_quant) 

 

#Isolate the character# 

Regions=DS_Regions [,-c(2:29)] 

 

##SCALE THE VARIABLES## 

 

library(nFactors) 

DS_Regions_scale <-apply(DS_Regions_quant, 2, scale) 

mean(DS_Regions_scale) 

var(DS_Regions_scale) 

summary(DS_Regions_scale) 

 

##BUILD THE NEW DATAFRAME## 

DS_Regions_scale <- as.data.frame(DS_Regions_scale) 

DS_Regions_new <- cbind(Regions,DS_Regions_scale) 

View(DS_Regions_new) 

 

##DESCRIPTIVE ANALYSIS of the DATASET## 

 

library(Hmisc) 

library(graphics) 

library(FactoMineR) 

library(factoextra) 

library(plotrix) 

library(ggplot2) 

library(colorspace) 

 

dim(DS_Regions_new) 

describe(DS_Regions_new) 

summary(DS_Regions_new) 

 

SDG1 <-data.frame(DS_Regions_new$`Target 1.2`) 

SDG2 <-data.frame(DS_Regions_new$`Target 2.4`,DS_Regions_new$`Target 2.4.2`) 

SDG3 <-data.frame(DS_Regions_new$`Target 3.4`,DS_Regions_new$`Target 3.6`) 

SDG4 <-data.frame(DS_Regions_new$`Target 4.1`,DS_Regions_new$`Target 

4.1.2`,DS_Regions$`Traget 4.1.3`,DS_Regions$`Target 4.3`) 

SDG5 <-data.frame(DS_Regions_new$`Target 5.5`) 

SDG6 <-data.frame(DS_Regions_new$`Target 6.3`,DS_Regions_new$`Target 6.4`) 

SDG7 <-data.frame(DS_Regions_new$`Target 7.2`,DS_Regions_new$`Target 7.3`) 

SDG8 <-data.frame(DS_Regions_new$`Target 8.5`,DS_Regions_new$`Target 8.6`) 

SDG9 <-data.frame(DS_Regions_new$`Target 9.5`,DS_Regions_new$`Target 9.c`) 



SDG10 <-data.frame(DS_Regions_new$`Target 10.4`) 

SDG11 <-data.frame(DS_Regions_new$`Target 11.2`,DS_Regions_new$`Target 11.6`) 

SDG12 <-data.frame(DS_Regions_new$`Target 12.4`) 

SDG13 <-data.frame(DS_Regions_new$`Target 13.2`) 

SDG14 <-data.frame(DS_Regions_new$`Target 14.5`) 

SDG15 <-data.frame(DS_Regions_new$`Target 15.3`,DS_Regions_new$`Target 15.5`) 

SDG16 <-data.frame(DS_Regions_new$`Target 16.3`,DS_Regions_new$`Target 16.7`) 

SDG <-

data.frame(SDG1,SDG2,SDG3,SDG4,SDG5,SDG6,SDG7,SDG8,SDG9,SDG10,SDG11,SDG12,SDG13,

SDG14,SDG15,SDG16) 

str(SDG) 

 

##Pie chart## 

 

library(plotrix) 

library(extrafont) 

  

slices <- c(1,2,2,4,1,2,2,2,2,1,2,1,1,1,2,2) 

lbls <- c("SDG1","SDG2","SDG3","SDG4","SDG5","SDG6","SDG7","SDG8","SDG9","SDG10", 

  "SDG11","SDG12","SDG13","SDG14","SDG15","SDG16") 

pct<-round(slices/sum(slices)*100,1) 

lbls<-paste(lbls,pct, "%", sep="") 

pie3D(slices,labels=lbls,explode=0.1, border="white", col = hcl.colors(length(slices), 

 "Spectral"), shade=0.5, theta=1, main="Pie Chart of Sustainable Development Goals", family="Times 

New Roman") 

 

 

##Correlation matrix to understand the correlation among targets## 

 

library(corrplot) 

 

cor_DS=round(cor(DS_Regions_quant),2) 

cor_DS 

p_values <- rcorr(as.matrix(DS_Regions_quant)) 

p_values 

 

##Plot of the Correlation Matrix##  

 

corrplot(cor_DS, method = 'circle', order = 'hclust', tl.col="black", main="Correlation Matrix of SDG 

Targets", family="Times New Roman") 

corrplot(cor_DS, method = 'circle', order = 'FPC', tl.col="black", main="Correlation Matrix of SDG 

Targets", family="Times New Roman") 

 

##Mosaic plot according to different Targets## 

 

table(SDG1) 

prop.table(table(DS_Regions_new$`Target 1.2`)) 

library(epiDisplay) 

 

tabpct(DS_Regions_new$Regions,DS_Regions_new$`Target 1.2`, xlab="Regions", ylab="Target 1.2", 

main= "Target 1.2 among Italian regions", family="Times New Roman", col = c("#ff7676", "#fc7f78", 

"#fa877a", "#f78f7d", "#f4977f", "#f09e81", "#eda584", "#e9ac86", "#e6b388", "#e1ba8b", "#ddc18d", 

"#d9c78f", "#d4ce92", "#ced494", "#c9da96", "#c3e199", "#bde79b", "#b6ed9e", "#aef3a0", "#a6f9a3", 

"#9dffa5")) 



tabpct(DS_Regions_new$Regions,DS_Regions_new$`Target 2.4`, xlab="Regions", ylab="Target 2.4", 

main= "Target 2.4 among Italian regions", family="Times New Roman", col = c("#ff7676", "#fc7f78", 

"#fa877a", "#f78f7d", "#f4977f", "#f09e81", "#eda584", "#e9ac86", "#e6b388", "#e1ba8b", "#ddc18d", 

"#d9c78f", "#d4ce92", "#ced494", "#c9da96", "#c3e199", "#bde79b", "#b6ed9e", "#aef3a0", "#a6f9a3", 

"#9dffa5")) 

tabpct(DS_Regions_new$Regions,DS_Regions_new$`Target 2.4.2`, xlab="Regions", ylab="Target 

2.4.2", main= "Target 2.4.2 among Italian regions",family="Times New Roman", col = c("#ff7676", 

"#fc7f78", "#fa877a", "#f78f7d", "#f4977f", "#f09e81", "#eda584", "#e9ac86", "#e6b388", "#e1ba8b", 

"#ddc18d", "#d9c78f", "#d4ce92", "#ced494", "#c9da96", "#c3e199", "#bde79b", "#b6ed9e", "#aef3a0", 

"#a6f9a3", "#9dffa5")) 

tabpct(DS_Regions_new$Regions,DS_Regions_new$`Target 3.4`, xlab="Regions", ylab="Target 3.4", 

main= "Target 3.4 among Italian regions",family="Times New Roman", col = c("#ff7676", "#fc7f78", 

"#fa877a", "#f78f7d", "#f4977f", "#f09e81", "#eda584", "#e9ac86", "#e6b388", "#e1ba8b", "#ddc18d", 

"#d9c78f", "#d4ce92", "#ced494", "#c9da96", "#c3e199", "#bde79b", "#b6ed9e", "#aef3a0", "#a6f9a3", 

"#9dffa5")) 

tabpct(DS_Regions_new$Regions,DS_Regions_new$`Target 3.6`, xlab="Regions", ylab="Target 3.6", 

main= "Target 3.6 among Italian regions",family="Times New Roman", col = c("#ff7676", "#fc7f78", 

"#fa877a", "#f78f7d", "#f4977f", "#f09e81", "#eda584", "#e9ac86", "#e6b388", "#e1ba8b", "#ddc18d", 

"#d9c78f", "#d4ce92", "#ced494", "#c9da96", "#c3e199", "#bde79b", "#b6ed9e", "#aef3a0", "#a6f9a3", 

"#9dffa5")) 

tabpct(DS_Regions_new$Regions,DS_Regions_new$`Target 4.1`, xlab="Regions", ylab="Target 4.1", 

main= "Target 4.1 among Italian regions",family="Times New Roman", col = c("#ff7676", "#fc7f78", 

"#fa877a", "#f78f7d", "#f4977f", "#f09e81", "#eda584", "#e9ac86", "#e6b388", "#e1ba8b", "#ddc18d", 

"#d9c78f", "#d4ce92", "#ced494", "#c9da96", "#c3e199", "#bde79b", "#b6ed9e", "#aef3a0", "#a6f9a3", 

"#9dffa5")) 

tabpct(DS_Regions_new$Regions,DS_Regions_new$`Target 4.1.2`, xlab="Regions", ylab="Target 

4.1.2", main= "Target 4.1.2 among Italian regions",family="Times New Roman", col = c("#ff7676", 

"#fc7f78", "#fa877a", "#f78f7d", "#f4977f", "#f09e81", "#eda584", "#e9ac86", "#e6b388", "#e1ba8b", 

"#ddc18d", "#d9c78f", "#d4ce92", "#ced494", "#c9da96", "#c3e199", "#bde79b", "#b6ed9e", "#aef3a0", 

"#a6f9a3", "#9dffa5")) 

tabpct(DS_Regions_new$Regions,DS_Regions_new$`Target 4.1.3`, xlab="Regions", ylab="Target 

4.1.3", main= "Target 4.1.3 among Italian regions",family="Times New Roman", col = c("#ff7676", 

"#fc7f78", "#fa877a", "#f78f7d", "#f4977f", "#f09e81", "#eda584", "#e9ac86", "#e6b388", "#e1ba8b", 

"#ddc18d", "#d9c78f", "#d4ce92", "#ced494", "#c9da96", "#c3e199", "#bde79b", "#b6ed9e", "#aef3a0", 

"#a6f9a3", "#9dffa5")) 

tabpct(DS_Regions_new$Regions,DS_Regions_new$`Target 4.3`, xlab="Regions", ylab="Target 4.3", 

main= "Target 4.3 among Italian regions",family="Times New Roman", col = c("#ff7676", "#fc7f78", 

"#fa877a", "#f78f7d", "#f4977f", "#f09e81", "#eda584", "#e9ac86", "#e6b388", "#e1ba8b", "#ddc18d", 

"#d9c78f", "#d4ce92", "#ced494", "#c9da96", "#c3e199", "#bde79b", "#b6ed9e", "#aef3a0", "#a6f9a3", 

"#9dffa5")) 

tabpct(DS_Regions_new$Regions,DS_Regions_new$`Target 5.5`, xlab="Regions", ylab="Target 5.5", 

main= "Target 5.5 among Italian regions",family="Times New Roman", col = c("#ff7676", "#fc7f78", 

"#fa877a", "#f78f7d", "#f4977f", "#f09e81", "#eda584", "#e9ac86", "#e6b388", "#e1ba8b", "#ddc18d", 

"#d9c78f", "#d4ce92", "#ced494", "#c9da96", "#c3e199", "#bde79b", "#b6ed9e", "#aef3a0", "#a6f9a3", 

"#9dffa5")) 

tabpct(DS_Regions_new$Regions,DS_Regions_new$`Target 6.3`, xlab="Regions", ylab="Target 6.3", 

main= "Target 6.3 among Italian regions",family="Times New Roman", col = c("#ff7676", "#fc7f78", 

"#fa877a", "#f78f7d", "#f4977f", "#f09e81", "#eda584", "#e9ac86", "#e6b388", "#e1ba8b", "#ddc18d", 

"#d9c78f", "#d4ce92", "#ced494", "#c9da96", "#c3e199", "#bde79b", "#b6ed9e", "#aef3a0", "#a6f9a3", 

"#9dffa5")) 

tabpct(DS_Regions_new$Regions,DS_Regions_new$`Target 6.4`, xlab="Regions", ylab="Target 6.4", 

main= "Target 6.4 among Italian regions",family="Times New Roman", col = c("#ff7676", "#fc7f78", 

"#fa877a", "#f78f7d", "#f4977f", "#f09e81", "#eda584", "#e9ac86", "#e6b388", "#e1ba8b", "#ddc18d", 

"#d9c78f", "#d4ce92", "#ced494", "#c9da96", "#c3e199", "#bde79b", "#b6ed9e", "#aef3a0", "#a6f9a3", 

"#9dffa5")) 



tabpct(DS_Regions_new$Regions,DS_Regions_new$`Target 7.2`, xlab="Regions", ylab="Target 7.2", 

main= "Target 7.2 among Italian regions",family="Times New Roman", col = c("#ff7676", "#fc7f78", 

"#fa877a", "#f78f7d", "#f4977f", "#f09e81", "#eda584", "#e9ac86", "#e6b388", "#e1ba8b", "#ddc18d", 

"#d9c78f", "#d4ce92", "#ced494", "#c9da96", "#c3e199", "#bde79b", "#b6ed9e", "#aef3a0", "#a6f9a3", 

"#9dffa5")) 

tabpct(DS_Regions_new$Regions,DS_Regions_new$`Target 7.3`, xlab="Regions", ylab="Target 7.3", 

main= "Target 7.3 among Italian regions",family="Times New Roman", col = c("#ff7676", "#fc7f78", 

"#fa877a", "#f78f7d", "#f4977f", "#f09e81", "#eda584", "#e9ac86", "#e6b388", "#e1ba8b", "#ddc18d", 

"#d9c78f", "#d4ce92", "#ced494", "#c9da96", "#c3e199", "#bde79b", "#b6ed9e", "#aef3a0", "#a6f9a3", 

"#9dffa5")) 

tabpct(DS_Regions_new$Regions,DS_Regions_new$`Target 8.5`, xlab="Regions", ylab="Target 8.5", 

main= "Target 8.5 among Italian regions",family="Times New Roman", col = c("#ff7676", "#fc7f78", 

"#fa877a", "#f78f7d", "#f4977f", "#f09e81", "#eda584", "#e9ac86", "#e6b388", "#e1ba8b", "#ddc18d", 

"#d9c78f", "#d4ce92", "#ced494", "#c9da96", "#c3e199", "#bde79b", "#b6ed9e", "#aef3a0", "#a6f9a3", 

"#9dffa5")) 

tabpct(DS_Regions_new$Regions,DS_Regions_new$`Target 8.6`, xlab="Regions", ylab="Target 8.6", 

main= "Target 8.6 among Italian regions",family="Times New Roman", col = c("#ff7676", "#fc7f78", 

"#fa877a", "#f78f7d", "#f4977f", "#f09e81", "#eda584", "#e9ac86", "#e6b388", "#e1ba8b", "#ddc18d", 

"#d9c78f", "#d4ce92", "#ced494", "#c9da96", "#c3e199", "#bde79b", "#b6ed9e", "#aef3a0", "#a6f9a3", 

"#9dffa5")) 

tabpct(DS_Regions_new$Regions,DS_Regions_new$`Target 9.5`, xlab="Regions", ylab="Target 9.5", 

main= "Target 9.5 among Italian regions",family="Times New Roman", col = c("#ff7676", "#fc7f78", 

"#fa877a", "#f78f7d", "#f4977f", "#f09e81", "#eda584", "#e9ac86", "#e6b388", "#e1ba8b", "#ddc18d", 

"#d9c78f", "#d4ce92", "#ced494", "#c9da96", "#c3e199", "#bde79b", "#b6ed9e", "#aef3a0", "#a6f9a3", 

"#9dffa5")) 

tabpct(DS_Regions_new$Regions,DS_Regions_new$`Target 9.c`, xlab="Regions", ylab="Target 9.c", 

main= "Target 9.c among Italian regions",family="Times New Roman", col = c("#ff7676", "#fc7f78", 

"#fa877a", "#f78f7d", "#f4977f", "#f09e81", "#eda584", "#e9ac86", "#e6b388", "#e1ba8b", "#ddc18d", 

"#d9c78f", "#d4ce92", "#ced494", "#c9da96", "#c3e199", "#bde79b", "#b6ed9e", "#aef3a0", "#a6f9a3", 

"#9dffa5")) 

tabpct(DS_Regions_new$Regions,DS_Regions_new$`Target 10.4`, xlab="Regions", ylab="Target 10.4", 

main= "Target 10.4 among Italian regions",family="Times New Roman", col = c("#ff7676", "#fc7f78", 

"#fa877a", "#f78f7d", "#f4977f", "#f09e81", "#eda584", "#e9ac86", "#e6b388", "#e1ba8b", "#ddc18d", 

"#d9c78f", "#d4ce92", "#ced494", "#c9da96", "#c3e199", "#bde79b", "#b6ed9e", "#aef3a0", "#a6f9a3", 

"#9dffa5")) 

tabpct(DS_Regions_new$Regions,DS_Regions_new$`Target 11.2`, xlab="Regions", ylab="Target 11.2", 

main= "Target 11.2 among Italian regions",family="Times New Roman", col = c("#ff7676", "#fc7f78", 

"#fa877a", "#f78f7d", "#f4977f", "#f09e81", "#eda584", "#e9ac86", "#e6b388", "#e1ba8b", "#ddc18d", 

"#d9c78f", "#d4ce92", "#ced494", "#c9da96", "#c3e199", "#bde79b", "#b6ed9e", "#aef3a0", "#a6f9a3", 

"#9dffa5")) 

tabpct(DS_Regions_new$Regions,DS_Regions_new$`Target 11.6`, xlab="Regions", ylab="Target 11.6", 

main= "Target 11.6 among Italian regions",family="Times New Roman", col = c("#ff7676", "#fc7f78", 

"#fa877a", "#f78f7d", "#f4977f", "#f09e81", "#eda584", "#e9ac86", "#e6b388", "#e1ba8b", "#ddc18d", 

"#d9c78f", "#d4ce92", "#ced494", "#c9da96", "#c3e199", "#bde79b", "#b6ed9e", "#aef3a0", "#a6f9a3", 

"#9dffa5")) 

tabpct(DS_Regions_new$Regions,DS_Regions_new$`Target 12.4`, xlab="Regions", ylab="Target 12.4", 

main= "Target 12.4 among Italian regions",family="Times New Roman", col = c("#ff7676", "#fc7f78", 

"#fa877a", "#f78f7d", "#f4977f", "#f09e81", "#eda584", "#e9ac86", "#e6b388", "#e1ba8b", "#ddc18d", 

"#d9c78f", "#d4ce92", "#ced494", "#c9da96", "#c3e199", "#bde79b", "#b6ed9e", "#aef3a0", "#a6f9a3", 

"#9dffa5")) 

tabpct(DS_Regions_new$Regions,DS_Regions_new$`Target 13.2`, xlab="Regions", ylab="Target 13.2", 

main= "Target 13.2 among Italian regions",family="Times New Roman", col = c("#ff7676", "#fc7f78", 

"#fa877a", "#f78f7d", "#f4977f", "#f09e81", "#eda584", "#e9ac86", "#e6b388", "#e1ba8b", "#ddc18d", 

"#d9c78f", "#d4ce92", "#ced494", "#c9da96", "#c3e199", "#bde79b", "#b6ed9e", "#aef3a0", "#a6f9a3", 

"#9dffa5")) 



 

tabpct(DS_Regions_new$Regions,DS_Regions_new$`Target 14.5`, xlab="Regions", ylab="Target 14.5", 

main= "Target 14.5 among Italian regions",family="Times New Roman", col = c("#ff7676", "#fc7f78", 

"#fa877a", "#f78f7d", "#f4977f", "#f09e81", "#eda584", "#e9ac86", "#e6b388", "#e1ba8b", "#ddc18d", 

"#d9c78f", "#d4ce92", "#ced494", "#c9da96", "#c3e199", "#bde79b", "#b6ed9e", "#aef3a0", "#a6f9a3", 

"#9dffa5")) 

 

Regions_sea=as.data.frame(Regions[-c(1,2,4,5,6,11),]) 

Target14.5<-as.data.frame(DS_Regions_new$`Target 14.5`) 

Target14.5_sea=Target14.5[-c(1,2,4,5,6,11),] 

as.data.frame(Target14.5_sea) 

 

tabpct(Regions_sea$Regions,Target14.5_sea, xlab="Regions", ylab="Target 14.5_sea", main= "Target 

14.5 among sea regions",family="Times New Roman", col = c("#ff7676", "#fc7f78", "#fa877a", "#f78f7d", 

"#f4977f", "#f09e81", "#eda584", "#e9ac86", "#e6b388", "#e1ba8b", "#ddc18d", "#d9c78f", "#d4ce92", 

"#ced494", "#c9da96", "#c3e199", "#bde79b", "#b6ed9e", "#aef3a0", "#a6f9a3", "#9dffa5")) 

 

tabpct(DS_Regions_new$Regions,DS_Regions_new$`Target 15.3`, xlab="Regions", ylab="Target 15.3", 

main= "Target 15.3 among Italian regions",family="Times New Roman", col = c("#ff7676", "#fc7f78", 

"#fa877a", "#f78f7d", "#f4977f", "#f09e81", "#eda584", "#e9ac86", "#e6b388", "#e1ba8b", "#ddc18d", 

"#d9c78f", "#d4ce92", "#ced494", "#c9da96", "#c3e199", "#bde79b", "#b6ed9e", "#aef3a0", "#a6f9a3", 

"#9dffa5")) 

tabpct(DS_Regions_new$Regions,DS_Regions_new$`Target 15.5`, xlab="Regions", ylab="Target 15.5", 

main= "Target 15.5 among Italian regions",family="Times New Roman", col = c("#ff7676", "#fc7f78", 

"#fa877a", "#f78f7d", "#f4977f", "#f09e81", "#eda584", "#e9ac86", "#e6b388", "#e1ba8b", "#ddc18d", 

"#d9c78f", "#d4ce92", "#ced494", "#c9da96", "#c3e199", "#bde79b", "#b6ed9e", "#aef3a0", "#a6f9a3", 

"#9dffa5")) 

tabpct(DS_Regions_new$Regions,DS_Regions_new$`Target 16.3`, xlab="Regions", ylab="Target 16.3", 

main= "Target 16.3 among Italian regions",family="Times New Roman", col = c("#ff7676", "#fc7f78", 

"#fa877a", "#f78f7d", "#f4977f", "#f09e81", "#eda584", "#e9ac86", "#e6b388", "#e1ba8b", "#ddc18d", 

"#d9c78f", "#d4ce92", "#ced494", "#c9da96", "#c3e199", "#bde79b", "#b6ed9e", "#aef3a0", "#a6f9a3", 

"#9dffa5")) 

tabpct(DS_Regions_new$Regions,DS_Regions_new$`Target 16.7`, xlab="Regions", ylab="Target 16.7", 

main= "Target 16.7 among Italian regions",family="Times New Roman", col = c("#ff7676", "#fc7f78", 

"#fa877a", "#f78f7d", "#f4977f", "#f09e81", "#eda584", "#e9ac86", "#e6b388", "#e1ba8b", "#ddc18d", 

"#d9c78f", "#d4ce92", "#ced494", "#c9da96", "#c3e199", "#bde79b", "#b6ed9e", "#aef3a0", "#a6f9a3", 

"#9dffa5")) 

 

##############################SCRIPT FOR MODEL################################## 

 

##BAYESIAN NETWORKS## 

 

install.packages("bnlearn", dependencies=TRUE) 

library(bnlearn) 

 

##Remove qualitative and perfectly correlated variables from the dataset## 

 

DS_Regions_bn=DS_Regions_new [,-c(1,7,8,16,17)] 

as.data.frame(DS_Regions_bn) 

head(DS_Regions_bn) 

 

#########APPROACH 1: Implementation of Bayesian Network at a regional level (whitelist)######### 

 

wl=matrix(c("Target 2.4","Target 2.4.2","Target 3.4","Target 3.6","Traget 4.1.3","Target 4.3","Target 

6.3","Target 6.4", 



            "Target 7.2","Target 7.3","Target 9.5","Target 9.c","Target 11.2","Target 11.6", 

            "Target 15.3","Target 15.5","Target 16.3","Target 16.7"),ncol=2, byrow = TRUE) 

wl 

 

bn.hc1 <- hc(DS_Regions_bn, start = NULL, whitelist = wl, blacklist = NULL, score = "bic-g", 

            debug = FALSE, restart = 2, perturb = 1, max.iter = Inf, maxp = Inf, optimized = TRUE) 

bn.hc1 

 

arc.strength(bn.hc1, DS_Regions_bn) 

 

install.packages("BiocManager") 

BiocManager::install("Rgraphviz") 

 

graphviz.plot(bn.hc1, highlight = NULL , layout = "fdp", 

              shape = "ellipse", main = NULL, sub = NULL, render = TRUE) 

 

bn.fit1 = bn.fit(bn.hc1, DS_Regions_bn, method = "mle", keep.fitted = TRUE, debug = FALSE) 

bn.fit1 

 

 

###### APPROACH 2: Implementation of Bayesian Network at a macro area level (whitelist)####### 

 

##Creation of the new dataset 

 

DS_Regions_area <- read_excel("DS_Regions_Area.xlsx") 

 

View(DS_Regions_area) 

 

DS_Regions_area_quant=DS_Regions_area [,-c(1)] 

 

##Scale the new dataset 

 

DS_Area_scale=apply(DS_Regions_area_quant, 2, scale) 

mean(DS_Area_scale) 

var(DS_Area_scale) 

summary(DS_Area_scale) 

 

DS_Area_scale=as.data.frame(DS_Area_scale) 

 

##Implementation of Approach 2 

 

bn.hc2 <- hc(DS_Area_scale, start = NULL, whitelist = wl, blacklist = NULL, score = "bic-g", 

            debug = FALSE, restart = 2, perturb = 1, max.iter = Inf, maxp = Inf, optimized = TRUE) 

 

arc.strength(bn.hc2, DS_Area_scale) 

 

bn.hc2 

 

graphviz.plot(bn.hc2, highlight = NULL , layout = "fdp", 

              shape = "ellipse", main = NULL, sub = NULL, render = TRUE) 

 

bn.fit2 = bn.fit(bn.hc2, DS_Area_scale, method = "mle", keep.fitted = TRUE, debug = FALSE) 

bn.fit2 

 

##Goodness-of-fit and Predictive accuracy of the models  



 

logLik(bn.fit1,DS_Regions_bn) 

logLik(bn.fit2,DS_Area_scale) 

 

AIC(bn.fit1, DS_Regions_bn) 

AIC(bn.fit2, DS_Area_scale) 

 

BIC(bn.fit1, DS_Regions_bn) 

BIC(bn.fit2, DS_Area_scale) 

 

bn.cv(DS_Regions_bn, bn.hc1, loss = NULL, fit = "mle", fit.args = list(), method = "k-fold", debug = 

FALSE) 

bn.cv(DS_Area_scale, bn.hc2, loss = NULL, fit = "mle", fit.args = list(), method = "k-fold", debug = 

FALSE) 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



Summary  

 

The UN resolution for the 2030 Agenda announced 17 Sustainable Development Goals (SDGs) in September 2015. 

Such goals are meant to address the institutional and governance aspects of the three pillars of sustainable 

development (SD), which are environmental, social, and economic (Costanza et al.,2016). Many governments are 

currently committed to achieving these objectives. To this goal, the subnational governments are crucial to the local 

level implementation of the SDGs. The 193 UN Member States' performance toward the Sustainable Development 

Goals is assessed in the Sustainable Development Report. The worldwide SDG Index and Dashboards are included 

in the Sustainable Development Report 2022 in their seventh iteration. It is not an official SDG monitoring tool, but 

rather an addition to the collection and standardization efforts made by international organizations and national 

statistical agencies. More often than not, low-income countries tend to have lower SDG Index scores. This is partly 

due to the nature of the SDGs' nature, which places a significant emphasis on eradicating extreme poverty and 

ensuring that everyone has access to essential services and infrastructure (SDGs 1–9). In addition, less developed 

nations frequently lack the necessary infrastructure and management tools to handle the major environmental issues 

covered by SDGs 12 through 15. However, from the standpoint of social welfare and sustainable development, a 

country's performance is not solely based on its GDP. To date, indicator frameworks have gained popularity as a 

useful tool for benchmarking, public communication, and policy making. They will serve as the cornerstone of 

tracking the SDGs' development at all levels. In particular, Bayesian Networks (BNs) have grown in favor among 

experts as a way to examine interdependencies and cause-and-effect linkages while simulating complicated issues 

that contain many interconnected variables. The overarching aim of this work is to implement Bayesian Networks 

for the SDGs atomic indicators in order to answer three main research questions: I) What is the structure of the 

relationships among the SDGs atomic indicators in terms of conditional independence statements; II) What role do 

the Italian regions and autonomous provinces play in the overall SDGs system of indicators; III) To what extent does 

the relationship structure reflect the current SDGs theoretical framework. With the eventual goal of creating an SDG 

index applicable to Italian regions and autonomous provinces, a dataset was created to achieve this classification by 

taking into account a total of 21 observations, which correspond to Italian regions and autonomous provinces, and 

28 variables, which correspond to the targets comprehended in the Sustainable Development Goals. As far as the 

variables are concerned, the data on the Sustainable Development Goals included in the UN Agenda 2030 have been 

gathered starting from the Alleanza Italiana per lo Sviluppo Sostenibile Report 2021 (ASvis Report), a special unique 

tool that collects and analyzes data on how regions, provinces, metropolitan areas, urban areas, and municipalities 

rank in relation to the SDGs.  

 

Before implementing the model, a deep descriptive analysis of the dataset was provided, highlighting relevant 

aspects. To begin with, the number of indicators chosen corresponds to this breakdown, just as the United Nations 

has identified a different number of targets for each Sustainable Development Goal. This could be due to the fact that 

some SDGs are more complex than others, necessitating the use of more indicators to describe them. SDG 4 

(education quality) accounts for 14.3 percent (four variables) of the total number of targets. Afterwards, the 

correlation among the targets has been examined to observe which and how many targets are positively correlated. 

Most of the targets have a high degree of correlation with one another, either favorably or negatively. Particularly, 

there is a significant positive correlation between Targets 8.6, 5.5, 16.7, and 2.4.2. Targets 6.4, 12.4, 4.1.3, 3.4, 10.4, 



4.3, 7.3, 4.1, 4.1.2, 1.2, and 8.5 are similar to each other. Further analysis reveals that some targets that correspond 

to the same Sustainable Development Goal have a high negative correlation with one another. For instance, although 

being indicators of the same SDG (SDG8), Target 8.6 and Target 8.5 have a correlation rating of -0.98. In contrast, 

Targets 4.1 and 4.1.2, which are related to the same SDG (i.e. SDG4), have a correlation index of 0.98. In light of 

these findings, precisely correlated targets won't be taken into account while building the BN model. More 

specifically, Targets 3.4 and 3.6, for example, have a correlation index of -0.36, Targets 15.3 and 15.5 (-0.04), and 

Targets 11.2 and 11.6 (-0.04). (-0.63). The remaining targets are finally connected by a weak sort of correlation, 

which may be positive or negative. Moreover, it is possible to draw attention to the existence of targets that, despite 

being indicators of the same SDG, have only a weak negative correlation with one another. Eventually, the 

positioning of the targets in the various Italian regions and autonomous provinces has been examined to determine 

which regions have made the most progress toward achieving the sustainable development targets. Based the analysis 

of target 1.2, it can be argued that the northern Italian regions and the autonomous provinces of Bolzano and Trento 

have higher values than the others. By proceeding with the analysis for each target, it is shown that, when considering 

the targets connected to SDG2 regarding the development of sustainable agriculture, it is the northern Italian regions 

that exhibit the lowest values for Targets 2.4 to 2.4.2. When considering Target 11.6, which calls for lowering the 

number of days per year that the PM10 (particulate matter) limit is exceeded, it is clear that the areas with higher 

values correspond to those with lower population densities and territorial extensions (i.e., Molise, Autonomous 

Province of Bolzano and Autonomous Province of Trento). The areas that perform the worst, however, are Piedmont, 

Lombardy, and Veneto (Figure 4). In fact, these are the Italian regions with the highest population densities and thus 

the highest levels of pollution, making it more challenging to meet this goal. Therefore, it has been proven that, 

depending on the target being considered, both northern and southern regions can perform well or poorly, with no 

particular pattern noted. Once more, the model will aid in the better explanation of the outcomes just mentioned and 

may offer Italian policymakers in the development sector a useful tool for reallocating resources where they are most 

needed and accomplishing the SDGs. 

 

The statistical tools used for this study were essentially the Bayesian Networks. The basic idea of BNs is to combine 

probability and graph theory by encoding the set of conditional independence relationships among a set of variables 

in a graphical structure that can be easily read and interpreted. The graphical structure is made up of nodes and edges 

between pairs of nodes. Each variable is represented by a node in the graph and a missing edge between two nodes 

corresponds to a conditional independence relationship between the two variables. The present study identifies 

continuous (only continuous variables have been used) and static (temporal dependence is not covered by the 

model) Bayesian Networks. The model has also included geographic information, which has been retained 

firstly at a regional level, and then a division in macro-areas was applied, corresponding to the geographical 

division of Italy in North, Center and South (N-C-S). Eventually, prior information was incorporated by 

formalizing a whitelist to be passed to the learning algorithm in order to address the first two research 

questions. This resulted in two Approaches. The first approach has been devoted to investigating the 

relationship between the atomic indicators, thereby answering the first research question. The second 

approach, on the other hand, has seek to answer the second research question by investigating the 

relationship between the SDG domains.  

 



With regards to the Bayesian Network resulted by implementing the first Approach the 24 nodes end up being 

divided into two primary connected components, or groups of nodes for which it is possible to move from 

one node to another using edges that exclusively connect the nodes in that group. This initial Bayesian 

network's component with the highest degree of connectivity is the one where the variable "Target 3.6" is 

one of the root nodes, starting the most arcs. The connected component, for which "Target 3.4" is one of 

the root nodes, is the same. Within the network, these two variables are the most interconnected. In actuality, 

the variable "Target 3.6" is connected to 9 out of the 24 nodes, whereas the variable "Target 3.4" is related 

to 8 out of the 24 nodes. This is a conclusion that could have been predicted given that the variable "Target 

3.4" has a strong positive connection with a significant portion of the variables in the dataset, according to 

the correlation analysis of the variables. Moreover, the network resulting from the applied hc algorithm has 

an almost concentric shape. It is evident from the data that there are more links and interconnections 

between components the closer you are to the center. Starting with the network's core nodes, we can observe 

that they match Targets 3.4 and 3.6. They specifically make reference to Sustainable Development Goal 3, 

which is focused on promoting and ensuring healthy living for people of all ages. It is clear that the majority 

of the goals have an impact on SDG 3 based on their placement within the network and the amount of in-

degrees. Since SDG 3 is the one that aggregates the accomplishment of the other targets in a broader sense, 

this outcome is to be expected. SDGs 9 (Industry, Innovation and Infrastructure), 2 (Zero Hunger), 1 (No 

Poverty), 12 (Responsible Consumption and Production), and 15 in particular have an impact on it (Life on 

Land). Since they all contribute to the definition and achievement of well-being, which in this case derives 

from the absence of poverty and hunger, these goals can actually be considered components of the third 

SDG. On the other hand, if out-degrees, or the quantity of outgoing edges, are taken into consideration, it 

becomes clear that the nodes near the network's edges have the greatest number of out-degrees. The nodes 

associated with SDGs 1 (No Poverty), 11 (Sustainable Cities and Communities), 7, and 5 (Affordable and 

Clean Energy) in particular (Gender Equality).  

In order to answer the second research question concerning the relationships and roles of the different SDG 

domains, BNs were estimated by encoding according to Approach 2. The sole difference between Approach 

1 and Approach 2 is that the analysis is now held at a macro-level rather than a regional level (N-C-S). The 

first significant difference can be seen right away based on the topological study of the Bayesian network 

shown above. Three macro groupings can actually be found. The first macro group is denoted by the nodes 

that correspond to SDGs 11 (Sustainable Cities and Communities), 2 (Zero Hunger), 6 (Clean Water and 

Sanitation), 9 (Industry, Innovation, and Infrastructure), and 14 (Industry, Innovation, and Infrastructure) 

(Life Below Water). The node corresponding to the variable "Target 14.5" has an isolated and marginal 

position in regard to the overall network, just like in the previously examined network. The second macro-

group of recognizable nodes is located lower than the Network's center and is primarily made up of nodes 

that are related to the SDGs 4 (Quality Education), 8 (Decent Work and Economic Growth), 3, good health 

and wellbeing, and 16 (Peace, Justice, and Strong Institutions), among others. It is also made up of nodes 

that are related to the SDGs 12 (Responsible Consumption and Production). The nodes that correspond to 



SDGs 7 (Affordable and Clean Energy), 4 (Quality Education), and 13 make up the last macro-group that 

can be identified (Climate Action). SDG 3 (Good Health and Well-Being) centrality is discovered, much 

as what was discovered in the Bayesian Network as a result of the use of Approach 1. The majority of nodes 

in the network can be seen to have a serial type of structure and, as a result, to have an out-degree value of 

one. Since there is a dependency link between SDGs 6 and 11 that passes through SDG 2 and then influences 

SDGs 9 and 14, it may be claimed that the first macro-group under consideration contains aims that are 

more "environmental" in nature. In reality, there is evidence that more sustainable agriculture depends on 

an expansion of the water delivery system. Goals categorized as "social" can be found in the second group 

of SDGs under consideration. Finally, it may be said that "educational" aims make up the third macro-group 

of discovered nodes. The latter grouping, however, is more challenging to comprehend, therefore it is 

possible that new atomic indicators for the SDGs-related Targets will need to be identified as those shown 

may not take into consideration nonlinear dependency linkages among them.  

 

From the network assessed after having performed Approach 1 it can be argued that the analysis, conducted 

at the regional level, is valuable since it confirms the assumptions made in the descriptive analysis 

conducted at the start of this study. In fact, the first Network closely replicates the theoretical underpinnings 

of the Sustainable Development Goals and how they were broken down into discrete metrics, or "Targets." 

The subdivision into spatial macro-areas (N-C-S) presents better values in terms of predictability and 

accuracy of the model, it can be observed from the data coming from the examination of the goodness and 

accuracy of the model. This second Bayesian Network, which presents a grouping of Targets in which the 

usage of whitelisting is much more apparent, can thus be said to be easier to read than the first. In fact, it is 

discovered that within the Network, Targets that are indicators of the same SDGs are closely and obviously 

related. Finally, the correlation analysis of the variables conducted in the descriptive portion of this study 

shows a stronger correspondence with the second Bayesian Network. This is a visual illustration of how 

Bayesian Networks, in comparison to other models, have as their key advantage that they are far more 

interpretable and, as a result, significantly more useful in decision-making. The estimated network was 

created using a set of atomic indicator SDGs, but it has been demonstrated that further research should also 

examine the possibility that some significant variables are absent from this set, as well as the desirability 

of nonlinear relationships that the current model (the GBN model), which is unable to recognize them. The 

Network that emerges from the application of Approach 2 demonstrates that all SDGs are related to one 

another by a maximum of one arc, demonstrating that the division of SDGs is effective in identifying 

phenomena that, despite being distinct, are connected. Given that one goal affects a second goal, which in 

turn influences a third, this is crucial information for making decisions. This analysis examines the 

unavoidability of the Sustainable Development Goals and indicates that pursuing one objective necessitates 

pursuing all other goals that are either directly or indirectly related to it. In fact, this is one of the key reasons 

that many regulations include restrictions to prevent the advancement of one Sustainable Development Goal 

at the expense of the detriment of another. 


