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Technological	developments	based	on	Artificial	Intelligence	(AI)	and	em-
pirical science in all areas of society are opening new opportunities for 
social work and social inclusion programs. AI relies on Big Data manage-
ment systems, which in turn provide opportunities for descriptive infer-
ence and preventative measures, as well as data-informed decision making. 
 This article outlines the characteristics of Big Data and describes the 
process of designing a tool for diagnosing social exclusion, the SiSo scale. 
The tool consists of a scale that uses 25 variables to assess situations of 
social	difficulty	on	the	inclusion-exclusion	spectrum.	It	is	currently	being	
used in the social services department of one of Spain’s seventeen Auton-
omous Regions. The SiSo scale has the potential to advance the design of 
a Big Data system for social inclusion programs, provided we ensure the 
quality of the data. To this end, this study analyzes the suitability of the 
SiSo	tool	for	measuring	situations	of	social	difficulty	by	conducting	a	Cate-
gorical Principal Components Analysis (CATPCA) and a Linear Principal 
Component Analysis.

The	findings	of	 the	study	confirm	the	tool’s	suitability	and	value	 for	
measuring levels of risk for social exclusion, as well as the feasibility of 
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implementing a system based on data generated by social inclusion pro-
grams. This article also highlights the opportunity that Big Data provides 
to generate knowledge by and for social work.

Keywords:	Artificial	 Intelligence,	Digital	Social	Work,	 ICT,	social	exclu-
sion, social services

Introduction

The information and knowledge society that emerged at the end 
of the twentieth century, characterized by the development of In-
formation and Communication Technology (ICT) and globalization 
(Castells, 1996; Krüger, 2006), is giving way to a post-global society 
(Duguin, 2013, 2018; Benedetto, 2020) and new forms of relation-
ships at the local level (Zuiker, 2010). In this new context, Artificial 
Intelligence (AI) is emerging as a technology with unprecedented 
capacity for social transformation.

AI refers to the simulation of human intelligence using ma-
chines and software (Pascual, 2019). Russel and Norvig (2009) iden-
tified four types of AI: systems that think like humans (artificial 
neural networks); systems that act like humans (robots); systems 
that use rational logic (expert systems); and systems that act ratio-
nally (intelligent agents). All these aspects are covered in the defi-
nition of AI used by the U.S. National Security Commission on 
Artificial Intelligence (NSCAI, 2021). According to the European 
Commission (2020), “AI is a collection of technologies that combine 
data, algorithms and computing power” (p. 2). AI is present in a 
large part of our daily activities (Lorente, 2017; Pombo et al., 2018) 
and has completely modified our lives (Zhongmei et al., 2020). Its 
various applications are used to address major challenges of ad-
vanced societies, such as treating chronic diseases, reducing traffic 
accidents, fighting climate change, and cybersecurity (European 
Commission, 2018). Progress using AI is also being made in social 
work and social services (López et al., 2020; Wilkerson et al., 2020).
Social work is a scientific discipline and professional practice aimed 
at social transformation that must be able to consciously and deci-
sively integrate technological advances in research and all areas of 
professional practice. In this vein, e-social work gives rise to a new 
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specialized field that uses technology for social interventions (Cas-
tillo, 2017; Chan & Holosko, 2016; Coleman, 2011; López Peláez et al., 
2018; Raya, 2018). The purpose of incorporating AI into social work 
practice is to strengthen the profession’s capacity to protect citizens’ 
rights; improve the quality of the services provided; increase pro-
fessional, digital, and analog skills, and generate knowledge from 
practice. Nevertheless, social work practice seems oblivious to the 
potential of such technologies for social transformation (D’Antonio 
& de Lucas, 2017; Wilkerson et al., 2020), almost as if AI was some-
thing that pertains only to other disciplines (Raya, 2021). This fact 
was clearly evidenced by the management of social services during 
the COVID-19 pandemic (Wilkerson et al., 2020). Therefore, to ad-
vance in this respect would be to advance in the development of 
social work in the twenty-first century.

AI is developed through the management of large volumes of 
data. As highlighted by the Spanish Institute of Knowledge Engi-
neering, meaning can be given to data for use in the decision-mak-
ing process via AI (Instituto de Ingeniería del Conocimiento, 2021). 
Social work generates a large volume of data in the various fields in 
which professional practice takes place. By using AI systems, these 
data can be used to enhance social intervention processes.
 In this article, we focus on the value of scientific knowledge 
generated by social workers and its application in social inclusion 
programs. This is accomplished through the creation of Big Data 
systems and the production and management of data stemming 
from social service interventions. This article describes the process 
of design and implementation of a tool to diagnose social exclusion 
resulting from collaboration between the Castilla-La Mancha Re-
gional Government’s Social Welfare Department and the Univer-
sity of La Rioja. Such collaboration was financed by the 2017-2020 
European Social Fund for Castilla-La Mancha. 
 Castilla-La Mancha is one of Spain’s seventeen Autonomous 
Regions. The region is located in the center of Spain, bordering to 
the south with Andalusia. According to the municipal census, An-
dalusia has 2,045,221 inhabitants, or 4.3% of the total population 
of Spain. The AROPE formula calculates the total number of per-
sons below the poverty and social exclusion threshold.  According 
to the formula, 30.7% of the population of Castilla-La Mancha is 
in a condition of poverty or social exclusion. This is higher than 
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the national rate of 25.3%, and the rate of 21.4% for the 28 countries 
which belonged to the European Union at the time (EU-28).
 Spain’s decentralized social policy-making model gives a high 
level of autonomy to its regional governments. As a result, all Au-
tonomous Regions have a Social Welfare Department that formu-
lates social policies and interventions, including social inclusion 
programs. The creation and implementation of the SiSo Situación 
Social (Social Situation) scale is a response from Castilla-La Man-
cha’s Social Welfare Department to demands of social service pro-
fessionals and social inclusion organizations for valid and effective 
technological tools to assess complex situations. At the same time, 
the creation of this tool also responds to requests from various gov-
ernment agencies documenting social exclusion. Such reports are 
often needed, for example, to document eligibility for employment 
programs or discounts on energy bills.

The complex and ambiguous nature of social exclusion make 
it necessary for social work and social inclusion programs to have 
common conceptual frameworks, tools and language to help avoid 
situations of unfairness and injustice in the distribution of social 
services or benefits. Various authors have documented the need for 
valid and effective tools to assess social exclusion (Bramley & Bai-
ley, 2018; Department of Equality, Justice, & Social Policies, 2013; 
Dermott & Main, 2018; Hernández, 2008; Gilbert, 2009; Gingrich 
& Lightman, 2015; Hernández; 2008; Laparra, 2008). The SiSo scale 
was created in response to that documented need. This name was 
chosen due to its neutral and non-stigmatizing nature.

Since its implementation in May 2018, the regular use of the SiSo 
tool by professionals in social inclusion programs has generated a 
large volume of data on all aspects related to social exclusion. These 
data, which are managed via Big Data applications, are extremely 
valuable for decision-making and social interventions. AI systems 
depend on and aim to produce high quality data. This fact motivat-
ed the literature review presented in this paper which served as a 
foundation for the development of the SiSo tool.

The main purpose of this article is to demonstrate the feasibility 
of developing Big Data systems based on data generated in social 
services, and describe the implementation process of the SiSo tool in 
one of Spain’s seventeen Autonomous Regions. The first section of 
this article consists of a literature review on the role of Big Data for 
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social inclusion. The second section describes the study’s research 
methods.  This includes a description of the SiSo tool’s implemen-
tation process, the operational objectives and the methods used to 
check the quality of the tool. The study findings are presented in 
the third section, along with recommendations to improve the sys-
tem based on statistical criteria. The conclusions section provides 
general guidelines as well as lessons learned from the implementa-
tion of the tool in Castilla-La Mancha.

Big Data for Social Inclusion

Big Data, or the storage and management of large datasets, is 
now a reality that touches many of our daily activities. Technologi-
cal advancements have not only made storage easier, but have also 
enabled us to teach machines and enabled machines to learn by 
themselves. Through complex mathematical processes, data-based 
algorithms, new tools and software programs (Redondo, 2020), data 
are converted into information that can help in decision-making 
and generate greater competitiveness in organizations (Benavides 
Reina & Pedraza-Nájar, 2018; Contreras-Medina & Díaz-Nieto, 2014; 
Rodríguez et al., 2019). 

The progress of Big Data in all areas of the economy, politics, 
and society at large is unstoppable (Duque-Jaramillo & Villa-Enci-
so, 2017; Duran, 2014; Mayer-Schönberger & Cukier, 2013; Van Ri-
jmenam, 2014). Reportedly, there are three types of data: structured, 
unstructured, and semi-structured (Duran, 2014; Redondo, 2020). 
The first has a fixed format and uses numbers for storage in databas-
es; in the second type, as the name suggests, data are disorganized 
and come from various sources. Finally, the third type represents 
a mix of the first two. The underlying idea of Big Data is that “the 
more you know about something, the greater your understanding, 
and the greater your ability to engage in informed decision-making 
aimed at finding solutions” (Redondo, 2020, p. 1). Advanced analyt-
ical tools can organize large amounts of data and can convert them 
into information needed for decision-making. 

Big Data increases the possibility of generating knowledge for 
and through social work (Castillo, 2017; Coulton et al., 2015; Getz, 
2014). To this end, data associated with social interventions need 
to be adequately managed, analyzed, and integrated. In the social 
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services sector, data and information about users are collected at 
different times and through different systems. These data are of-
ten used to formulate public policies (Real & de las Heras, 2011; 
van Veenstra et al., 2020). The resulting databases and Information 
Management Systems facilitate access to relevant social interven-
tion data.  These systems, in turn, ensure that data are not dispersed 
across various applications, on paper or, worse, lost on shelves, in 
drawers, or in disorganized computer files.

The management system for data stored in databases or re-
positories must facilitate returning pertinent information to the 
individuals who supplied the data. After users have access to the 
data, they need to analyze them using selected criteria. In social 
inclusion programs, for instance, it is useful to create service user 
profiles, including their characteristics, and how they are similar 
or different.  It is also useful to identify the variables associated 
with exclusion, and what population subgroups are vulnerable or 
in high-risk situations. 

It has been suggested that in order to understand Big Data, we 
need to evaluate it using Big Data’s Big Vs (Duran, 2014; Redondo, 
2020; Van Rijmenam, 2014). These are volume, velocity, variety, ve-
racity, value, and variability. These criteria must also be applied to 
data generated by social inclusion programs. The first V—volume, 
means that Big Data systems need large datasets. During social in-
terventions, a wide range of data on service users and their families 
are collected at different points in time. These collected data make 
possible the creation of large and diverse datasets. For instance, 
since the SiSo tool was implemented in 2018, over 60,000 social ser-
vice user data records have been created in Castilla-La Mancha.

The second V, velocity, refers to the speed at which data are 
received and processed.  This requires the use of advanced infor-
mation management systems. Such systems are dependent on those 
who supply the system with data. Many Big Data applications col-
lect user data that results from internet browsing. In the case of 
social inclusion programs, however, Big Data depends on social 
work professionals to supply data to the system. Because of this, 
the effectiveness of Social Work Big Data systems depends on the 
intrinsic and extrinsic motivation of the professionals who provide 
the data independently from the cost or high level of investment 
made for the creation of information management system.
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The third V refers to the variety of sources of data such as text, 
audio, and video that may require more intense processing. Social 
inclusion programs collect and process data on various areas of 
the service users’ lives such as: economics, employment, housing, 
cohabitation, education, health, and other sociodemographics. Fur-
thermore, the information management systems also keep track of 
data associated with the system’s use, such as dates, time spent, etc. 
The system keeps track of user benefit requests and stores support-
ing documents related to such requests. This adds to the wealth of 
the Big Data system.

The fourth V, veracity, relates to questions of validity and re-
liability. We must avoid storing poor-quality data, given that this 
could lead to incorrect conclusions, decisions, or bias and discrimi-
nation (Buolamwini & Gebru, 2018; Degli-Esposti, 2019). Data must 
be valid and reliable in order to produce relevant outcomes. Verac-
ity leads to the fifth V, value. Value is the ultimate goal of Big Data. 
Social inclusion programs seek the social integration or reincorpo-
ration of users that are vulnerable or at risk of exclusion. For this 
reason, the data supplied to the system must be useful towards 
this end. Additionally, it is important to differentiate between data 
relevant for direct client interventions and data that are useful for 
diagnosis, follow-up, and evaluation. Regardless of the type of data 
received, we must ensure that the resulting information is analyzed 
and returned to the professionals who supplied the data in a timely 
manner to make sure they do not lose their interest and motivation 
to provide data to the system. 

The sixth V refers to variability. Large databases can be used for 
different purposes (Redondo, 2020). In the case of the SiSo tool, the 
data supplied to the system makes it possible to diagnose difficult 
social situations at the individual case level. In addition, the tool’s 
dashboard provides updated information on the characteristics of 
the registered population based on different inclusion and/or exclu-
sion variables. Furthermore, the SiSo tool can generate lists using 
up to five different filters. As a result, the system serves as a man-
agement tool for social intervention.

In addition to the above six Vs, we should also consider vul-
nerability, volatility, visualization, and validity (Van Rijmenam, 
2014). Vulnerability refers to security and privacy issues; volatility 
refers to the data’s obsolescence; visualization refers to the data or 
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information’s graphical representation, and validity refers to the 
value of the data.

The potential of Big Data is huge. Its main applications have been 
applied to business, banking and insurance (Management Solu-
tions, 2015; Padilla-Barreto et al., 2017; Van Rijmenam, 2014, 2019). 
Big Data has been used as a prevention tool in medicine (Dash et 
al., 2019), to fight poverty (Pokhriyal & Jacques, 2017) and to assess 
child risk.  The Allegheny Family Screening Tool (AFST), for in-
stance, has been used to assess child risk. The AFST is a predictive 
risk modeling tool that rapidly integrates and analyzes hundreds of 
data elements for each individual involved in an allegation of child 
maltreatment (Vaithianathan et al., 2019). As in all fields in which 
Big Data is used, such as social work and social inclusion programs, 
careful data analysis and interpretation are needed in order for the 
system to represent a useful tool (Gillingham, 2020). The use of Big 
Data in social work has just begun, and judging by the low number 
of references linking social work to big data in journals indexed in 
Scopus, there is still a long way to go. A few authors that have writ-
ten on this subject include He & Liu (2017), Gillingham & Graham 
(2017), and Fink (2018). 

Methods

This section presents SiSo as a tool to collect data for its subse-
quent analysis, identifies the operational research objectives, and 
describes the procedures that were followed and the analyses that 
were performed.

Tool

The SiSo scale for measuring social inclusion is organized 
around six dimensions: economic, employment, education, hous-
ing, health, and relational. It is presented as a rubric with four lev-
els of intensity with respect to social difficulty: little or no difficul-
ty; some difficulty; considerable difficulty, and a lot of difficulty. 
Furthermore, the conceptual framework of the scale provides a 
description of the situations compatible with each level of difficul-
ty. After the corresponding intervention interviews are conducted, 
professionals use the SiSo tool to record the levels of difficulty that 
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best describe the various situations. This process usually takes be-
tween 7 and 10 minutes. SiSo then generates a report with a graph-
ical presentation of the level of difficulty for the case in question. 
This provides a snapshot of the household situation at the time of 
the intervention. Subsequently, as many pertinent case reports as 
needed can be generated.

The data generated and collected are stored in the SiSo data-
base. These data are subsequently analyzed to produce information 
useful for the formulation and evaluation of social policies and for 
the management of social inclusion programs. Since implementa-
tion of the tool in 2018 until January 2021, a total of 20,156 active files 
and 64,816 archived files with historical data have been stored in 
the database. These numbers should help us understand the poten-
tial for data generation of the social service delivery system.

After using the tool for three years, it has become necessary to 
assess the value of the collected data and evaluate its measurement 
capacity based on a mathematical model and an analysis of its prin-
cipal components.  This should enable us to identify possible design 
errors related to the selection of indicators and the development 
of the scale. The following operational research objectives seek to 
help us achieve this objective: (1) Compare the levels of difficulty re-
sulting from the use of the scale through theoretical weighting and 
classify them using multivariate statistical tests, and (2) Propose a 
measurement system based on statistical criteria to strengthen the 
SiSo tool.

Procedure and Analyses

The performed analyses were divided into three stages. The 
first stage sought to create an initial indicator of social difficulty 
to describe the severity of the household’s situation. Four levels of 
difficulty were created to describe the needs of service users, which 
we will describe in a subsequent section of this paper. The second 
stage sought to produce a second indicator by using different sta-
tistical analyses.  This second indicator, in turn, has four different 
sections and it is used as a control in the next stage. The third and 
final stage sought to compare the two types of indicators created. 
The comparison of both types of indicators makes it possible to 
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reconsider the values assigned to some of the variables, and the 
suitability of the variables used in the analysis. 

First	Classification:	Building	a	First	Level	of	Difficulty	Indicator		

The analyses of the first stage are aimed at creating an indicator of 
social difficulty based on weights given to selected variables. During 
the design of the scale, cut-off points in the definition, social exclu-
sion, were determined based on a selected theoretical criterion. This 
was done by weighting the levels of difficulty for each corresponding 
dimension. It was therefore considered that structural factors related 
to exclusion such as economics, employment, and housing, should 
have a greater weight (0, 2, 4, and 6 points) than those relating to per-
sonal and education aspects (0, 1, 2, and 3 points). Factors related to 
health were given a midrange value (0, 2, 3, and 4 points). These cri-
teria, used in other research studies conducted in Spain to measure 
social exclusion (Hernández, 2008; Sartu Federation, 2002), were used 
to establish levels of social difficulty. 

While assessing different situations, a score is calculated by 
adding the scores corresponding to each of the 35 variables. This 
score ranges from 0 to 113. Furthermore, in order to obtain a more 
precise assessment, the overall level of difficulty is divided into 
four levels.

The client population was classified according to four levels of 
difficulty. The group with the lowest level of difficulty represents 
3.2% (n=606) of the client population and includes users with scores 
of 28 points or lower. Two groups were assigned to the intermedi-
ate levels of difficulty. They represented 56.1% (n=10,644) and 38.4% 
(n=7,290) respectively of the total client population. Members of 
these two groups scored between 29 and 57 points, and between 
58 and 85 points. Finally, the group with the highest level of diffi-
culty represents 2.3% (n=428) of the client population.  Its members 
scored 86 points or more (JCCM, 2018).  
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Second	classification:	The	construction	of	a	second	indicator
of	level	of	difficulty	using	multivariate	analysis	techniques	

In this stage, a Categorical Principal Components Analysis (CAT-
PCA) and a Linear Principal Component Analysis (PCA) were used 
sequentially. The main reasons for using these analyses included the 
availability of nominal variables (Carbonero Muñoz & Ruíz Vega, 
2016; Pérez et al., 2002). An attempt was made to understand if the 
variables adapted to the dimensions of the study, and to apply the 
principle of parsimony to reduce the number of study variables. As 
a result, six factorial scores, representing each of the six areas of the 
tool, were obtained. The PCA based on the factorial scores produced 
a metric variable that incorporated the various variables.   

Lastly, four levels of difficulty were created. The lowest level of 
difficulty grouping 13.9% (n=2,628) of the client population includ-
ed users with SD between -4.45 and -1. The intermediate levels of 
difficulty grouping 33.8% (n=6,406) and 39.8% (n=7,546) of the client 
population included users with SD between -1 and 0, and 0 and +1, 
respectively. Finally, the highest level of difficulty grouping 12.6% 
(n=2,393) of the client population included users with SD between 
+1 and 4.3. 

Third	stage:	Comparison	between	the	first	and	second	classifications

At this stage of the study, the scores associated with the first 
and second indicators were compared. To this end, the following 
steps were taken: (1) Conducted linear correlation analysis between 
the objective first and second indicator scores; (2) Created graphical 
representation of the values obtained from the two indicators; and 
(3) Compared the two sets of indicator scores by performing basic 
descriptive analyses on the two scales.

Findings

Linear	correlation	analysis	and	scatter	diagram

The correlation between the two indicators aimed to identify 
the degree of significance and the strength of the association be-
tween both variables. This was done through a Pearson’s correlation 
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(Pearson’s R =.947; p<.001). The identified correlation coefficient and 
level of significance indicate a strong and significant correlation. 

Furthermore, the findings of the statistical analysis were graph-
ically illustrated by the following scatter diagram.  The values re-
sulting from the first and second classifications are represented on 
the X and Y axes, respectively. The results illustrated in the graph 
show that most cases clustered around the diagonal line.

Figure 1. Scatter Diagram Showing the Association between the 
First and Second Indicators of Social Difficulty 

Comparison of Items According to Level
of	Difficulty	Based	on	Two	Indicators

The figures in the appendices show strong correlations for the 
scores for each dimension of social difficulty. The first groupings of 
social difficulty stemmed from the theoretical weighting and the 
second one stemmed from a statistical approach. Due to space lim-
itations, we only report the most relevant findings related to the 
four dimensions: (1) economic; (2) employment; (3) housing; and (4) 
residential situation. 
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Findings related to the economic dimension show that users 
with incomes greater than 100% of Spain’s median income and 
households that do not have material deprivation have a negative 
value in the second-stage indicator that is lower than their value 
in the first-stage indicator (Figure 1). This is reflected in variables 1 
(Income level) and 4 (Home deprivation) in Figure 1. As mentioned 
above, items i.1 and i.13 have lower scores in relation to the second 
indicator of social difficulty. 

Figure 2. Statistical Measurement of Economic Dimension (Z Scores)

Note. Source: The authors

• V.1. Income level. I.1. Income greater than 100% of the country’s median income; I.2. Income between 
60% and 100%; I.3. Income between 30% and 60%; I.4. Income less than 40%; 
• V.2. Sources of income. I.5. Income from non-contributory benefits. I,6. Income from the informal 
economy, non-recurring or family benefits; I.7. Income from the informal economy, non-periodic or 
family benefits. I.8. No income or marginal income. 
• V.3. Income forecast. I.9. Income greater than one year; I.10. Income between 6 and 12 months; I.11. 
Income between 3 and 6 months; I.12. Without income or less than three months; 
• V.4. Home deprivation. I.13. There is no deprivation; I.14, Less than 4 concepts; I.15. Absence of be-
tween 4-6 concepts; I.16. Absence of at least 7 concepts. 
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Something similar happens in relation to the employment and 
education dimensions. Users who do not have employment prob-
lems score somewhat lower on the second indicator of social dif-
ficulty. Similarly, the items related to up-to-date qualifications, ac-
tively searching for employment, and skills management, obtain 
lower values in the second statistical indicator than in the first 
weighted classification. Furthermore, the findings reported in Fig-
ure 3 show that the less severe items score a lower value in both 
dimension variables. This can be observed for variables 5, 6, and 7. 
For these variables, the values for items 1.17, i.21, and i.25 are lower 
in the classifications for the second indicator. 

Figure 3. Statistical	Measurement	of	Employment	Difficulties	(Z	Scores)

Note. Source: The authors

• V.5. Employment situation. I.17. Marginal activities. Most of the adults of working age are long-
term unemployed (+ 2 years). Inactive persons available for work who do not carry out any activity. 
I. 18.  Unemployed in the last 2 years; Households where the main activity derives from an irregular/
informal economy. I.19. Unstable employment and temporary occupations; Underemployment; and 
Inappropriate employment. I.20. No need to work and Activities for others/for themselves. No need 
to work
• V.6. Work intensity. I.21. Households in which those of working age did under three months of their 
total work potential in the last twelve months. I.22. More than half of those of working age did so 
between 3 and 6 months full time in the last twelve months. I.23. More than half of those of working 
age did so between 7 and 11 months full time in the last twelve months. I.24. More than half of those 
of working age worked full time during the last twelve months.
• V.7. Forecast of employment continuity with respect to the main job. I.25. More than 1 year. I.26. 
Between 7 and 12 months. I.27. Between 3 and 6 months. I.28. Unemployed or less than 3 months.   



88 Journal of Sociology & Social Welfare

Figure 4. Statistical Measurement of Housing and Residential (Z Scores)

Note. Source: The authors

• V.12. Tenancy status. I. 45.Housing owned, assigned or rented with a guarantee for 
the cohabitation unit. I.46. Shared housing and/or sublease due to economic needs or 
Co-ownership with family conflict regarding the use of it. I.47. Accommodation with 
relatives for economic reasons and/or difficulties of access and staying in the home. I.48 
Homeless, no home, eviction file and/or inadequate housing   
• V.13. Housing conditions. I.49. Housing with adequate habitability conditions, basic 
equipment and supplies.  I.50. There are some habitability deficiencies (it lacks fewer than 
three conditions); It lacks fewer than four pieces of equipment (<4) according to AROPE.  
I.51. Poor habitability conditions, Equipment deficiencies (between 4 and 8) according to 
AROPE.  I.52. Lack of housing or roof, inadequate housing, Non-habitable housing (>6), 
Lack of pieces of equipment 4 (>8) according to AROPE.
• V.14. Access to housing. I.53. No barriers to the personal autonomy of household members.  
I.54. Barriers that do not affect mobility for the personal autonomy of household members.  
I.55. Barriers that limit mobility for the personal autonomy of household members. I56. 
Barriers that make mobility impossible for the personal autonomy of household members
• V.15. Location in the environment. I.57. Environment with a wide range of resources 
and public transport. I.58. Areas or neighborhoods with a low supply of resources and/
or communication. I..59. Disadvantaged, isolated and resource-poor environments. I.60. 
Illegal settlements, including lack of accommodation



89Managing Social Inclusion Programs

In relation to housing, there is hardly any difference between 
the two indicators. It is worth mentioning that the items relating 
to illegal settlements, barriers that make mobility impossible, and 
a lack of equipment score higher in the new classification. This is 
especially noteworthy in the case of illegal settlements. Differences 
related to this can be observed on items i.52, i.56 e i.60.

A similar trend is observed in other analyzed dimensions, even 
though figures are not included due to space limitations. In the health 
dimension, low scores for “access to the healthcare system” variable 
in the first classification are noteworthy. The values obtained from 
the second indicator show that the “unsystematic use of the health-
care system” produced a lower score than “inappropriate use of the 
healthcare system.” Likewise, the health dimension obtained a lower 
score in the PCA indicator given that it correlates less with the other 
dimensions. This fact causes the most extreme values to have a high-
er score in the first indicator than in the second indicator.

In the relational dimension, there are hardly any differences 
between the two indicators, although the more positive categories 
have somewhat lower values in the four variables. It should be not-
ed that the family violence item has a lower score than the con-
flictive family relationships item. Findings primarily indicate that 
family violence is not associated with the most serious situations of 
social exclusion. 

Comparison	between	the	Classifications	by	Level	of	Difficulty

Comparisons were made in order to reassess the cut-off points 
used in the tool and to identify aspects needing correction. Despite 
a high degree of linear correlation, the findings below reveal simi-
larities and differences according to the established cut-off points. 
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Table 1. Cross-Tabulation Classification  

Note. Source: The authors

In terms of similarities, analyses suggest that despite the dif-
ferent cut-off points, the extreme levels found in the first classifica-
tion are also found in the second. Thus, 3.2% and 2.3% of low- and 
high-difficulty cases, respectively, are common to both. Significant 
differences, however, are found in relation to the two intermediate 
levels of difficulty. These differences are due to the different criteria 
associated with the respective cut-off points. Using the first indi-
cator, 56.1% of cases were classified as having “low intermediate 
level of difficulty.” Findings indicate that about a third of the cases 
(32.3%) are common to both indicator classifications. Furthermore, 
10.7% of the users were classified as having “low level of difficulty” 
using the first indicator classification and having “low level of dif-
ficulty” using the second indicator classification. Similarly, 13.10% 
of cases were identified as having “low level of difficulty” using the 
first indicator classification and having “high intermediate level of 
difficulty” using the second indicator classification. 

Using the first indicator, 38.4% are classified as having “high 
intermediate level of difficulty.” However, 7 out of 10 cases with a 
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“high intermediate level of difficulty” (70%) were common to both 
classifications. A total of 1.4% cases were classified as being in a 
situation of “high intermediate level of difficulty” according to the 
first indicator classification, while they were classified as having 
“low intermediate level of difficulty” in the second indicator classi-
fication. Finally, 3 out of 10 cases with “considerable difficulty,” ac-
cording to the first indicator classification (30%), were in the “high 
level of difficulty” category according to the second indicator classi-
fication (10.4%). Ultimately, the second indicator classification fully 
integrates the old extreme score groups and a significant percent-
age of the contiguous groups. 

Comparison	of	Difficulty	Levels	by	Mean,
Standard Deviation, Variance, and Range

Findings suggest different options for creating cut-off points for 
both indicator classifications. The calculation was performed using 
standard deviations. This led to the creation of four client popula-
tion groups. This calculation was intended to approximate the re-
sults using a common statistical criterion. Findings show similar 
distributions in the lower difficulty levels (“low level of difficulty,” 
“low intermediate level of difficulty”), while also producing some 
differences in the higher difficulty levels (“high intermediate level 
of difficulty” and “high level of difficulty”).

It should be noted that 34.2% of the client population in the first 
indicator classification and 39.7% of the client population in the sec-
ond indicator classification were assigned to the “high intermediate 
level of difficulty.”  At the same time, 15.7% of the client population 
in the first indicator classification and 12.6% of the client population 
in the second indicator classification were assigned to the “high lev-
el of difficulty” category. 

Moreover, findings of basic descriptive statistics indicate great-
er homogeneity and less dispersion in the values for the second in-
dicator classification. The standard deviation attained the value of 
14.19 in the first classification and a normalized value of 1 in the 
second classification. 
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Conclusions

This article has described the feasibility of producing scientific 
knowledge from social work practice via the development of Big 
Data information systems. These Big Data systems are necessary 
for Artificial Intelligence and both are currently being used in var-
ious fields to respond to social challenges.  Big Data and AI can 
also strengthen the effectiveness of social work in defending citizen 
rights and improving the quality of services.  This can be accom-
plished by using Big Data information systems with data generated 
by social work practitioners.

We have described the development process of the SiSo scale for 
measuring situations of social exclusion in the Autonomous region 
of Castilla-La Mancha in Spain. SiSo is a Big Data system that in-
corporates a large volume of systematized data. The quality of this 
tool was analyzed using CATPCA and PCA. The analysis showed 
a strong correlation between the scores of the theoretical construct 
indicator and the indicator resulting from a principal component 
analysis. This corroborates that the tool used represents a suitable 
means to measure social exclusion.  Our analysis has also enabled 
us to identify needed improvements related to selected indicators. 

The lessons learned as a result of the tool’s implementation, and 
the verification of the quality of the data, should enable us to im-
prove predictive analyses using Big Data. Predictive analyses will 
in turn enable us to identify variables most closely related to the 
different levels of exclusion and use them to perform systematic di-
agnoses of at-risk groups. Based on this experience, we recommend 
the addition of an S for system sustainability to the ten Vs of Big 
Data. In this study, sustainability was guaranteed by involving pro-
fessionals in the different stages of the design, implementation, and 
monitoring. We also recommend the creation a single and central-
ized database, and providing professionals who supply data to the 
system with timely information stemming from the analysis of the 
data.  This information could take the form of case or other reports 
they could use to engage in informed decision-making.

Social workers must use data science to support their interven-
tions, and particularly to promote social inclusion. Furthermore, we 
should strengthen the relationship between social work, computer 



93Managing Social Inclusion Programs

science, mathematics and other disciplines. We should use artificial 
intelligence and Big Data applications to open new horizons for the 
analysis of social problems and social interventions. We should re-
member that our ultimate goal is always to generate knowledge to 
enhance people’s wellbeing. 

Acknowledgments. We extend our most sincere thanks to all the profes-
sionals from Castilla-La Mancha in Spain and other Autonomous Regions 
who participated in the design and implementation of the SiSo scale and 
as a result contributed to the improvement of the tool. 
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