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Abstract (in English)
This thesis examines two aspects that are relevant for the analysis of inequality
in health: the role of care in early childhood and the implications of technological
innovation.
The first chapter studies the socioeconomic variations in the prevalence of stunting and underweight prevalence of child health in Ethiopia. With regard to the
disparities in child malnutrition, the study sought to identify the key health factors
that influence them using concentration index, concentration curve, and regressionbased decomposition analysis. The relative and absolute gaps between various demographic and socioeconomic groups appear to have increased in Ethiopia, despite
a notable decline in the mean of stunting and underweight prevalence. According to
the empirical investigation, mothers’ educational level and household wealth benefited children with better socioeconomic positions, who were less likely to suffer
from malnutrition. The difference in socioeconomic positions is the driving force
towards the inequalities in child malnutrition. The empirical findings suggest that
in order to reduce the disparities in child malnutrition, national health policy should
promote mother literacy and target interventions for these underprivileged groups.
The second chapter is a theoretical analysis of the impact of innovation on
income and health inequality. We develop a static model of individual behavior,
where individuals differ in terms of skills. A distinguishing characteristic, in comparison with the existing literature, is that skills affect both market wages and the
marginal benefit of innovation. We show that the characteristics of the innovation
have crucial implications for the sign of the impacts of innovation on income and
health inequality. If the technological improvement is such that it marginal value
is greater for a skilled individual, innovation increases income inequality and can
also increase health inequality if the technology is sufficiently important as a production function relative to time. On the other hand, it the impact on the health
production function is greater for unskilled individuals, and then health inequality
may decrease. However, income inequality may also increase. Finally, we investigate
the role of health insurance, which provides partial reimbursement for expenditures
related to the use of the technology. In this case, the sign of the impacts is the same
as without insurance. However, the level of income and health inequality is lower
with than without insurance. Moreover, insurance mitigates the potential impact
on health inequality of a pro-skilled type of innovation.
The third chapter investigates an aspect of the relationship between technological innovation and inequality that has received limited or no attention so far. In
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the existing literature, the greatest attention has been paid by far to the role of
access to new technologies. In this chapter, we study empirically whether the use
of technology may also lead to an increase in inequality. To this end, we collected
clinical, socioeconomic, and demographic information using an online survey among
diabetes patients in Italy. Our descriptive summary revealed that the use of diabetes technologies has improved glycemic hemoglobin value, blood glucose level, and
quality of life outcomes for many users. The ability to read and understand graphs
is a critical factor in deciding whether a patient receives the greatest benefits from
using a sensor system. We found no significant differences between individuals who
use diabetes technology and those who do not. Differences in educational level may
cause disparities in health among diabetes patients who have used diabetes technology. This study also found that differences in cognitive abilities of diabetes patients
will contribute to the disparity in their health given their access to and use of diabetes technologies. Training on the appropriate use of the technology also turns out
to be a significant determinant of the size of health gains enables by the technology.
Lastly, controlling for all other variables, we have found that the average per year
of hospital visits, emergency care received, and severe hypoglycemia increase with
the age and decreases with the educational attainment of diabetes patients.
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Summary (in Italian)
Questa tesi esamina due aspetti rilevanti per l’analisi della disuguaglianza nella
salute: il ruolo della cura nella prima infanzia e le implicazioni dell’innovazione
tecnologica.
Il primo capitolo studia il ruolo delle variabili socioeconomiche nello spiegare
la prevalenza di outcome negativi della salute e della malnutrizione dei bambini in
Etiopia. Per quanto riguarda le disparità nella malnutrizione infantile, lo studio ha
cercato di identificare i fattori sanitari chiave che li influenzano utilizzando l’indice
di concentrazione, la curva di concentrazione e l’analisi della decomposizione basata
sulla regressione. I divari relativi e assoluti tra i vari gruppi demografici e socioeconomici sembrano essere aumentati nel tempo in Etiopia, nonostante un notevole calo
della media di arresto della crescita e prevalenza di sottopeso. Secondo l’indagine
empirica, il livello di istruzione delle madri e la ricchezza della famiglia sono correlati con esiti di salute migliore. La differenza di posizioni socioeconomiche è la forza
trainante verso le disuguaglianze nella malnutrizione infantile. I risultati empirici
suggeriscono che, al fine di ridurre le disparità nella malnutrizione infantile, la politica sanitaria nazionale dovrebbe promuovere l’alfabetizzazione materna e mirare
agli interventi per questi gruppi svantaggiati.
Il secondo capitolo è un’analisi teorica dell’impatto dell’innovazione sul reddito
e sulla disuguaglianza in salute. Sviluppiamo un modello statico di comportamento
individuale, in cui gli individui differiscono in termini di abilità. Una caratteristica
distintiva, rispetto alla letteratura esistente, è che le competenze influiscono sia sui
salari di mercato che sul beneficio marginale dell’innovazione. I risultati indicano
che le caratteristiche dell’innovazione hanno implicazioni cruciali per il segno degli
impatti dell’innovazione sul reddito e sulla disuguaglianza sanitaria. Se il miglioramento tecnologico è tale che il valore marginale è maggiore per un individuo qualificato, l’innovazione aumenta la disuguaglianza di reddito e può anche aumentare
la disuguaglianza di salute se la tecnologia è sufficientemente importante come input nella funzione di produzione, in termini relativi rispetto all’altro input, ossia
il tempo dedicato alla cura della salute. D’altra parte, se l’impatto sulla funzione
di produzione della salute è maggiore per gli individui non qualificati, la disuguaglianza sanitaria può diminuire. Tuttavia, anche la disuguaglianza di reddito può
aumentare. Infine, indaghiamo il ruolo di una copertura assicurativa pubblica, che
prevede il rimborso parziale delle spese relative all’uso della tecnologia. In questo
caso, il segno degli impatti non cambia rispetto allo scenario senza assicurazione.
Tuttavia, il livello di disuguaglianza di reddito e salute è inferiore in presenza di assiucurazione. Inoltre, l’assicurazione mitiga il potenziale impatto sulla disuguaglianza
7

sanitaria di un tipo di innovazione che favorisce individui con abilità elevate.
Il terzo capitolo indaga un aspetto del rapporto tra innovazione tecnologica e
disuguaglianza che finora ha ricevuto poca o nessuna attenzione. Nella letteratura
esistente, la maggiore attenzione è stata data di gran lunga al ruolo dell’accesso
alle nuove tecnologie. In questo capitolo studiamo empiricamente se anche l’uso
della tecnologia, condizionatamente ad avere accesso alla stessa, possa portare ad
un aumento della disuguaglianza. A tal fine, abbiamo raccolto informazioni cliniche,
socioeconomiche e demografiche utilizzando un sondaggio online tra i pazienti diabetici in Italia. Le statistiche descrittive mostrano che l’uso delle tecnologie per
il diabete ha migliorato il valore dell’emoglobina glicemica, il livello di glucosio nel
sangue e i risultati sulla qualità della vita per molti utenti. La capacità di leggere e
comprendere i grafici è un fattore critico nel decidere se un paziente riceve i maggiori
vantaggi dall’utilizzo di un sistema di sensori. Non abbiamo riscontrato differenze
significative tra il gruppo che utilizza il sensore di monitoraggio e quello che non lo
utilizza. Le differenze nel livello di istruzione possono invece causare disparità di
salute tra i pazienti diabetici che hanno utilizzato la tecnologia del diabete.. Anche
la formazione sull’uso appropriato della tecnologia risulta essere un determinante
significativo dell’entità dei guadagni di salute consentiti dalla tecnologia. Infine,
condizionatamente al valore delle altre potenziali determinanti, abbiamo riscontrato
che la media annuale delle visite ospedaliere, delle cure di emergenza ricevute e
dell’ipoglicemia grave aumenta con l’età e diminuisce con il livello di istruzione dei
pazienti diabetici.
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Introduction

In recent decades, there have been significant improvements in the
health conditions of the general population, measurable through a
large number of objective indicators. However, the distribution of
these improvements is not uniform within the population. Even health
systems with a marked universalistic imprint, such as those present in
most European countries, seem not to escape this trend. What should
attract even more attention is the tendency towards widening these
inequalities, even in countries with universal health systems (Kunst et
al. 2002; Mackenbach et al. 2003). In those health systems where the
social protection system is weaker, the problem is enormously further
amplified.
The first chapter of the dissertation mainly is on child health with
special emphasis in developing countries. Early life health and nutrition are key determinants of economic and health outcomes in adulthood. Limitations in childhood health can compromise outcomes in
terms of education, employability, productivity and life expectancy
(Harper and Lynch 2007). There is also evidence that barriers to access to health services, barriers of cultural and linguistic origin, as
well as ethnic differences amplify inequalities in health, particularly
in childhood (Fred et al, 2010; Michael and Linda, 2007). Other determinants of long-term health and socio-economic outcomes include
the social background of the family of origin and geographic origin.
The sample surveys carried out in developing countries show an important trend of improvement in the average level of health among the
population of children. Much less is known about how these improvements are distributed, particularly in relation to the socio-economic
conditions of the families of origin.
For children to develop properly cognitively later in life and to
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grow up in excellent physical condition, access to adequate nourishment is crucial during childhood. In general, those with sufficient
nutrition are seen to be more productive, which may help them break
the cycle of poverty in the long run. On the other hand, poor nutrition makes people more likely to get sick, perform poorly, and prevents
them from reaching their full potential in the future. In developing
nations, access to care services and health outcomes, mainly unfavorable ones, are not distributed equally among the various demographic
segments. For instance: Compared to their peers, children of socioeconomically disadvantaged parents had higher mortality rates.
Unlike children from poorer families, children from rich families are
expected to lead healthier lifestyles and as a result have greater health.
This is because children from wealthy families generally receive better
healthcare, have improved nutrition and education, which, in turn,
has resulted in fewer childhood diseases, improved health, and higher
test scores. In other language, children from wealthy families are more
likely to receive vaccines and see a doctor when they are ill, which may
improve their chances of surviving. They are also more likely to attend
college, which may help them attain high-paying occupations and may
affect their prospects of becoming higher-income families later in life.
The majority of child mortalities are caused by conditions that are
easily treatable or avoidable, which is a grave worry. Following that,
the analysis will pay close attention to health disparities among the
population of infants. Due to the fact that early-life health disorders
can have long-lasting effects that manifest as adulthood-related health
issues, this age group warrants special care in and of itself.
The second chapter is broadly related to the contribution of medical innovations on the growing socioeconomic inequalities in health.
The measurement of inequality, as well as its determinants and implications, have all become less complicated thanks to a huge number
2

of contributions that have been made in recent years as the topic of
health-related disparity has gained more attention. The project aims
to add to this literature by concentrating on two aspects that have received less attention thus far but appear to be particularly important
for developed and developing countries, respectively: the relationship
between innovation and health inequality and inequality within the
infant population in developing countries.
With a view to providing policy indications useful for reducing
existing inequalities, an essential preliminary step is a sufficient understanding of the ultimate determinants of health inequality. Among
the factors for which there is ample evidence of an effective role in
widening levels of inequality is the level of income and education, cognitive skills, ethnic origin. The aim of the project is to contribute
to the literature on aspects that are believed to be of fundamental
importance for a full understanding of the mechanisms in place. The
main contribution is related to the analysis of the role of a determinant that has received much less attention in the literature than other
aspects which is technological innovation. There are reasons to think
that there is heterogeneity in the impact of the introduction of a new
technology even with varying socio-economic characteristics where the
impact could go in the direction of widening or reducing inequalities.
Understanding the role of the relationship between technological innovation and health inequalities is fundamental to eventually be able
to think about health policies aimed at reducing health inequalities.
The second chapter mainly relies on the data relating to the use
of the new continuous glucose monitoring devices in diabetic patients,
sensor system to monitor blood glucose level. This type of technology
seems to lend itself particularly well to the purposes of analysis due
to the central role that the patient plays in processing the information provided by the technology itself to translate it into a therapeutic
3

action. In practical terms, the goal is to understand whether the use
of sensor system by diabetic patients produces different impacts on
health outcome across their socioeconomic background, with particular reference to the level of education. The direction and magnitude
of the health impact of such technologies help the identification of any
health policy interventions suitable for mitigating any adverse impact
of technological innovation in terms of inequality.
Although policymakers and researchers are becoming more concerned about health inequality, the authors acknowledge that the
impact of technological innovation on health disparities has not yet
been sufficiently explored. There have been a few similar contributions, such as those by Glied and Lleras-Muney (2008), who discovered that education, had a favorable impact on one’s abilities to take
advantage of technological innovation as a means of enhancing one’s
health. Because access to and use of innovations heavily depends on
the resources that determine people’s or groups’ socioeconomic standing, Goldman and Lakdawalla (2005) suggested that innovation may
have unexpected consequences, such as contributing to the growing of
gaps between groups. Additionally, Weiss et al. (2018) reviewed the
breadth and character of research projects investigating how cuttingedge health-related technologies affect social inequalities in health.
This study seeks to add to the body of material already available
because more research needs to be done in the field.
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CHAPTER ONE
2

Socioeconomic determinants of Child Malnutrition: Evidence from Ethiopia

2.1

Introduction

Access to adequate nutrition is crucial during childhood (United Nations Children’s Fund, World Health Organization, The World Bank,
2012) to grow in good physical shape (Woldehanna et al., 2017),
strength immune system (Childs et al., 2019; Karacabey and Ozdem, 2012; WHO Report, 2020), minimized risk to NCDs (Bruins
et al., 2019; Greenberg and Deckelbaum, 2016; Tuan T Nguyen and
Minh V Hoang, 2018), and appropriate cognitive development (Black
et al., 2008; Gebre et al., 2019; Woldehanna et al., 2017) at later
age. Healthy children perform better in their education than those
who are not (Basch, 2011; Glewwe, 2005). Generally, individuals with
sufficient nutrition are considered to be more productive with the potential effect to eventually overcome the cycle of poverty. On the other
hand, inadequate nutrition increase the likelihood to be ill, low performance and protects them to fulfil their potentials at later ages(WHO
Report, 2009).
Evidence showed that health outcomes and access to services are
not evenly dispersed among different population groups in developing countries. for instance: Mortality rate is higher and the coverage of health services is lower for those children who are from socioeconomically disadvantaged parents than their counterparts (Zere et
al, 2011, Houweling and Kunst 2010). The most commonly used indicators of child health includes child malnutrition and mortality.
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Malnutrition is a universal problem (Benson and Shekar, 2006)
that affects everyone at all age levels (Development Initiatives, 2018).
However, it would be ideal to pay attention to those who are generally
victims and vulnerable groups. Children in developing counties do
not have enough food to eat and others who have food, eat unhealthy
with lesser micronutrient content. As a result (Bredenkamp et al.,
2014; Gordon, 2003; Lu et al., 2020; UNICEF, 2019) have mentioned
the situation as many children are surviving but by far not thriving.
Those children who do not get the necessary nutrient will not grow
properly and eventually will tend to be victims of the triple burdens
of malnutrition(UNICEF, 2020a, 2020b; United Nations Children’s
Fund, World Health Organization, The World Bank, 2012) (undernutrition, hidden hunger and overweight including obesity).
Child malnutrition1 is one of the challenging health phenomena
those days affecting millions of children aged five years and younger
(Rice et al., 2000; UNICEF, 2020a). Though it seems to be there exist
very significant progress in the percentage of malnourished children,
the number is still huge. The prevalence of child under-nutrition remains disturbing with very slow decreases in stunting prevalence and
many children are affected by wasting and other forms of malnutrition(United Nations Children’s Fund, World Health Organization, The
World Bank, 2012). For instance: According to the joint UN, WHO
and WB estimate, there were about 144 million (21.3 percent) and 47
million (6.9 percent) under-five children who are stunted and wasted
respectively in 2019.
Furthermore, malnutrition is among the major causes of child mortality in developing countries (Amsalu and Tigabu, 2008; Bain et al.,
1

Child malnutrition is repeated and cyclic problem where the situation may stay longer and
transferred to the next generation (mother to child). The nutritional status of mother have an
effect on survival of her child as well as its growth. Other causes of malnutrition includes limited
or no access to healthcare services, clean water for drinking, sanitation problems and others.
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2013; De and Chattopadhyay, 2019). Being able to know the major
causes of under-five children’s death is important for designing relevant and protective policy, as well as prioritizing interventions.
There was substantial drop-offs in child mortality and malnutrition
during the MDGs. However, those improvements (drop-offs in mortality and malnutrition) are not evenly distributed (Barros et al., 2010;
Fotso, 2006; Van de Poel et al., 2008) among various socioeconomic
groups. The poor countries experiencing high and persistent disparities in child health (Bredenkamp et al., 2014; Fotso, 2006; Heaton et
al., 2016) measured by different indicators (including mortality and
malnutrition variables). For instance: Asia and Africa are mainly
home to all forms of malnutrition making them the most suffering
continents. 54 percent and 40 percent of under-five children who are
stunted globally are from Asia and Africa respectively. Similarly, two
out of three wasted under-five children lived in Asia and above onefourth of the globally wasted children are from Africa. Both Asia and
Africa account for about 94 percent of the stunted and 96 percent of
the globally wasted under-five children. The regional differences are
clear to identify.
On top of that, The joint UN, WHO and WB estimates (2012)
showed that there were disparities in the reduction level of the prevalence of malnutrition indicators in the past two decades. For instance:
In 2000, stunting prevalence was 37.9 percent in Africa, 37.8 percent
in Asia (exclusive of Japan), 38.4 percent in Oceania without Australia and New Zealand. Stunting prevalence declined to 29.1 percent
in Africa, 21.8 percent in Asia, and 37 percent in Oceania in 2019
showing that some regions registered substantial improvement while
others remain stagnant on the reduction of the prevalence. Therefore,
emphasizing the disparities that exist across different countries and
within countries is commendable. Therefore, continued effort must
7

be excreted to maintain a reduction in the inequalities of child health
outcomes (Chao et al., 2018). Despite those improvements, it looks
unlikely that the goals of SDGs will be achieved by 2030 2 .
As Ethiopia is one of the poor countries, the level and trend of child
malnutrition prevalence are not different.In Ethiopia, malnutrition is
a significant issue and a key factor in determining the population’s
health and nutrition. It is especially crucial for young children’s nutrition because they have acute iron deficiency and are consequently at
a high risk of dying soon after delivery. For instance: stunning prevalence was significantly high in 2000 with 58 percent and declined to
about 38 percent in 2016. Underweight prevalence for children under
five in the same years was 41 percent and dropped off to 24 percent
(Central Statistical Authority and ORC Macro, 2001; CSA/Ethiopia
and ICF, 2016). Even if the drop-offs are encouraging, there are about
two out of five under-five children who were stunted and one in four
children suffering from underweight. Moreover, there exist differences
among children across different groups. last but not least, it is worthy
to consider the increasing urbanization rate with migration from rural
to urban being the main reason and as a result,it is not clearly identified where the unfavorable child health outcomes are concentrated.
This is because previously conducted research delivered mixed result
about this. For instance; Smith et al (2005) found that children in
urban are less likely to be stunted and underweighted because they
are better nourished than their counterpart. where as a study by
Harpham (2009) revealed that due to higher poverty led migration
from rural to urban, urban health advantage is diminishing. Those
migrated people live in an informal settlement and slum areas making
them vulnerable and exposed to ill health.
2

Reduce under-five mortality to at least as low as 25 per 1,000 live births in every country.
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2.1.1

The Relationship between SES and health

According to WHO, being healthy includes not only being free from
sickness but also being physically, emotionally, and psychologically
in good shape. Therefore, maintaining good health is necessary for
carrying out our normal daily activities. The relationship between
a person’s health and socioeconomic status in both directions will be
covered in this section. That is how an individual’s health affects their
socioeconomic status, and conversely, how individuals’ socioeconomic
status affects their health.
Studies conducted in the past have confirmed that health and
SES, in general, have bi-causal relationships. Despite the inconclusive nature of findings, privileged individuals are in general healthier.
Moreover, individuals must be healthier to spend a larger portion of
their time endowment working and earning more income. Scholars
have used different measurements or indicators of socioeconomic positions including the conventional socioeconomic (income and education
level) and other socioeconomic indicators like asset ownership but the
revealed findings are similar. However, individual’s socioeconomic status is not guaranteed just because he/she is healthy. Although it has
been demonstrated that socioeconomic position and health are positively correlated, an individual’s health is influenced by a variety of
variables, including genetics, life style, education, environment, and
behavior. For instance: Education is associated with a number of
factors that affect health, including health behaviors, income, and occupation.
The same is true for children, whose health greatly depends on
the family’s SES. Unlike children from poorer families, children from
rich families typically lead healthier lifestyles and have greater health.
This is because children from wealthy families generally receive better
9

healthcare, have improved nutrition and education, which, in turn, has
resulted in fewer childhood diseases, improved health, and higher test
scores. In other language, children from wealthy families are more
likely to receive vaccines and see a doctor when they are ill, which
may improve their chances of surviving. They are also more likely to
attend college, which may help them attain high-paying occupations
and may affect their prospects of becoming higher-income families
later in life. However, this does not imply that children from wealthy
families always have good health, either. In contrast to this, there are
studies that concluded children are more likely to develop overweight
or obese in nations with greater wealth disparity than in those with
less. Children from wealthier families are more likely to be overweight,
but this does not mean that being wealthy is unhealthy. Therefore,
depending on the circumstances discussed above, socioeconomic status
of families may have both positive and adverse effect on the health of
children. That is, children from wealthy households may have poor
health, while children from poor families may have good health and
well-being.
With regards to life course settings, studies have assessed how
the health outcome is affected at later ages depending on the socioeconomic positions individuals had during their childhood. Children
whose families are socioeconomically underprivileged are more likely
to be less healthy in their later life (Melchior et al., 2007). Another
work by (Breeze et al., 2001) showed that lower employment grade
during working age is associated with poor health status in retirement age. Adverse health outcomes like disease and death are higher
in manual occupations than in non-manual occupations (Marmot and
McDowall, 1986). To conclude this, individuals with exposure to lower
education level, income level, and/or employment status have not as
good health as those with higher socioeconomic positions (Breeze et
10

al., 2001; Feinstein, 1993; Marmot and McDowall, 1986). Whatever it
is, humans, wherever they are, no matter what the culture is, there is
a social hierarchy with some kind of measurement of social position.
The steepness of that gradient varies from society to society. In some
societies, it is much steeper than in other societies.
Complement the above discussions, the difference in individuals’
SES exist to affect the health of individuals in different stages. The
health of individuals with lower SES starts to deteriorate at early times
than their counterparts (House et al., 1988). That is, lower socioeconomic positioned individuals start to experience health problems soon
after adolescence. In contrast to this, individuals with higher SES experience slower health deterioration until the retirement period. Also,
the difference in SES among individuals has an important role in access to medical care. However, health outcome is highly affected by
the resource itself and the choice of life style of individuals’ than health
care access (Adler et al., 1993; Marmot and McDowall, 1986).

Figure 1: SES and life-course health Source: Adler et al, 1993

The initial socioeconomic exposure of children’s families may determine the type of health outcomes (either favorable or poor health)
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that children will achieve as they grow up. Differences in health earlier in life can lead to long-lasting inequalities later in life. Children
born to poor families will die poor. The relationship between initial
household socioeconomic experience and health outcomes at different
levels is explained as follows. A child from an affluent household is
more likely to escape various adverse health outcomes including forms
of malnutrition compared to a child from a poor household. This favorable health status in early childhood helps them to complete their
education properly and perform better in adolescence, which in turn
enables them to secure better occupations and earn high incomes. The
health status of individuals in adolescence also depends on the health
they had during their early age. Better employment and higher income during the working-age mean higher income level in old age and
relatively better health. The other way also works when a child is born
from households with lower socioeconomic resources. In this situation,
the relationship between SES and health gives the impression that inequalities in household socioeconomic resources cause inequalities in
health and vice versa.
2.1.2

contribution

Following a preliminary analysis we conducted using data from DHS of
Ethiopia revealed that there is significant improvements in the mean
of stunting, underweight and wasting prevalence. we then intended to
study this in detail. Using the absolute gaps and relative ratios, there
are parallel downward trending changes not diverging trends between
the socio-economic and geographical groups of children. The child
health indicators are all pro-individuals with higher socio-economic
status. As a result, we are motivated to further develop our study
on this contextual problem and forward our findings to any policy
or program interventions. Scrutinizing the cases about child health
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inequality, in general, helps policymakers to understand a country’s
socio-economic situation and sheds light on the quality of life of the
population in the country.
In a broader stroke, the general objective of this study is to scrutinize the socioeconomic disparities in child malnutrition in Ethiopia.
This will help health policy makers, to identify those groups of societies
that need special emphasis and design a policy that aims at vanishing if
possible, otherwise minimizing those inequalities that are preventable
or avoidable. This is because understanding the recent trends in child
undernutrition disparities and the main determinants are crucial for
policy decision-makers. There are of course qualitative studies demonstrating the determinants that affect child malnutrition, however, negligible attempts are made to empirically investigate the determinants
of the inequalities. Last but not least, to our best knowledge, this
is the first research to study the socioeconomic-related disparities in
childhood malnutrition in Ethiopia using the standard concentration
index and decomposing the contribution of various determinants of
health.
Our study addressed the following points. Firstly, we have attempted to see how the malnutrition variables behaves or changes
between the sample periods and across different socioeconomic and
demographic groups. This is mainly done using an absolute and relative gap analysis. Secondly, we obtained the standard concentration
index (to get the magnitude of the inequality), supplemented by the
generalized concentration index, and followed by concentration curve
(to see if there exist inequality in health and understand where this
inequality is concentrated). Thirdly, we then carried out a multivariate analysis (using LPM, Logit and probit regressions) with stunting
and underweight being explained by selected independent variables.
Finally, Coefficients obtained from the multivariate analysis will fur13

ther be used to decompose the contribution of the covariates to the
inequality in health.
2.2

Data and Methods

The DHS program collects, analyzes, and publishes descriptive data
on various health, nutrition, and population categories in most developing countries nationwide. For this study, demographic and Health
Survey data of Ethiopia conducted in 2000 and 2016 were used. All
surveys are population-based household surveys that are recognized
as representative surveys. These surveys are conducted and administered by Ethiopian Central Statistical Authority, which is supported
by ICF and funded by USAID. In the following section, we have described both outcome variable and selected explanatory variables, and
presented the method of analysis used.
2.2.1

Description of variables

The growth of children is highly affected by the nutritional status
and health of the population in general. When a person does not
eat enough to meet their nutritional demands, it is referred to as
malnutrition or undernutrition. The terms ”shortage and excess” or
”imbalance of nutritional intakes” are used to describe malnutrition.
As a result, it encompasses undernutrition for dietary deficiencies and
overweight or obesity for dietary excesses. It can have a variety of
negative effects on child health, including a higher risk of getting sick
or dying. Furthermore, a malnourished child will experience delayed
mental development, poor school performance, and reduced intellectual capacity.
Malnutrition is the key to understanding the true link between
economic status and health among children. The child malnutrition
14

indicators include the prevalence of stunting (low height-for-age), underweight (low weight-for-age), wasting (low weight-for-height) , and
overweight (high weight-for-age) in children aged 5 years. In our study,
we have used stunting and underweight prevalence as the proxies for
our dependent variable, child health.
1. Stunting: This is simply low height-for-age. The fact that stunting results from persistent illness, a prolonged period of nutrient
deficiency, or inadequate food intake over a long period, it is considered as the more reliable proxy for child malnutrition. It is not
as ”sensitive” to a temporary food shortage as other indicators
of child malnutrition. Therefore, this study will focus its analysis
mainly on under-five malnutrition to empirically examine health
disparities.
2. Underweight: It is low weight-for-age. Genetics, inadequate uptake of nutrients, a lack of food intake (often a result of poverty),
physical or mental disease, or an eating disorder can all contribute
to underweight.
Information on the selected forms of malnutrition comes from the demographic and health surveys conducted with women aged 15-49 years
(4 DHS reports 3 , mainly the early and latest surveys). Health status
variables are examined in terms of various demographic and socioeconomic factors. Studies have shown that a mother’s educational level
and household economic status index (Appunni and Bado, 2015) are
the most important factors that influence children’s health level. Following a comprehensive review of related literature, we have identified
the following list of explanatory variables to study inequalities in child
health in Ethiopia.
3

Ethiopia DHS; 2000, 2005, 2011, and 2016. Final report of DHS 2019 was in progress during
the preparation of the work.
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1. Educational Status of Mother: Educational status of a mother
plays a very important role in minimizing risks associated with
the nutritional status of her children. It is perceived that educated mothers will have a higher tendency to use prenatal care
during pregnancy (Al-Ateeq and Al-Rusaiess, 2015) and antenatal care (Chopra et al., 2018) after giving birth to a child.
Other channels through which maternal education level influences
health outcomes can include promoting the child’s nutritional status through adherence to recommended feeding regimes, attainment of health knowledge, and others. The mother’s education
variable is entered into the analysis as a dichotomous variable,
where a value of one indicates that the mother has secondary
and higher levels of education (mothers are considered educated)
and a value of zero indicates that the child’s mother’s education
level is elementary or lower (referred to as uneducated mothers).
2. Household SES (Asset Index): It is acknowledged that all
DHS programs have not collected data on household income levels or consumption expenditures, which are used as measures of
household socioeconomic status. In situations where such information is lacking, the household wealth index is estimated using
a Principal Component Analysis. There is no common consensus
on the list of items to be used for estimating the wealth index using PCA. As an example, Mickenzie (2003) attempted to compare
the SES distribution across cases using only housing characteristics, only access to utilities and infrastructure, only ownership
of durable assets, and all three categories together and concluded
that combining these three categories does not produce evidence
of clumping and truncation. However, using these classifications
separately has either a clumping problem or a truncation problem, or both.
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It is better to include any variable that may reflect the economic
status of households so that the distribution of variables varies
across households. This is because including a larger number
of items in the PCA results in a relatively better distribution
of households and comparatively fewer households concentrate
on a particular index value (DHS Comparative Reports, 2004).
Items that all households possess or that no household possesses
have little utility in segregating household socioeconomic status
(Mickenzie, 2003) and therefore must be excluded.
3. Age and Sex of a child: Child sex and age of the child (measured either in month or year) are among the crucial determinants
of child nutritional status (Chen et al., 2007). In poor countries
like Ethiopia, a male child is preferred to a female child and as a
result, receives more attention. There are studies in developing
countries on gender preference and found that families favor having a male child over a female (Fuse, 2010; Ndu and Uzochukwu,
2011). Conventionally, younger family members in the household
receive higher levels of care from household members than older
ones. However, this does not necessarily mean that younger children are not at risk of being stunted or underweight. Both age
(male and female) and sex (below 1 year, 1-3 years and 3-5 years)
are categorical variables.
4. Other Predictors: Other variables include a place of residence
(urban or rural), order of child birth, gender of household head,
mother’s age at interview ( 20, 20-29, 30-39, and 40-49), type of
sanitation, source of drinking water, and the nine regions and two
city governments as predictors. Access to health care is highly
dependent on the proximity of services to individuals (Doorslaer
et al., 2006), and it is hypothesized that health services are more
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likely to be used in urban areas than in rural areas. The inclusion
of this variable, therefore, serves to quantify discrepancies in the
use of health services and captures geographical inequalities.
2.2.2

Method of Analysis

The concentration index, together with concentration curve, is a useful tool for measuring health disparities since it reveals how divided
society is. Because health resources are distributed more unevenly
in more divided societies, the concentration index is higher in those
societies. Inequality in health can lead increased rates of death, morbidity, and disability, as well as social and economic imbalances. The
concentration index can be used to track changes in inequality over
time because it quantifies the level and direction of inequality in a
population. Furthermore, using the concentration index as a gauge of
health inequalities can point to potential intervention targets.
Health research has frequently employed concentration to examine disparities in health outcomes. The degree of health inequality
within and between populations has been measured widely using the
CI. The CI can be used to assess changes in inequality over time
or to evaluate the degree of health disparity between populations
with varying levels of socioeconomic development. The concentration index is increasingly used in the literature on socioeconomic inequalities in health (Sastry, 2004, Fotso and Kuate-Defo, 2005, Zere
and McIntyre, 2003). Socioeconomic-related inequalities in health
are typically illustrated using a concentration index where individuals are ranked based on their SES (O’Donnell et al, 2016). It is
used to investigate socioeconomic-related disparities of various health
variables. For instance: disparities in malnutrition (Wagstaff et al,
2003), child mortality (Wagstaff, 2000), child immunization (Gwatkin
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et al,2003),socioeconomic inequalities in child under-nutrition(Wagstaff
et al, 1991, Kakwani et al, 1997), healthcare utilization (Doorslaer et
al, 2006), and so on. The problem with concentration index as a measurement of health inequality is that it ignores the middle group as it
merely emphasizes the two extreme cases: the poorest and wealthiest
groups.
The concentration curve which is a correspondent to the concentration index is used to show if there exists socioeconomic-related disparity in health outcomes and if this disparity is more concentrated in
one group than its counterpart. However, the Concentration curve will
not show us the magnitude of the health disparities (O’Donnell et al,
2008) which allows us to compare different cases. The concentration
index can be estimated from the concentration curve as twice the area
between the concentration curve and the line of equality (Doorslaer
et al 2006). The estimation of the Concentration Index for under-five
child malnutrition will be made following the technique by Wagstaff et
al (1997). Given that CI is straightforward, simple to apply, and has
been proven to be accurate, the concentration index is an excellent
way to quantify child health disparities in Ethiopia.
If we have n individuals (1, 2,..., n) ranked using their SES variable
(y1 , y2 ,....yn ) where the poorest is ranked 1st and the richest individual ranked nth (that is: r1 , r2 ,....,rn ), and health variable (under-five
underweight and stunting rate) we are interested in individual i is denoted by hi where i = 1, 2, ...,n the standard or relative CI can be
estimated as follows:
c(h|y) =

2
nµ

!
X

n

hi ri

−1

(1)

i=1

Where, µ is the average health status of the population that is:
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µ=

1X
hi
n

.
A negative (positive) CI shows the burden is concentrated around
the most disadvantaged (advantaged) individuals. This is also shown
by the concentration curve with above (below) the line of equality
indicates the concentration of the ill-health among the poorest (welloff). A concentration index which is based on covariance between
health variables and the fractional rank of individuals based on socioeconomic status is a convenient estimation (Kakwani, 1980). The
covariance-based concentration index is determined by the relationship
between the health variable we are interested in and the SES-based
rank of individuals. It does not depend on the socioeconomic status
itself (O’Donnell et al, 2008).
While the sign of CI reflects the direction of the relationship between the rank and health variable, the magnitude indicates the variability of the health variable among groups and the strength of the
relationship. Regarding the intuitive interpretation of this index, it
highly depends on the health outcomes interested in. Doorslaer and
Koolman (2004) for instance have forwarded the following technique.
To arrive at a level where there is no disparity (CI= 0) in health among
the targeted population, the estimated CI has to be multiplied by 75
(75*CI). This will show us the percentage of health variables (children
malnutrition indicators in our case) that must be sorted out from the
privileged half to the disadvantaged half of the population provided
that the disparity favors the richer people.

20

2.2.3

Decomposing the Socioeconomic Related Disparities

The decomposition analysis in the simplest term is to show how
socioeconomic-based disparities in health are explained by various determinants of health. Wagstaff et al (2003) have introduced regressionbased decomposition analysis to study how disparities in the determinants of child health contribute to inequalities in child health outcomes
using data from Vietnam. As it is presented in the work of O’Donnell
et al (2008), the main objective of such decomposition analysis using
regression is to explain socioeconomic-related disparities in health using a set of k determinants. In line with this, as it is discussed in the
above section, the dependent variables are dichotomized binary variables where the variable stunting takes value one if stunted and zero
otherwise. The same is true for the other under-nutrition variable.
In cases where the dependent variable is the binary health outcome
variable, the decomposition analysis can be undertaken using different techniques including the OLS method, marginal effects from probit analysis, GLM, Linear Probability Model, non-linear Logit model.
This study will undertake a link test to select the best-specified model
between the above-listed techniques.
The decomposition starts from a linear representation of the health
variable, h being explained by a set of predictors X1 , X2 ... Xk .
(
hi =

1,

if a child is stunted or overweight;

0,

otherwise

(2)

Mathematically,

hi = β0 + β1 X1i + β2 X2i + ..... + βk Xki + ϵi

(3)

Where, βk and ϵi are the coefficients of the k-determinants and the
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error term respectively.
The above kind of representation is also referred to as healthoriented decomposition. The set of predictors included in the linear regression include the mother’s level, education, residence, sex
of a child, mother’s age during birth, and regions. By substituting
the above expression into equation-1, the standard CI can be further
rewritten as follows given the relationship between the health variable
hi and its determinants Xk . That is, Recall equations 1 and 3 as:
1.

!

2
ch =
nµ

X

n

hi ri

−1

i=1

2.
hi = β0 + β1 X1i + β2 X2i + ..... + βk Xki + ϵi
upon substituting equation (2) into equation (1) as follows:
i
2 hX
ch =
(β0 + β1 X1i + β2 X2i + ..... + βk Xki + ϵi ) ∗ ri − 1
nµ
The mean of the rank ri =

1
2

and from equation (1) ch =
X

(4)

2
nµ (

i=1 hi ri )





P

hi ri =

k

Ch + 1
2

− 1, we will obtain

∗ nµ

According to those expressions, we can further apply the manipulations as follows
X
X


x1i ri =

x2i ri =

C1 + 1
2



C2 + 1
2
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∗ nx̄1 ,
∗ nx̄2 ,

X




Ck + 1
xki ri =
∗ nx̄k , and
2


X
GCϵ
ϵi ri =
∗n
2

Having those in mind and inserting them in equation(4), we will
have the following general equation:





2 nβ0
C1 + 1
C2 + 1
+ β1
Ch =
∗ nx̄1 + β2
∗ nx̄2 + .....
nµ 2
2
2
+ βk

Ck +1
2



∗ nx̄k +

GCϵ
2



∗n−1

By expanding terms and assuming µ = β0 +
X βk x̄k
GCϵ
Ch =
(
)Ck +
µ
µh

P

βk x̄k , we will get;

(5)

Where, x̄k ,Ck and GCϵ are the averages of xk , CI for xk , and the
generalized concentration index for the error term respectively. The
standard Concentration index presented above is therefore composed
of two parts: ‘the explained’ (the sum of concentration indices of all
the regressors which are weighted by the elasticities of h w.r.t each
xk , ( βkµx̄k ) and ‘the unexplained component’ which reflects the inequality not explained by variation SES in the xk . The residual GCϵ is
expressed as:
2 Xn
GCϵ =
ϵi ri
n i=1

(6)

Doorslaer et al (2003) have recommended the following steps to be
followed while undertaking regression based decomposition analysis of
socioeconomic related disparities in health.
• Running an appropriate model: run a model of health vari23

able (h) on all k-determinants (X’s) and obtain the coefficients of
the regressors, βk
• The mean values: after regressing the health variable against
the X’s, the next step is to estimate the mean of the dependent
and explanatory variables µh and x̄k
• Concentration Indices:obtain CI for h and Xk that is, the Ch
,Ck and GC by applying the same technique as
!
X
2
n
hi ri − 1
c(h|y) =
nµ i=1
• Contribution of each explanatory variables to the inequality in health: estimate the following two types of contributions for each explanatory variables:


βk ∗x̄k
∗ CK which is obtained by
A. Absolute Contribution:
µ
multiplying the health variable elasticity w.r.t the explanatory
variable by the its CI.
B. Percentage contribution:



βk ∗x̄k
µ



∗

CK
Ch

that is divide the

absolute contribution by the CI of the health variable.
Finally, the researchers have decomposed the changes of concentration indices in the under-five and stunting between the earliest and
most recent demographic and health surveys using Oaxaca decomposition4 , a recommendation by Wagstaff et al (2003).

∆Ch =

X  βkt x̄kt 
k

µht





X
βkt x̄kt βkt x̄kt−1
GCϵt
(Ckt Ckt−1 )+
Ckt−1
−
+∆
µht
µht−1
µht
k
(7)

4

Blinder (1973) and Oaxaca (1973) have formulated a technique which was initially used to
study labor market outcome by groups. Those days, Oaxaca decomposition is also being used to
study differences between two groups in the mean of health variable.
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The expression is derived simply by applying the Oaxaca type
decomposition to equation(5) and every variable included in the expression represents a two-period case which are the 2000 DHS and
2016 DHS. The first term of the RHS indicates the difference of CI of
the predictors at time t weighted by the elasticity of the health variable with respect to the explanatory variables at time t and the second
term in the RHS reflects the differences in the elasticities of the health
variable in two periods which is weighted by the concentration index
of the explanatory variable at the earliest period. Finally, the last
term in the RHS is simply the change in the generalized concentration
of the unexplained component.
2.3
2.3.1

Results and Discussion
Descriptive Statistics

Table 8 presents the mean, corresponding standard deviation, and
description of the selected socioeconomic covariates and indicators of
child malnutrition discussed in the previous section. The determinants
of child health disparities were selected after reviewing relevant and
similar studies conducted in other developing and developed countries
using the DHS database. In all tables below, the analyses take into
account the sampling weights of the DHS surveys. The undernutrition
variables are estimated according to the WHO z-score, which is less
than -2. According to our estimation, the weighted level of prevalence
of stunting, wasting, and underweight was about 57.6 percent, 12.4
percent, and 40.9 percent respectively in 2000 and decreased to 38.3
percent, 10.1 percent, and 23.7 percent in 2016 in that order. There is
a massive improvement in the level of prevalence of stunting and underweight between 2000 and 2016, but the changes in wasting are not
substantial. Children’s health is strongly associated with the conven25

tional socioeconomic exposure of children’s families (more specifically,
the mother’s educational status and wealth). Therefore, the mother’s
educational status is included as a dummy variable: educated (if educational level is secondary school or above) and uneducated (below
secondary school). Similarly, the wealth index is estimated from the
demographic and health surveys and quintiles are formed.
According to the descriptive analysis presented in Table 8, the
mean scores for access to improved sources of drinking water and improved sanitation were 0.279 and 0.194, respectively, in 2000 and increased to 0.619 and 0.172, respectively, in 2016. These variables are
directly related to malnutrition variables and are shown to be significantly lower in the country. Other demographic and socioeconomic
determinants such as sex of the child, age of the child in the month,
age of the mother at birth, sex of the head of the household, and
area of residence that appear to have a direct or indirect effect on the
child’s nutritional status are also included in the analysis. Finally,
nine regional states and two city governments are included to capture
whether there are regional differences.
2.3.2

Trends and changes of inequalities in under-nutrition indicators

As we can see from figure ?? and table 10, there has been a sharp
and significant decline in both stunting and underweight rates, but
the improvement in wasting in children under five has been very slow
and stagnant. The table summarizes the absolute gap and relative
inequality in child undernutrition across selected socioeconomic covariates and changes in these indicators from 2000 to 2016.
Across all variables, there has been a decline in the prevalence of
stunting and underweight. For example: nationally, the prevalence of
stunting and underweight decreased by approximately 19 percent and
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17.4 percent, respectively, between the first and last DHSs. This is
a major achievement in terms of improvements; however, these rates
are still higher and require further action to protect children from
persistent malnutrition, which in turn affects them later in life. In
addition, the absolute differences in the prevalence of stunting and
underweight across categories are positive, indicating that diseaserelated variables are higher in the hypothesized disadvantaged groups
(example: a child whose mother is uneducated, who lives in rural
areas, has low SES, heads a female-headed household, and has an
unimproved source of drinking water).
Figure ?? and Table 10 demonstrate the extent of child malnutrition from 2000 to 2016 Demographic and Health Surveys across
quintiles, ordered from poorest to richest. The prevalence of both
stunting and underweight was relatively higher among children whose
families ranked lower. As discussed in the previous section, both the
concentration index and concentration curves have been criticized because they say nothing about the middle groups (Wagstaff et al, 2003).
Instead, they emphasize the two extremes: the privileged and unprivileged individuals or groups. As can be seen in the charts, the relative
disparity between the poorest and the richest in stunting prevalence
in 2016 is visible.
Similarly, the differences in the prevalence of underweight can be
observed between socioeconomic groups in both 2000 and 2016. In
both cases, the forms of child undernutrition are higher in the socioeconomically disadvantaged groups than in the comparison group.
Some of the improvements in child malnutrition indicators are in
favor of advantaged groups, leading to an increase in inequality between groups, while others are in favor of disadvantaged groups, leading to a decrease in inequality. For example, the absolute difference
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in the prevalence of stunting among children living in rural and urban
areas was about 11.2 percent in 2000, and the difference has increased
to 13.7 percent in 2016. This means that the gap has widened and a
child living in the city has benefited more than a child living in the
countryside.
In contrast, the gap between rural and urban underweight rates
has decreased from 14 percent to 11 percent. Similarly, the absolute and relative differences in both forms of child undernutrition by
gender of the household head have narrowed. The table shows that
children from households headed by men are less likely to be affected
by stunting and underweight than children from households headed
by women. Both the prevalence of stunting and underweight have
improved significantly among children from the poorest and richest
nodes. However, the difference between the richest and poorest increased from 11.6 percent to 19.6 percent for stunting prevalence and
from 13.2 percent to 16 percent for underweight prevalence within the
reported period. In summary, absolute differences in the prevalence
of stunting and underweight have not consistently decreased across
household wealth quintiles and other demographic and socioeconomic
indicators.
The different concentration indices of child undernutrition variables are summarized in table 11. The type of concentration index
used in this study is the standard concentration index supplemented
by the generalized concentration index. However, Wagstaff Index (W)
and Erreygers Index (E) are also obtained for the indicators. The
purpose of estimating these indices is simply to support the results of
the absolute and relative (standard) and absolute (generalized) concentration indices. It is shown that all types of CIs for the prevalence
of stunting, wasting, and underweight in 2000 and 2016 are negative
and statistically significant. These estimates showed that the bur28

den is concentrated among the unprivileged groups of children whose
families have lower socioeconomic exposure.
As it is depicted in the figure absolute concentration curve for
the indicators of child malnutrition is above the line of equality and
this confirms that the problem is heavily concentrated among children
from the lower wealth quintile. These curves only show whether or
not socioeconomic inequalities in health (disease) outcomes exist, or
whether inequality is more pronounced at one time than another, in a
group, region, or country. It does not generate an estimate of the level
of inequality that we use to make comparisons between individuals,
groups, regions, or countries.
According to O’Donnell et al.’s (2016) guide to estimating the concentration index, inequality indices can be estimated for binary or categorical variables and compared across different groups. In this study,
inequality indices are estimated across different demographic and socioeconomic indicators (rural/urban, educated/uneducated mothers,
wealth quintiles, mother’s age at birth, child’s sex, and household
heads) and tested with the null hypothesis of no differences between
groups. This is done by comparing wealth-related differences in child
malnutrition indicators (prevalence of stunting, and underweight) between the above groups.
Since individuals are ranked with their socioeconomic status (proxied by asset index), a negative concentration index indicates that the
ill health variable which is malnutrition is highly concentrated across
the poor. Given that we have negative concentration indices according to the table presented above, inequalities in malnutrition indicators
are said to be increasing, if the value of the index is close to -1 compared to its counterpart. For instance: the concentration indices of
stunting prevalence have shown an increasing trend at all levels: be
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at national, urban, and rural levels. The index at the national level
was -0.0314 in 2000 and increased to -0.09587 in 2016, in urban areas
the index increased from -0.147 in 2000 to -0.303 in 2016. Finally,
the concentration index in rural areas was -0.014 and -0.060 in 2000
and 2016 respectively. Those indices demonstrated that there exists a
noticeable worsening in the level of inequalities in child malnutrition.
The changes in the concentration index of the indicators roughly
confirmed that the changes in the inequality of the indicators from
2000 to 2016 are relatively higher in rural than urban. The estimated
standard concentration index is higher for children living rural than urban. This is due to the reason that households in rural are more likely
to own no durable asset, have similar access to utilities and infrastructure (sanitation facility and sources of water for drinking), similar
housing characteristics (including the number of rooms for sleeping
and building materials) or own very similar properties and categorization of households into quintiles does not clearly show very significant
differences in households using the estimated asset index.
As is discussed in the previous sections, PCA generates a wellinforming asset index, when the asset is unequally distributed between
households (McKenzie, 2003). In other words, if an asset is owned by
all households or is not owned by any household, it will have insignificant use in differentiating households using their SES. Households who
are living in urban in contrast, have a significant difference in terms
of the durable asset they own and the establishment of an asset index
based on the PCA can show us very important variance between the
richest and poorest households.
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2.3.3

Results of the Empirical Analysis

In the preceding sections, it is attempted to discuss the findings of
descriptive analysis and standard concentration indices of inequalities
in children’s malnutrition forms across different groups. The results of
descriptive analysis and concentration indices generated mixed trends
regarding the disparities in children’s malnutrition: that is, their results demonstrated both widening and contracting disparities. However, those results might not vigorous and may be subject to biasedness. Feinstein (1993) had concluded that the number of pieces of
literature investigating the impact of socioeconomic inequalities on
health outcomes and differences in the level of ill-health outcomes
among individuals and groups is growing but the explanation about
the degree of the differences and explanation of the differences in the
inequalities is not sufficiently documented. In the succeeding sections,
a discussion on the results of multivariate analysis is presented. In
case the dependent variable is a categorical (binary) variable, OLS regression, marginal effects from probit analysis, GLM, LPM, non-linear
logit model can be used to undertake the analysis including the decomposition analysis (Wagstaff, 2011). As a result, we have employed
the Linear Probability model, logit, and probit models where child illhealth variables are predicted by a set of determinants. The purpose
of employing all those techniques is simply not beyond checking their
consistency. Those techniques have generated comparable results and
the coefficients of the determinants will be used in decomposing and
estimating the absolute and percentage contribution of the determinants to the socioeconomic inequalities in child health. Studies on
disparities in children’s malnutrition are used to establish a relationship between the malnutrition forms and the wealth of their families
as well as demographic and socioeconomic experiences. As a result,
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the main emphasis of the analysis will be given how the convenient
socioeconomic indicators (household socioeconomic rank based on the
estimated asset index and mother’s educational status) are contributing towards the socioeconomic disparities in child malnutrition forms.
Table 13 recapitulates the multivariate analysis of inequality in the
variable child undernutrition (which is the prevalence of stunting) explained by various inequalities in health determinants. We ran LPM,
logit, and probit models for the variable stunting (= 1 if stunted, 0
otherwise) on the Xk determinants, and the models generated comparable results. The coefficients from the LPM with OLS estimates
are easy to interpret because they are the marginal effects. However,
the interpretation of the coefficients from the probit and logit is not
straightforward. The sign of the coefficients from the latter models
explains the likelihood that children are stunted relative to the reference groups. Negative (positive) coefficients indicate that the target
groups have a lower (higher) probability of stunted compared to the
reference groups. Interpreting the magnitude of the probability of
being Stunted is more complicated than the estimates from OLS (we
annexed the marginal effects or elasticities of the determinants). With
LPM, the coefficients of the independent variables are the magnitude
of the marginal effect of the covariates on our dependent variable.
According to the regression results, the prevalence of stunting and
underweight are inversely associated with the level of household socioeconomic status. From the results of LPM, children from relatively
high SES are less likely to be stunted than their peers. A child from a
poorer, middle, richer, and richest household is 3.3 percent, 9 percent,
11 percent, and 14.4 percent less likely to be stunted than a child from
the poorest household, respectively (although the coefficient for the
poorer household is not statistically significant), after controlling for
all other independent variables. The estimated coefficients also con32

firmed that probabilities decrease with household SES. In the same
way, the results from the logit model are quite similar. According to
the results from the logit model, the probability of having stunted children is 3.5 percent, 9.6 percent, 11.5 percent, and 15.4 percent lower
from the second to the fifth quintile, respectively. The results based
on the DHS 2000 on the influence of SES on the probability of being
disabled are not statistically significant.
According to the regression results summarized in Table 14 for the
underweight frequency indicator, the probability for a child to suffer
from underweight is strongly related to the socioeconomic status of
the household. We confirmed that inequality in SES causes inequality
in the probability for a child to be undernourished as measured by
underweight. From the model LPM, a child is 3.4 percent, 7.8 percent,
13.4 percent, and 10.7 percent more likely to be underweight if he
or she comes from a poorer, middle, richer and richest household,
respectively. The marginal effect of household socioeconomic exposure
on the probability of a child being malnourished supports the findings
obtained from LPM. Holding other things constant, the odds of a child
being malnourished are 3.3 percent, 7.7 percent, 13 percent, and 10.4
percent lower than the poorest in rank when the family’s SES is in
the 2nd to 5th percentile.
We have discussed in the previous section that the educational
status of a mother plays a very important role in minimizing risks
associated with the nutritional status of her children. Mothers with
higher educational status make greater use of prenatal care during
pregnancy and postnatal care. Wise use of this type of care reduces
the likelihood that a child will be malnourished. We categorize mothers with primary education and less as uneducated and those mothers who have secondary education and more are educated mothers.
The results of the regressions are consistent with these types of find33

ings. Leaving the other covariates unchanged, the probability of being
stunted is higher for those children whose mothers are less educated
(uneducated). According to the results from LPM and the logit models, the probability of a child being stunted is 16.2percent and 11.8
percent higher, respectively, if the mother is uneducated.
In terms of the age of a child, the results are statistically significant
and confirm our expectations. The results from LPM show that the
marginal effect of a child aged 13-36 months and 37-59 months has a
higher probability of stunting than a child aged 0-12 months. In 2000,
controlling for other covariates, a child aged 13-36 months and 37-59
months is 34.8 percent and 34.2 percent more likely to be stunted than
a child aged 0-12 months, respectively. Similarly, the probabilities
for these age groups of being stunted decreased to about 27 percent
and 25.1 percent, respectively. The same is true for the results from
the logit and probit models (which are attached at the end of this
document). According to the logit model, a child aged 13-36 months
is 27.9 percent more likely to be stunted than a child aged 0-12 months.
For the children 37-59 months old, the probability of being stunted
is estimated to be 25.8 percent higher than for the children 0-12
months old. The results from LPM and logit regressions using the 2016
data give us very comparable probabilities. The results for the underweight indicator are also similar. Daughters/sons who are younger
than household members receive more care from household members
compared to those who are older. Children aged 13-36 months and
37-59 months have a higher probability of suffering from underweight
than the reference group (children aged 0-12 months). The LPM regression results show that holding all other covariates constant, 13-36
and 37-59-month-old children have a 16.6 percent and 16.3 percent
higher probability of suffering from underweight than the children aged
0-12 months. In 2016, the probability of being underweight for their
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age was 10.3 percent and 13 percent higher in the above age groups,
respectively. Complementing this, the logit model produces very similar probabilities. The probabilities for children aged 13-36 and 37-59
months of being underweight were 10.3 percent and 12.9 percent, respectively, which are very similar coefficients to the LPM regression
results.
Other variables such as a child’s birth order, the child’s sex, the
head of the household, the source of drinking water, and regional conditions also have a significant impact on child malnutrition disparities.
Children who do not have access to an improved source of water for
drinking are affected by both stunting and underweight. The motivation for including regional state and city governments in the analysis
was to capture any regional effect and to examine who was doing better
than who. According to Table 13, in 2000, the probability of being underweight for age was relatively lower in Afar, Oromia, Somali, Gambela, Harari, Addis Ababa, and Diredawa regions compared to Tigray
regional state. In 2016, children from the only Somali region, Gambela
region, and Addis Ababa city are less likely to be stunted compared to
Tigray regional state. Children from Harar town, Diredawa town, and
Addis Ababa town were less likely to be underweight in 2000 than in
the reference region. Gumuz region, Addis Ababa town, and Diredawa
town performed better than Tigray regional state in 2016.
In conclusion, there is still a significant difference between the regional states in terms of the likelihood of being undernourished. The
variable “type of household sanitation” is not statistically significant
in all models, so it does not contribute to the inequalities in child
malnutrition. Another important variable that is found to have a significant effect on inequalities in stunting and underweight according to
the regression results is the age of the mother. For example, according
to the result of LPM, the older the mother is, the lower the probabil35

ity that a child is smaller than his mother for his age. The estimated
probabilities are 5.3percent, 9.1 percent, and 9.8 percent lower for a
child whose mother’s age is 20-29 years, 30-39 years, and 40-49 years,
respectively, compared to a mother less than 19 years old.
Disparities in child malnutrition according to the place of residence
(urban and rural) produce mixed results in recent studies. There is
scattered evidence that the gap is narrowing and that migration contributes to this effect. Poverty and malnutrition are gradually shifting
from rural to urban areas in developing countries. Thus, the number
of urban poor and malnourished is increasing faster than the number
of rural poor (Garrett, 1999). Other studies have shown that urban
children are better nourished and less likely to be stunted and underweight than their rural counterparts (Smith et al. 2005; Fotso 2006):
according to Smith et al. (2005): urban children are less likely to
be stunted and underweight because they are better nourished than
their rural counterparts. Harpham (2009): increased poverty-related
migration from rural to urban areas decreases the urban health advantage. These migrated people live in informal settlements and slums,
making them vulnerable to disease. All our regression results showed
that a child living in rural areas is less likely to be stunted and more
likely to be underweight than a child living in urban areas. However,
the relationship is not statistically significant.
2.3.4

Decomposition Analysis

Once we obtained the coefficients of the determinants of health inequality, we can proceed to decompose the contribution of the covariates to inequality in child malnutrition. Tables 15 and 16 show
the absolute and percentage contribution of health determinants to
inequalities in child undernutrition (stunting and underweight preva36

lence). The primary aim of these tables is to distinguish the main demographic and socioeconomic determinants of health that contribute
to inequalities in poor health indicators at a representative national
level.
Generally speaking, based on the data from 2000 Ethiopia DHS,
the selected explanatory variables contributes to around 97 percent
of the disparities in stunting prevalence, and only 10 percent of the
inequality in underweight is explained by the inequalities in the determinant of inequality if underweight. Mothers’ educational status
contributes substantially to the disparity with about 31.3 percent followed by the socioeconomic status that contributes about 30.4 percent. This indicates that the percentage contribution of inequalities
in both variables (education level of mothers and SES) accounts for
around 62 percent of the inequality in stunting. Likewise, being born
at later orders have also an appreciable contribution to the inequality
in stunting. According to the decomposition in table 3.6A, inequalities in mothers’ educational status, socioeconomic status, and child’s
birth order have contributed significantly and can be considered the
most important determinants of inequality in stunting.
The decomposition of the contribution of inequalities in the determinants of health to the inequalities in stunting and underweight
prevalence using the DHS 2016 are summarized below. According
to the decomposition analysis, the explanatory variables have contributed to about 92.6 percent and 93.8 percent of the inequalities in
stunting and underweight prevalence respectively. The unexplained
component of the inequality in stunting is 7.4 percent and 6.2 percent
in underweight. Compared to the decomposition analysis discussed
above, this one is relatively explained better by the perspective covariates. Both socioeconomic position and educational level of mothers
have contributes more than 90 percent to the inequality in stunting
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and about 80 percent to the disparities in underweight prevalence.
The birth order of a child has also a relatively significant contribution
to the inequality: those children who are born later orders are more
probable to be malnourished. The contribution of birth order accounts
for about 4.5 percent of the inequality.
Bringing those tables 15 and 16 together, we can also compare
the percentage contribution of the major determinants of health into
the disparities in child malnutrition. In 2000, all the corresponding
variables have explained the disparities in stunting more than they
did in 2016. The percentage contribution of socioeconomic position
of households has increased from 30 percent in 2000 to 77 percent
in 2016. However, the percentage contribution of mother’s education
declined from 31 percent in 2000 to 13.5 percent in 2016. Even if there
exist fluctuations in the percentage contribution of the important and
conventional socioeconomic indicators (mother’s education status and
wealth index of households), both remain to be the driving variables
for the inequality in child malnutrition in Ethiopia.
Like other poor countries, it is revealed that in Ethiopia there were
considerable improvements in dropping off child malnutrition indicators (both stunting and underweight, whereas the changes in wasting
prevalence, are not large enough) in the past decades. But those global
improvements are not evenly distributed (Barros et al., 2010; Fotso,
2006; Van de Poel et al., 2008) among various socioeconomic groups.
The same is true in the case of Ethiopia; despite the improvements
in the indicators under study between 2000 and 2016, some of the
improvements are in favor of the advantaged groups causing the inequality between groups to increase and few other improvements are
in favor of the disadvantaged ones leading the inequality level to be
contacted. The absolute gap in stunting prevalence among children
living in rural and urban was about 11.2 percent in 2000 and the gap
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has increased to 13.7 percent in 2016. This implies the gap has increased and a child in urban has benefited more than a child living in
rural.
In contrast to this, the difference between the underweight rate
in rural and urban has dropped from 14 percent to 11 percent. Residence locations and distance to get healthcare services are the most
common geographical factors (Dong et al, 2012, Niamba et al, 2011)
that contributed to higher child health problems. A serious concern
is that the majority of child health problems happen from causes that
can be easily manageable or preventable. The life chances of children
vary dramatically by location and early life experience. A girl born
in a poor neighborhood can expect to spend more of her life suffering
from health problems than had she been born to rich relatives.
Likewise, the absolute gaps and relative gaps in both forms of children’s malnutrition had contracted by the sex of the household head.
Both stunting and underweight prevalence among children from the
poorest and richest knots have significantly improved. However, the
difference between the richest and poorest in the stunting prevalence
has increased from 11.6 percent to 19.6 percent and underweight prevalence has increased from 13.2 percent to 16 percent respectively within
the specified period. To sum up, the absolute gaps in stunting and underweight prevalence have not consistently declined across household
wealth quintiles and other demographic and socioeconomic indicators.
The findings from the empirical analysis are statistically significant and consistent with other empirical studies when it comes to a
child’s age. According to LPM results, children between the ages of
13 and 36 months and 37 and 59 months are more likely to be stunted
than children between the ages of 0 and 12 months. A child’s likelihood of being stunted increases as they become older, according to
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studies conducted using the data from DHS 2000 and D2HS 016. The
likelihood of being stunted dropped for these age groups from 2000 to
2006, indicating that the unfavorable health effects are getting better.
The underweight indicator produces similar findings. Daughters and
sons who are younger than household members get more attention
from the family than those who are older do. Children between the
ages of 13 and 36 months and 37 and 59 months are more likely than
the reference group to be underweight (children aged 0-12 months).
2.3.5

Limitation and Future Research

To the best of our knowledge, this is the comprehensive study that
used data from the two extreme periods of DHS in the context of
Ethiopia. In spite of the comprehensive review of related literature
we have made in the context of developed and developing context, we
want to highlight the main limitations of the study and forward some
directions of future research perspectives.
In nations where routine vital registration data is unavailable, demographic and health surveys have become a popular way to collect
data. It is typically thought to be nationally representative and is
gathered in both urban and rural settings. However, in developing
nations like Ethiopia where there are large disparities in living standards, combining data from rural and urban areas may not be able to
accurately determine an individual’s or household’s SES rank. This is
due to the fact that most rural households lack durable assets, have few
assets, and have similar housing characteristics (such as the number of
rooms and the type of construction materials used), and have similar
access to utilities and infrastructure (that is, lacks formal sanitation
facilities and source of water).
When the distribution of the variables vary between households,
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principal component analysis functions at its best. The list of variables
to be utilized for computing the wealth index using PCA is not widely
agreed upon. Mickenzie (2003) made an effort to compare the SES
distribution across cases using only housing characteristics, only access
to infrastructure and utilities, only ownership of durable assets, and
all three categories combined. Mickenzie came to the conclusion that
combing all three categories does not result in evidence of clumping
and truncation. It is preferable to include any variable that may reflect
the economic status of households so that the distribution of variables
differs among households. This is due to the fact that a larger number
of items results in a generally better distribution of households in
the PCA (DHS Comparative Reports, 2004). Items that are owned
by all households or none at all provide little purpose in classifying
household socioeconomic status (Mickenzie, 2003), hence they must
be eliminated.
It is therefore recommended to investigate if constructing wealth
index for rural and urban separately explains the socioeconomic status better than constructing an index at the national level. As an
alternative, it would be great if other indicators, such as consumption
expenditure or household income levels, could be utilized in conjunction with the other variables. To put it another way, I strongly advise
future researchers to investigate the consistency of results from consumption expenditure- or household income-based classification and
socioeconomic status indices based on principal component analysis.
2.3.6

Conclusion and Policy Implication

The general objective of the study is to explore the socioeconomic disparities in child malnutrition in Ethiopia and investigate which groups
have benefited more than who from the improvements in the mean of
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the adverse health indicators between the periods 2000 and 2016. The
study also aimed at identifying the major determinants of health that
contribute to the inequalities in child malnutrition.
The disparities in access to nutrition and/or health services caused
by a child’s birth circumstances, such as parental background, geographic location, etc., are detrimental to a child’s proper development
and increase the risk of child mortality and illness, which later results
in poor adult health outcomes. This age group demands special consideration in and of itself since maturity exhibits the long-term effects
of health issues present in childhood.
The constructed concentration curve confirmed that there exist
pro-poor inequalities in child malnutrition indicators. The curve lying
above the equality line implies problems are concentrated on those
children from the lower wealth quintile.

Those curves only show

whether socioeconomic health disparities (ill health) outcomes exist
or not. It does not generate an estimate of the inequality level which
we will use to make comparisons. From the empirical analysis, we have
shown that mothers’ educational level and the estimated asset index
of households favored those children who are in a better position in the
socioeconomic rank. Poverty can lead to child malnutrition (Vorster
& Kruger, 2007) and this malnutrition might be persistent and can in
turn trap them in poverty (Donna Hoerder, 2009). It is found from
the regression techniques that a child from the higher socioeconomic
status of the household is less probable to e malnourished than their
counterparts. This result supports the findings by (Abhishek Kumar
et al., 2014; Hosseinpoor et al., 2006; Skaftun, Eirin et al., 2014).
In the same fashion, the impact of a mother’s educational level is
found to be another crucial determinant of disparities in child malnutrition. The presence of differences in the level of a mother’s edu-
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cational status results in inequalities in child health in general which
are studied using the malnutrition indicators. The level of significance
of this variable remains important in both the earliest and latest demographic and health survey of Ethiopia. The likelihood to be short
for age and underweight prevalence will be higher for those children
who are a son of uneducated mothers. This is directly related to their
commitment to using healthcare services both before and after the
delivery of a baby. Educated mothers will use prenatal care services
during pregnancy and educated lactating mothers will use antenatal
care services properly. Higher education levels of mothers will result
in higher utilization of healthcare services (Shrestha, 2018). This kind
of care service is directly related to a minimal risk factor for a child.
Differences in those practices will cause inequalities in the probabilities of a child being malnourished (shorter for age and underweight
prevalence). The multivariate and decomposition analysis of the study
has confirmed this kind of association between the education level of
a mother and the inequalities in the probability of child malnutrition
forms.
In poor countries like Ethiopia, a male child is preferred to a female
child and as a result, receives more attention. There are studies in developing countries on gender preference and found that families favor
having a male child over a female (Fuse, 2010; Ndu and Uzochukwu,
2011). The main reason for this type of preference is related to the
possible future contribution of children when they grow up. When
daughters marry, they will take over some of the family resources and
serve their husband’s family. A son, on the other hand, will guard,
protect, and secure the family and help it increase its wealth before
and after marriage. The nutritional status of a child also responds to
the level of care and feeding practices he has experienced.
To be able to vanish the inequalities in child malnutrition we found
43

in Ethiopia using the data from 2000 and 2016 demographic and health
surveys, health policies of the countries need to prioritize those determinants that have an appreciable contribution to the disparities. It
might not be easy to be effective in the short run, but interventions
and public health policies should be introduced that target minimizing
if possible die out the inequalities.
As it is discussed above, the difference in socioeconomic positions
are the driving forces towards the inequalities in child malnutrition
and it is not easy to eliminate those but at least interventions can
minimize the current inequalities. Even if the literacy rate in Ethiopia
is growing higher, there is still huge room for improvement which will
have a direct impact on the inequalities in child health. If differences
in the education level of mothers are minimized then the inequality
in the utilization of healthcare services will also decline to imply that
the inequality in child malnutrition will decline.
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CHAPTER TWO
3

The impact on inequality of the use of innovative medical technologies

3.1

Introduction

In the past few decades, significant improvements in health conditions
of the general population have been observed ([1] [2] [3][4]), measurable
through a large number of objective indicators. It is widely agreed that
technological innovation played an important role in this achievement.
In contrast to this, the distribution of these improvements, however, is not uniform within the population[5]. There exists literature
on the positive contribution of technological innovation to health outcomes. The coexistence of technological progress and growing social
inequality have raised the interest of scholars. Irrespective of the above
positive contributions, innovative health technologies are also blamed
for the growing social inequalities in health [6], [7]. These analyses
investigate the most obvious channel that can link innovation to inequality, namely the possibility that a more favourable socio-economic
position allows to access innovation with higher probability and/or
earlier.
The essential channels through which technological innovation in
health care influences health outcomes are associated with: i) the
availability of new technologies (related to the distribution of R&D
efforts across different clinical areas), ii) access to innovative health
technologies and iii) use of new technologies, provided that there is
access. The issue of availability of innovative health technologies is
somehow broader and at the same time it is studied well by researchers.
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The type of health inequality resulted from this elements is between
groups of individuals or any geographical comparisons (For instance;
developed and developing countries where investment on R&D is different). The availability of such technologies is also highly affected by
the market forces as said before.
The differences in access related to differences in to the socioeconomic status is pretty straightforward to understand. A significant
contribution to the literature in this area is that of ([8] [6]), which show
that the relative improvement of more educated subjects, compared
to the less educated, is greater in the areas of cancer therapy in which
progress has been greater. The authors’ interpretation is that education positively affects the ability to exploit technological innovation
as a factor in improving health. The inequality resulting from access
to technological innovation in healthcare has also received the greater
attention in the literature. As a result, this will not be part of the
main field of investigation of our study. Compared to the availability
and access to innovative health technologies, the use of such technologies provided that there is access, remained substantially unexplored
in the literature and it is therefore the main focus of this chapter.
The main objective of this study is therefore to investigate the impact of technological innovation on health inequality, bearing in mind
the relationship between health and income inequality. Understanding
the crucial determinants of health inequalities (which technological innovation in healthcare is one of those) is essential to be able to define
policies aimed at a more equitable distribution of health outcomes.
Our research primarily aims to contribute significantly to improving
the understanding of the relevant mechanisms (chapter 2) and providing empirical evidence (chapter 3). The contribution that is closest to
ours is the one by [7]. However, their model is based on the assumption
that innovation reduces the price of the technology. In our case, in46

novation impacts directly the shape of the health production function
and the size of this impact is affected by individual (e.g. cognitive)
skills. This characteristics of the innovation also allows us to link this
theoretical contribution to the specific type of technology investigated
empirically in chapter 3.
The theoretical analysis of this chapter is organized as follows.
Section 3.2 provides an overview of the literature related to the topic.
Section 3.2 describes the model, which is solved, under different assumptions, in Section 3.4. Section 3.5 concludes.
3.2

An overview of health inequality theories

3.2.1

Fundamental Causal Theory (FCT)

Fundamental causation theory was developed by [3] explained the
complexity of the relationship between SES and inequalities in health,
though a dramatic changes in the causes of death is observed. The
theory focuses exclusively on how resources help individuals access to
technology, providing health benefits to those with more resources.
The fundamental causation model has shown that health care innovations create opportunities for an additional health benefits to those
with higher SES because these individuals have better resources and
access. Although therapy methods, knowledge, and health technologies are improving, individuals with lower socioeconomic level lack
the resources to enhance their health. This theory simply highlights
the significance of resources in facilitating access to medical innovation and ensuring health benefits to privileged individuals who own
greater resources.
Now days, efforts have been made to improve people’s ability to
regulate the extent of disease and death. The ability to prevent death
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and disease has, however, resulted in health disparities ([9] [10]), as
those with greater access to information, resources, and power are
more likely to benefit from the mechanisms created to prevent disease and death. The conclusions of this theory are consistent with
the strongest evidence; relatively wealthy and educated individuals
have better health ([7]), and education is empirically strongly associated with morbidity and mortality and highly associated with healthrelated quality of life ([11]).
3.2.2

Goldman and Lakdawalla Theory of Health Disparities

Goldman and Lakdawalla established a theoretical framework on the
relationship between health disparity and medical innovation in 2005.
They hypothesized that medical technologies can exacerbate health
disparities, supporting the argument of fundamental cause theory which
is acknowledged as an extension. The authors’ critical approach to
conceptualize the link between health inequality and medical innovation served as the foundation for building this theory of health inequality. They assumed that innovation in health care increases the
productivity of medical care. With this in mind, highly privileged
individuals who are considered the largest users of medical services
will benefit more from such a technology-induced increase in productivity. This, in turn, leads to greater socioeconomically driven health
inequalities between individuals and groups. For example, the development of statins to treat cholesterol increases the productivity of
doctor visits, so it can be said that these statins increase inequality by
disproportionately benefiting patients of higher socioeconomic status.
However, their hypothesis is not limited to the type of relationship
described above. They also acknowledge the possibility that socioeconomic inequalities in health may be reduced by medical technology.
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Although innovations increase health care productivity, depending on
the type of diseases, they may decrease or increase the productivity
of patients’ efforts. For instance: the latest treatment of hypertension
requires less effort from patients: they simply take a pill to treat themselves. This medication (pill) has replaced lifestyle change (including
physical activity, abstaining from smoking and alcohol, weight loss,
among others) to treat themselves. This kind of treatment leads to
the conclusion that medical technology can decrease the inequality in
the health among individuals. In contrast to this, treatment of HIV
involve adherence to many complex treatment packages that require
a greater investment of time and knowledge compared to the previous
medication system. This, in turn, leads to greater health inequalities,
as educated people are more likely to be able to follow treatment properly and derive greater benefits than their peers. Putting in simple
way, medical technology increases the productivity of health care and
can increase or decrease the productivity of the investment (effort)
made by patients. Consequently, the relationship between health inequality and medical technology is highly dependent on the impact of
innovation on healthcare productivity and patient effort.
Intuitively, when the price of a good falls, those who consume the
product heavily benefit. Similarly, based on this theoretical fact, [7]
have inferred that reduction in price of health care and improvement
in productivity of health care (due to medical innovation) benefits
the heaviest users of services (people with better SES; higher earners,
better educated). This, therefore, tends to exacerbate health disparities between different individuals. The quality-adjusted reduction in
health care prices allows individuals to make more health investments
for the same amount of money [7]. Assuming that the assumption that
wealthier and more educated individuals invest more in health holds,
they are the ones who receive huge windfall profits from any price
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reduction caused by medical innovation. Equivalently, the increase in
productivity of medical care will increase health and the absolute difference will be expanded. In both cases, (increase in productivity and
decrease in quality-adjusted prices of medical care), a medical innovation benefits the heaviest users of medical care inappropriately and
unevenly.
The authors showed that the associations between chronic diseases and the productivity of health care investments determine the
impact of diseases on inequalities in health. If individuals suffer from
untreatable chronic diseases, then by reducing the productivity of
health services, innovation can be considered as a counterbalancing
variable. Conversely, if individuals suffer from treatable diseases, then
new health care technologies may have unintended consequences of
increasing health inequalities. This is because medical care services
are more productive for people with treatable chronic conditions than
for healthy people, where they are unlikely to need the care. As said
before, individuals with higher SES have a tendency to invest more in
their health; therefore the price decrease brought on by medical innovation will benefit them more by enabling them to generate additional
money. They will be able to get the same treatment for less money or
a higher medication for the same money. This is because they place a
high value on health and desire to live longer. As a result, one prominent cause of health inequality is the preference for longer life among
wealthier and more educated people over that of the poor.
3.2.3

The Cumulative Inequality Theory

The CIT discusses the inter-individual variation in a certain characteristic such as income level, health, SES, and so on ([12] [13]). With
specific reference to health, over the life span of individuals, there
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is increasing variability among members of a group, which increases
inequality among them. Strictly speaking, the advantage of an individual or a group over another increases over time so that small
differences between them are magnified ([13]). People who are at an
advantage early in life are likely to experience increasing advantages
as they become older. As a result of this process, inequality is highest
among people who are 65+ of all age groups. A central concern of life
course research is to explain why inequality increases with age. Cumulative inequality (disadvantage) theory sheds light on the influences of
early life experiences on quality of life in older age. Those who are
advantaged in early life have more opportunities to get an education,
get a good job, earn a high salary, and save for retirement.
In theory, the level of income we will have during retirement years
depends greatly on the type of employment we have during the working age. Therefore, those who have invested many years in education
will generally have a better job offer, be insured, have better health literacy, be highly compliant with medical descriptions, and have higher
trust in doctors and health care providers. This is because individuals with higher education value a year more in their life than their
counterparts. On the other hand, individuals with fewer years of education will be offered less attractive jobs during their working years
and will be less likely to accumulate sufficient income in retirement.
These small differences between individuals and groups become even
larger in later years.
3.2.4

Diffusion of Innovation Theory, Rogers (1962 and 1995)

[14] investigated how businesses and users perceived technological innovation and adoption. Innovators, Early Adopters, Early Majority,
Later Majority, and Laggards were just the categories that Rogers
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used to classify adopters. These categories of adopters are based on
how quickly people adopt novel concepts or advancement of technologies. For a simple discussion of how the diffusion of innovations may
lead to expanding health disparities, consider the Early Adopters and
Laggards categories. The Laggards are those with lower social status,
lower educational attainment, and lower financial security as compared to the Early Adopters, who are people with better social position, higher educational attainment, and stronger financial security.
Therefore, based on these categories, we may conclude that the introduction of new technology advancements in healthcare primarily favors
those with higher SES, which eventually drives the rise in social disparities. Differences in income levels, treatment adherence, access to
high-quality care, physicians, and differences in the valuation of these
technologies are some of the factors contributing to these technological
diffusion disparities ([15] [6]).
Even when people have access to innovations, their socioeconomic
level produces variations in advantages by limiting their capacity to
adapt fast, according to [14] theory of diffusion of innovations. It is
possible to widely regard the time it takes for individuals to adopt
innovations as a cause of inequality amongst people. These variations
could be brought on by adherence to treatment regimens, the use of
additional antidiabetic drugs, ongoing blood glucose monitoring, and
other factors.
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3.3

The model

3.3.1

Individual utility

Let the utility of individual i be U (ci , twi , hi ), where c is consumption,
twi labour supply, and hi health. In particular:
U (ci , twi , hi ) = f (ci ) − ψ(twi ) + h

(8)

with f (ci ) assumed to be increasing and strictly concave and ψ(twi )
increasing and strictly convex.
For the sake of simplicity in the solution and interpretation of the
model, we introduce the following specific functional forms for f (·)
and ψ(·):
f (ci ) = cθi
with 0 < θ < 1, and
twi2
.
ψ(twi ) =
2
Let the individual earnings from labour supply be defined according
to the function:
yi = w(γi ) · twi
where w is wage, which is increasing in γi , a parameter related to
individual skills (e.g. cognitive ability). For health, we assume the
following CES production function:
1

hi = [a(γi , k)ziρ + (1 − a(γi , k))thρi ] ρ ,

(9)

which involves two inputs: technology z and time th. The use of time
as an input in the health production function is typical since the seminal paper by Grossman (1972) and has been previously applied to the
analysis of the implications of technological innovation (Goldman and
Lakdawalla, 2005). Given the specific objective of our analysis, we
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study a static model and rely on the comparative statics with respect
to variables directly related to technological innovation. In Eq. 9,
the “scale” parameter a is assumed to depend on two additional parameters: γi , individual skills which have been also assumed to affect
wage and k, an additional parameter characterising the productivity
(effectiveness) of the technology, which is independent of individual
characteristics. Since

∂a(·)
∂k

> 0, an increase in k will be used to model

technological innovation.The dependency of a on γi means that individual skills that affect labour productivity may also affect the productivity of individual use of the technology. This dependency may
go in either direction. It is possible that high skill individuals benefit
more from innovation

∂a(·)
∂k∂γi

> 0 because the use of the technology in-

volves a non trivial engagement of the patient. We will refer to this
as to a pro-skilled innovation. Alternatively, we may have

∂a(·)
∂k∂γi

< 0,

in which case the technology allows to reduce the dependency of effectiveness on patient’s actions, which may be related to individual skills
(pro-unskilled innovation). In what follows, a neutral innovation will
be defined as one for which

∂a(·)
∂k∂γi

= 0. The parameter ρ is related to

the degree of substituibility of inputs in the production function: with
ρ = 1, z and th are perfect substitutes; with ρ → −∞ they are perfect complements. Hence, this functional form allows us to consider
different degrees of substituibility.
3.3.2

Constraints

The government can play a role, by providing insurance, i.e. by reimbursing, at least part of the cost to use the technology. Denoting by b
the insurance rate and normalizing the unit price of the technology to
one, the net cost of using the technology for the patient is: z(1 − b).
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The government budget constraint requires that:
X

pi · w(γi ) · twi −

X

i

zi · b = 0

(10)

i

where pi is the average income tax rate for individual i. Notice that the
average rate of income taxation may be different across individuals,
whereas the reimbursement rate b is assumed constant. This is meant
to capture the fact that redistributive efforts mainly rely on personal
income taxation, whereas limited differences, if any, exist concerning
the rate of reimbursement of health expenditures.
Given the static nature of the model, consumption equals the difference between earnings and expenditure. In our model, the focus is
on health related expenditure, and in particular that related to the
use of the technology. Hence,
ci = (1 − pi )w(γi ) · twi − z(1 − b).

(11)

Time may be allocated either to work or to health. Normalising the
total amount of time equal to one, the time constraint is:
twi + thi = 1.

(12)

Notice that leisure does not explicitly appear as an alternative for
time allocation. Although this may look unusual, it does not effect
our conclusions, given the specific research question addressed.
3.4

Optimal individual decisions

The individual solves the model:
armaxtw,th,z

U (ci , twi , hi ) =

2
θ twi
+[a(γi , k)ziρ
ci −

2
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1

+ (1 − a(γi , k))thρi ] ρ
(13)

subject to the constraints described in the previous subsection. We
do not aim to characterise an optimal policy by the government here.
The approach that we adopt is to solve the individual optimisation
problem under alternative government policies and to compare the
resulting outcomes, with a focus on the relationship between technological innovation and inequality.
We start by analysing the case with no intervention by the government, meaning that the expenditure related to the use of the technology is fully paid by the patient. In what follows, we simplify the
analysis by restricting attention to only two types of individual: a high
skill type, H, and a low skill type L, meaning that γH > γL .
By substituting Eq. 11 and 12 into Eq. 14, the objective function
can be rewritten as follows:
armaxtw,z

twi2
+
U (ci , twi , hi ) = [(1 − pi )w(γi ) · twi − z(1 − b)] −
2
1
[a(γi , k)ziρ + (1 − a(γi , k))(1 − twi )ρ ] ρ .
θ

(14)
We start by studying a simplified version of the above model,
which, even without allowing to find a closed form solution, provides
results that can be easily interpreted, thus highlighting the fundamental mechanisms involved. The simplification is based on the following
two assumptions: i) there is no government intervention, meaning that
there is no reimbursement (b = 0) and no taxation (pi = 0 ∀i); ii)
technology and time are perfect substitutes (ρ = 1).
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(a) Optimal use of technology before innovation.

(b) Optimal use of time before innovation

Figure 2: Optimal decisions before innovation.
3.4.1

No reimbursement

The first order conditions for this version of the problem are:5
∂Ui
= −θ [w(γi )twi − zi ]θ−1 + a(γi , k) = 0
∂zi

(15)

and
∂Ui
= −θ [w(γi )twi − zi ]θ−1 w(γi ) − twi − (1 − a(γi , k)) = 0. (16)
∂twi
It is immediate to verify that the second order conditions are satisfied.
Unless differently specified, in what follows we restrict attention to
interior solutions. The two conditions above simply require marginal
benefit of increasing z and tw to equal the corresponding marginal
costs. For z, the marginal benefit is related to the use of the technology
and its impact on health, whereas the marginal cost is related to the
price to be paid for the technology and its opportunity cost in terms
of reduced consumption. On the other hand, an increase in tw brings
benefits in terms of consumption, but has a cost due to the fact that,
given the time constraint, this reduces th and hence the level of h.
To ease the interpretation of the first order conditions it turns out
5

It is easy to verify that the second order conditions are satisfied.
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to be convenient to rearrange Eq. 15 and 16 respectively, as:
θ [w(γi )twi − zi ]θ−1 = a(γi , k)

(17)

θ [w(γi )twi − zi ]θ−1 w(γi ) − twi = (1 − a(γi , k)).

(18)

and

Given our focus on inequality, a key point of interest is understanding
the implications of heterogeneity among individuals in terms of γi .
Figures 2(a) and 2(b) graphically illustrate the optimality conditions
with respect to z and tw, for type H (dotted lines) and L (dashed lines).
To keep the interpretation as simple as possible, we assume that the
initial state of the technology is neutral, i.e.

∂a(·)
∂k∂γi

= 0. Under this

assumption, the right had sides of Eq. 17 and 18 are equal for both
types. Those levels correspond to the horizonal lines in Figures 2(a)
and Figure 2(b).
Figure 2(a) also shows the left hand side for Eq. 15, for H (dotted line) and L (dashed line). This term, which corresponds to the
marginal cost of an increase in z, is a convex function of this parameter: an increase in z leads to a reduction in consumption, whose
marginal value increases as the level of consumption decreases. The
marginal cost curve is higher for L, whose consumption level is lower,
due to the lower wage. As a result, the optimal use of technology for
L, zl∗ , is lower than for H (zh∗ ).
As to time allocation, Eq. 18 still involves a fixed component on
the right hand side (horizontal line in Figure 2(b)). As above, this
is the same for H and L, due to the assumption of neutrality of the
state of the art technology. The left hand side of Eq. 18 is decreasing
in tw. The first term on the left hand side is the marginal benefit
of an increase in tw, which is associated with the marginal value of
consumption. Since w(γh ) > w(γl ), the corresponding curve for H
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(dotted line) lies above the one for L (dashed line). As a result, a
larger amount of time is allocated to work for H in comparison with
L (twh∗ > twl∗ ). Notice that, the assumptions introduced so far do
not allow us to unambiguously say whether the slope of the curve is
greater (in absolute value) for one type or the other. In what follows,
we will assume that the size of impacts related to this second order
effect is negligible.
Figure ?? shows the impact of innovation, which, as we explained
above, is modelled as an increase in k. We will investigate separately
two alternative cases: one where the marginal health gain is greater for
comparatively skilled patients
occurs

∂a(·)
∂k∂γi

∂a(·)
∂k∂γi

> 0 and one where the opposite

< 0.

A. Pro-skilled innovation

(a) Optimal use of technology with pro-skilled inno- (b) Optimal use of time with pro-skilled innovavation.
tion.

Figure 3: Impact of pro-skilled innovation.

Under the assumption that innovation is pro-skilled, it shifts the
right hand side of Eq. 17 upwards for both H and L. However, as
shown in Figure ??, under the current assumptions, the size of this
shift is greater for H (dotted line) than for L (dashed line). As a result,
Figure 3(a) shows that the increase in the use of the technology due
to innovation is greater for H than for L.
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Moving on to consider the impact of innovation on time allocation,
notice that the size of the shift related to the right hand side of Eq.
18 is the same as the one commented for the definition of z ∗ , but with
opposite sign. In this case, the downward shift for H is greater than
for L, meaning that the amount of time dedicated to work increases
for both H and L, but the size of the increase is greater for H. The
reason why innovation leads to an increase in the amount of time
allocated to work is that the marginal productivity of th (= 1 − tw)
decreases relative to z. This implies that it is optimal to allocate less
time to health and more time to work. This reallocation is particularly
convenient in the case in which th and z are perfect substitutes.
We can now wonder what are the implications of technological
innovation on inequality, under the current assumptions. Innovation
has an impact on both income and health inequality. Concerning
income inequality, the impact is an increase in labour supply which is
greater for H. Given that H also enjoys a higher wage, innovation will
unambiguously increase income inequality. The mechanism that leads
to this outcome is that innovation makes the marginal productivity
of the technology larger relative to that of th, thus leading to a lower
use of time for the production of health. This time will be allocated
to work, where it is more valuable for H.
The impact on health inequality is less obvious. In this case, thh
decreases more than thl . Therefore, the relative size of the impact
on health depends on how important the technology is in the health
production function relative to th. This can be seen through the study
of the sign of

∂ 2 h∗
∂k∂γ ,

which can be done by relying on the simplifications

allowed by the application of the Envelope theorem. It is immediate
to obtain:

∂ 2 h∗
∂a
= (zi∗ − th∗i )
.
∂k∂γ
∂k∂γ
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(19)

This allows us to conclude that innovation leads to an increase also
in health inequality if technology is important relative to time in the
health production function.
If z and th are perfect substitutes and there is no reimbursement
for expenditure associated with the use of the technology, innovation
increases income inequality. If the technology is sufficiently important
as an input in the health production function, health inequality also
increases.
B. Pro-unskilled innovation

(a) Optimal use of technology with pro-skilled inno- (b) Optimal use of time with pro-skilled innovavation.
tion.

Figure 4: Impact of pro-unskilled innovation.

Starting from the impact of innovation on the intensity of use of the
technology, the change in the right hand side of Eq. 17 is now greater
for L. This leads to a greater upward (downward) shift for L than
for H in Figure 4(a) Figure (4(b)). Also in this case innovation leads
to an increase in the use of the technology for both types. However,
the relative size of this increase is not unambiguously greater for one
type or the other in this case, given the presence of two countervailing
effects: a first order effect, which is greater for L than for H, and a
second order effect, which is greater for H. The reason why the latter
effect is greater for H than for L is that the marginal cost curve is
steeper for L: an increase in zi reduces consumption, whose marginal
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value is greater for L, given the lower initial starting level. Overall,
the increase in zl will be greater than the increase in zh if the first
order effect exceeds the second order effect.
Concerning the impact on tw, the relative size of the first order
effect is greater for L than for H. Hence, in this case, the increase in
twl is greater than the increase in twh .
Unlike in the case of pro-skilled innovation, we cannot unambiguously conclude whether innovation increases or decreases income inequality: the increase in the amount of time devoted to work is greater
for L, but, given that twh also increases, the increase in income may
be larger for one type or the other, depending on how large differences
in wages are, relative to the impact of innovation on the allocation of
time. The impact on health inequality is again ambiguous: under the
above assumptions, the increase in zl is greater than the increase in zh ,
which contributes to reduce health inequality. However, the relative
size of the change in the other input in the health production function
(th ), goes in the opposite direction. To study the impact on health
inequality, we can refer again to Eq. 19, which allows us to conclude
that the impact on health inequality of a pro-unskilled innovation is
a reduction in health inequality as long as technology is a sufficiently
important input, relative to time, in the health production function.
The following proposition summarizes the results concerning the
impact of a pro-unskilled innovation: If z and th are perfect substitutes and there is no reimbursement for expenditure associated with
the use of the technology, income inequality may increase or decrease.
If the technology is sufficiently important as an input in the health
production function, health inequality decreases.
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3.4.2

The role of insurance

For the scenario with insurance, we assume that part of the cost related to the use of the new technology which, in the scenario with no
reimbursement, is fully paid by the patient, is reimbursed by a public
insurer. The reimbursement rate, b is assumed independent of patient
income. However, we allow average tax rates to be income dependent
(see Eq. 10).
In this case, the first order conditions of Eq. 17 and 18 can be
rewritten, respectively, as:
θ(1 − b) [(1 − pi )w(γi )twi − zi (1 − b)]θ−1 = a(γi , k)

(20)

and
θ [(1 − pi )w(γi )twi − zi (1 − b)]θ−1 w(γi ) − twi = (1 − a(γi , k)). (21)
The comparison with Eq. 20 with Eq. 17 shows that there are two
differences on the left hand side. First, recalling that the marginal
cost was larger for L, the presence of the term 1 − b that multiplies the
term in brackets means that insurance shifts the marginal cost curve
downward by a larger amount for L than for H. Second, consumption
(the term in brackets) is now adjusted to take into account the combined impact of reimbursement and taxation. The sign of the impact
of this second effect will be the same as the first, if the impact of
government intervention is at least as favourable for L as for H. This
will be the case, unless the initial difference between zh∗ and zl∗ is too
large. In what follows we will retain this assumption.
Note that there exists a level of b, above which no value of z satisfies the equality in Eq. 17. In this case, the marginal benefit always
exceeds the marginal cost, meaning that it is optimal for patients to
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consume the maximum amount of technology available, z̄. Even in
the case where zh∗ and zl∗ do not reach z̄, a combination of tax and
reimbursement policy can be defined such that zh∗ = zl∗ . In particular,
the following proposition holds: It is always possible to define a combination of tax schedule, pl,h , and reimbursement rate, b, such that
intensity of use of the technology is independent of individual skills.
We exploit the properties outlined in the previous Proposition, to simplify the intuition concerning the impact of innovation by assuming
that the combination of reimbursement rate and tax schedule is such
that zl∗ = zh∗ . The situation is illustrated in Figure 5(a).
Concerning the impact on twl∗ and twh∗ , under the assumptions
outlined above, the difference between the left hand side of Eq. 21 for
L and H is reduced in comparison with the case of no reimbursement.
A. Pro-skilled innovation

(a) Optimal use of technology before innovation.

(b) Optimal use of time before innovation

Figure 5: Optimal decisions before innovation with reimbursement.

The discussion presented above shows that the impact of reimbursement is to reduce the importance of the role of the economic
variables in affecting individual decisions, i.e. by reducing differences
in the marginal value of consumption. As a result, the relative importance of intrinsic technology characteristics grows.
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(a) Optimal use of technology with pro-skilled inno- (b) Optimal use of time with pro-skilled innovavation.
tion.

Figure 6: Impact of pro-skilled innovation with insurance.

Figure 6(a) shows the impact of pro-skilled innovation on zl∗ and
zh∗ , starting from a situation where initial values were equal, thanks
to the combination of reimbursement and taxation. Due to the difference between a(γh , k) and a(γl , k), as in Section 3.4.1 we have that
zh∗ > zl∗ . However, in this case, the difference in the intensity of use
of the technology between H and L is reduced through two channels.
First, the difference before innovation is reduced (eliminated in Figure
2(a)). Moreover, the government intervention reduces the difference
between the slopes of the marginal cost curves of H and L. As a result,
reimbursement allows to close the gap in the intensity of use of the
technology due to innovation. Concerning the impact on tw∗ , assuming the impact of second-order effects is sufficiently small, the increase
in the amount of time devoted to work is larger for H than for L. In
this case, given the ambiguity concerning the relative size of the slope
of the two curves in Figure 6(b), it is not possible to say whether the
difference due to innovation is larger with or without reimbursement.
However, even in this case, reimbursement reduced the difference before innovation. The following proposition summarizes the results for
this case.
If z and th are perfect substitutes and a fraction b of costs related
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to the use of the technology is reimbursed, innovation increases income
inequality. If the technology is sufficiently important as an input in
the health production function, health inequality also increases. The
introduction of reimbursement reduces the impact of innovation on
both income and health inequality.
B. Pro-unskilled innovation
Given the results discussed in the previous sections the extension
of results to the case with pro-unskilled innovation and insurance is
immediate. Starting from the same level of pre-innovation intensity
of use of the technology, pro-unskilled innovation leads to a greater
increase in the intensity of use of the technology for L. Concerning
the allocation of time, the increase in tw is also greater for L than for
H. However, as in the case without insurance, this is not sufficient to
imply a reduction in income inequality, due to fact that w(γh ) > w(γl ).
The following proposition summarises the results for this case.
If z and th are perfect substitutes and a fraction b of costs related
to the use of the technology is reimbursed, income inequality may increase or decrease. If the technology is sufficiently important as an
input in the health production function, health inequality decreases.
Both income and health inequality are smaller with than without reimbursement.
3.5

Conclusion

This chapter has provided a theoretical analysis of the impact of innovation on income and health inequality. We develop a static model of
individual beahviour, where individuals differ in terms of skills. A distinguishing characteristic, in comparison with the existing literature,
is that skills affect both market wages and the marginal benefit of innovation. We show that the characteristics of the specific innovation
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have crucial implications for the sign of the impacts on income and
health inequality. If the technological improvement is such that its
marginal value is greater for a skilled individual, innovation increases
income inequality and can also increase health inequality if the technology is sufficiently important as a production function relative to
time. On the other hand, if the impact on the health production
function are greater for unskilled individuals, then health inequality
may decrease. However, income inequality may also increase. Finally,
we investigate the role of health insurance, which provides a partial
reimbursement for expenditures related to the use of the technology.
In this case, the sign of the impacts is the same as without insurance. However, the level of income and health inequality is lower with
than without insurance. Moreover, insurance mitigates the potential
impact on health inequality of a pro-skilled type of innovation.
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CHAPTER THREE
4

New health technologies and inequality: the
case of sensor for glucose monitoring in diabetic
patients

4.1

Introduction

The general public’s health has significantly improved in recent decades,
which can be shown through a wide range of objective indices. However, these benefits are not distributed equally across the population.
Even universalised healthcare systems, like those found in the majority of European nations, don’t seem to be free from this trend. As
an illustration, the life expectancy in Great Britain is 74 for men and
79 for women in the decile with the greatest deprivation, and 83 for
men and 86 for women in the decile with the least deprivation. The
propensity for these disparities to grow, even in nations with universal
health care systems, should draw even greater attention (Kunst et al.
2002; Mackenbach et al. 2003).
Even if the trend towards growing health disparities has been extensively examined and is backed by adequately accurate quantitative
data, there is still much to learn about the factors that contribute
to disparities. It is critical to understand this component in order to
create strategies targeted at achieving a more equitable distribution
of health outcomes. In order to enable the development of effective
policies to reduce inequalities, the project aims to increase knowledge
of the factors that influence health disparities.
For the purposes of the project, inequality is defined as a relation68

ship between an individual’s level of health and other personal characteristics that, according to some standard of re-distributive fairness,
are thought not to have an impact on health. The personal characteristic that comes to mind first when considering an individual is
their wealth. The existing health systems in Europe, which have a
pronounced universalised purpose, are founded on the widely held notion that the services required to deal with any decline in health must
be accessible to all, regardless of income conditions. As we’ve shown
above, the spread of these types of systems hasn’t prevented the persistence of disparities in health outcomes between individuals in various
socioeconomic backgrounds. The level of education is another factor
that is also recognized to positively correlate with the state of one’s
health. The identification of causal relationships is particularly difficult due to the wide range of approaches that different degrees of
education might affect how different health levels are measured.
The study project focuses in particular on technological innovation, which has the potential to significantly affect inequalities in
health. Growing interest is being shown in health-related technological innovation. On the one hand, innovation has obviously had a good
impact on health. On the other hand, there is the perception that innovation is a crucial factor in the rise in health expenditure that most
systems must contend with (Newhouse 1992; Okunade and Murthy,
2002; Martin et al., 2011; Willeme and Dumont, 2015). There are
three main ways in which variations in individual characteristics and
technological innovation might combine to affect disparities in health
outcomes: the availability of technologies (R and D) process, access to
different technologies, and the use of new technologies, provided that
here are access (we will discuss those three channels in the subsequent
sections in detail).
In comparison to the two aspects (availability and access to new
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technology), the use of innovation, assuming access, has remained
largely unexplored in the literature. This deficiency appears to be
substantial in light of two patterns. The first is the increased relevance of the patient’s role in some clinical decisions, as a subject
that is more informed than in the past due to the proliferation of IT
technologies (Singh et al. 2004). The second is related to the fact
that the high technological sophistication of some modern technologies indicates that physical capital (technology) and human capital
have a considerable complementarity. Glied and Lleras-Muney (2008)
provide an important contribution in this field by establishing that
the percentage progress of more educated participants, compared to
the less educated, is stronger in areas of cancer therapy where breakthrough has been achieved. Based on the authors’ perspective, education enhances the ability of individuals to use technological innovation
to improve their health. However, empirical evidence for the presence
of such systems is still extremely sparse. The project aims to contribute significantly to improving knowledge in this area. The goal is
to produce additional empirical evidence, with reference to a specific
therapeutic area, namely that of diabetes.
The research intends to make a substantial contribution to the
advancement of knowledge in this field. The purpose is to generate
further empirical evidence in relation to a specific therapeutic area,
notably diabetes. This illness, more than others, exhibits an interesting feature the fact that some recent technological advancements allow
the patient to play an active role in the management of the technology
itself, and therefore of the therapy. As a result, subjects with higher
levels of education could be expected to gain more from this kind of innovation, with the effect that innovation itself would become a factor
in growing inequality. Contrarily, technical advancements might be
able to reduce inequality, for instance by substituting physical capital
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for human capital in the delivery of healthcare.
To possibly consider health policies aimed at lowering, if not eliminating, these discrepancies through targeted training interventions
on the relevant technology, it is critical to understand if this type of
mechanism functions or not and, if so, in what direction. The project’s
overall goal is to make a substantial contribution to the advancement
of knowledge on the role of technological innovation as a potential
factor that influences the degree of health inequality in the context of
international literature.
Knowing whether this type of mechanism operates or not, and possibly in what direction, is essential to possibly think about health policies aimed at reducing, if not eliminating, these differences, through
specific training interventions on the technology in question. The
general objective of the project is to contribute significantly in the
panorama of international literature to the development of the understanding of the role of technological innovation as a possible factor that
contributes to determining the level of inequality in terms of health.
For the sake of achieving the research objective, primary data is
collected to conduct the analysis using data relating to the use of
the new devices for the continuous monitoring of glucose in diabetic
patients, or technologies connected in some way to this (e.g. microinfusers for diabetic patients). This type of technology seems to lend
itself particularly well to the purposes of the analysis due to the central role that the patient plays in processing the information provided
by the technology itself to translate it into a therapeutic action. In
practical terms, the aim is to understand if the use of this type of
technology by diabetic patients produces different impacts on health
as the subjects’ socio-economic conditions change, with particular reference to the level of education. In relation to this objective, it is also
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envisaged that the results of the analysis may lead to identifying any
health policy interventions suitable for mitigating any adverse impact
of technological innovation in terms of inequality.
4.2

Review of Related Literature

An individual’s health is influenced by many variables, including genetics, lifestyle, and environment. Health is a complex phenomenon.
However, socioeconomic status (SES), which is determined by an individual’s degree of education, money, and employment, is one of the
most reliable and robust predictors of health. The socioeconomic gradient in health, which describes how SES and health are related and
how those with higher SES often have better health than those with
lower SES (Thomas Minten, 2020), is a common term used to describe
this relationship. Numerous researches have been carried out to try to
understand this phenomenon, and there is still much discussion over
the causes and effects of the socioeconomic gradient in health.
Many variables (mainly economic and social circumstances) can
contribute to socioeconomic disparities in health status throughout
time. Social determinants of health inequality have been at the center
of a great deal of research (for example, McKeown et al., 1972; Colgrove, 2002; Almond et al., 2018; Barker, 2012). The use of technology
in healthcare services has increased recently, along with improvements
in medicine and the use of big data for health-related applications.
These developments have resulted in an increased reliance on technology in society as well as the gathering of cutting-edge data, such
as the personal genome, which is then used to affect the choices and
actions of not only common people but also health professionals, private businesses, and significant institutions (Lupton, 2015; Tuckson,
Newcomer and De Sa, 2013).
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The societal ramifications of these advancements have been questioned, despite the fact that they are often seen as positive discoveries
that enhance disease detection and treatment and also general public health (Lupton, 2015; Barclay, Sabina, and Graham, 2014; Woolf
et al., 2007). These technologies seem to be improving public health
generally, but at the price of escalating health disparities (Phelan and
Link, 2013). In some of the most developed nations in the world, social
health disparities seem to be rising at a time of rapid technical advancement (Beckfield et al., 2015; Mackenbach, 2012). There has been
considerable discussion in the literature about the importance of further research into the possible impacts of the quick development and
increased importance of various technology developments in health on
societal health (see, for example, Lupton, 2015; Barclay, Sabina, and
Graham, 2014).
Health inequalities can be (re)produced by the combined impact
of several technologies used throughout time. The development and
adoption of newer technologies by high socioeconomic status (SES)
groups may reinforce social stratification, according to Bourdieu’s theories of capital and symbolic violence (Grenfell, 2014) or the concept
of windfall benefits (Rogers, 2003), which are benefits accrued over
time by early adopters (high SES individuals). Roger’s diffusion of
innovations theory has revealed that individuals with relatively better SES have the potential to adopt the new technologies earlier than
their counterparts and consequently receive a windfall advantage due
to their early adoption (Rogers, 2003). As a result, they receive a
disproportionate benefit to early adopters and this benefit from the
new treatment will naturally diminish as others adopt it.
This implies that differences among people who adopt technological innovations based on their socioeconomic exposure will lead to
inequality in health among adopters, at least in the short run, which
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depends heavily on the time it takes for a technology to spread6 . By
highlighting how innovative health technologies can affect the interaction of social, cultural, and economic capital to reproduce health
inequalities, Baum et al. (2012) demonstrate how Bourdieu’s social
theories are pertinent to a discussion of innovative health technologies
and social inequalities in health. According to their conclusion, ”Some
people are caught in a vicious cycle in which their inability to effectively utilize [new health technology] reinforces and worsens existing
disadvantage” (Baum et al., 2014).
According to Grossman (1972), education improves health through
innovative health technologies that are important for health production, increasing income of individuals’ access to all potential resources
which are important for health, and increasing the valuation of innovations, medical services seeking to be healthy. Therefore, health is an
increasing function of education and the return rate from education
will be higher if there exists a higher rate of technological progress
(Glied and Lleras-Muney, 2003).
Although various factors are responsible for such health inequalities, authors have asserted that technological innovations in health
care also make a very significant contribution. This arises under the
assumption that the new treatment is more likely to be adopted by
individuals with higher socioeconomic exposure and if the innovation
targets the disease it disproportionately affects individuals with better SES. Indeed, there are arguments about the general relationship
between health outcomes and new treatments (any innovation, tangible or intangible). Authors argue that the poor are those for whom
6
Individuals with lower socioeconomic status adopt technology at slower pace. Nonetheless, if
the rate of technology diffusion eventually reaches the community as a whole, those groups from
the lower socioeconomic status will also adopt and gain the benefits. Thus, windfall benefit gained
by individuals from higher SES will start to decline and will no more exist. This implies that the
inequalities in health caused by differences in technology adoption will decline and finally will be
vanished.
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health deteriorates and therefore any medical innovation benefits these
individuals more than the rich. On the other hand, authors such as
Goldman & Lakdawalla (2005) concluded that it is those individuals who come from higher SES who consume relatively better quality
health services and medicine and therefore benefit from possible innovations. This being said, it is very important to further investigate
the contribution of innovations in healthcare as we are in an advanced
era of technology.
Link & Phelan (1995) developed Fundamental causation theory7
to frame the intractability of the relationship between SES and disparities in health, despite dramatic changes in causes of death. The theory
focuses exclusively on how resources accelerate access to technology,
providing health benefits to those with more resources. The fundamental causation model of (Link and Phelan, 1995) has shown that health
care innovations confer additional health benefits to those with higher
SES because these individuals have better resources and thus better
access. In other words, even though therapeutic procedures, knowledge, and health technologies are advancing, people with lower socioeconomic status lack the resources to improve their health.According to
the FCT, higher socioeconomic groups would gain more when new opportunities to reduce deaths present themselves since they have more
resources. This theory only emphasizes the importance of resources
in enabling access to medical innovation and guaranteeing health advantages to advantaged individuals owning more resources.
In recent decades, efforts have been made to improve people’s ability to regulate the extent of disease and death. However, the means
to control death and disease have led to inequalities in health (Phelan
& Link, 2005, Phelan et al., 2004), as individuals who have relatively
7

The fundamental cause theory, which focuses on social conditions as the primary causes of
health and indicates that technical breakthroughs could be one of the mechanisms that generate
health inequities, is a significant theory in the subject of health inequality (Link & Phelan, 2002).
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better knowledge, money and power are relatively more advantaged
to take advantage of the mechanisms developed to control disease and
death. The conclusions of this theory are consistent with the most robust evidence; relatively wealthier and well-educated individuals have
better health outcomes (Goldman & Lakdawalla, 2005) and education
is empirically strongly associated with morbidity and mortality and
highly associated (Marmot, 2010).
Chang and Lauderdale (2009) focused on the notion of fundamental causes by claiming that the type of technology affects the temporal
pattern of early benefits for high-SES and non-minority groups differently. They postulated that the type of technological advancement
and the degree of adoption will affect whether or not technology will
extend or decrease health inequities. Individuals with higher socioeconomic status are more likely to use health care and hence get the
advantages, expanding health inequities. Technologies, on the other
hand, can be split into those that require complicated administration
and those that ease therapy. For instance, wealthier people may benefit more from antiretroviral therapy for HIV in the middle of the 1990s
(highly active antiretroviral therapy, or HAART), which needed numerous medications and up to 24 tablets to be scheduled in a certain
daily sequence. On the other hand, basic technologies like hypertension medications (for example, beta-blockers and diuretics), which are
easier to use and need fewer lifestyle adaptations, may reduce health
inequalities. When Chang and Lauderdale (2009) examined the impact of statins on cholesterol levels between 1976 and 2004, they discovered that income gradients for cholesterol were initially favorable
but subsequently turned around in the era of extensive statin usage.
Following the availability of statins, overall cholesterol levels decreased
regardless of income level, but the rich had a far larger decline in lipid
measures.
76

In addition to the fundamental cause theory, the medical innovation and health inequalities issue is also explained by the inverse equity
hypothesis. The inverse equity hypothesis states that new health interventions will first favor those with higher socioeconomic status, but
when higher-SES persons pass a threshold and others with lower socioeconomic status have more access to the therapies, inequality ratios
will decrease. For instance, the study on the dissemination of coronary surgeries reflects the inverse equity theory (Korda, Clements, and
Dixon, 2011).
Health technology that tracks physical activity, diet, sleep, and
vital signs, such as telemedicine, has the potential to unfairly advantage patients who are in higher socioeconomic positions. Academic
medical centers that perform well and have access to resources face
more obstacles when integrating health information technology (IT)
than hospitals that predominantly treat minorities and already deliver lower-quality treatment than hospitals serving fewer minorities
(Jha, Orav and Epstein, 2011). Despite conflicting data on its benefits, more expensive wearable technology has proliferated among richer
and healthier patients at the patient level (Jakicic et al., 2016, Arcaya
and Figueroa, 2017).
Not only telemedicine enhances the quality of treatment and expands access to patients in places with a shortage of physicians, it
can also benefit persons who have limited access to services in rural
areas, which have greater levels of health inequities. Telemedicine has
also been presented as a way to lower health-related inequalities in
access to healthcare and lower healthcare costs. There is conflicting
evidence that the health disparities that communities of color experience are getting worse. Telemedicine offers patients a convenient,
cost-effective, and accessible option to get care, particularly for those
who are unable to travel to a clinic or hospital or who cannot pay
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the price of traditional care. However, patients with little financial
resources have found it challenging to receive Telemedicine services.
4.2.1

The availability of, access to, and the use of new technologies

As We have tried to explain in the previous section, there are three
mechanisms through which variations in individual characteristics and
technological innovation might combine to affect disparities in health
outcomes: the availability of technologies (R and D) process, access to
different technologies, and the use of new technologies, provided that
there are access.
The availability of healthcare services and their affordability are
two of the most important factors in the health of any population
(Goudge, J. et al, 2009, Huang, Y., et al 2018, Stellenberg E. L. 2015,
Zhang et al, 2017). Generally speaking, the number of people with
health insurance coverage has increased, but according to Stellenberg
E. L. (2015), access to healthcare remains uneven across individuals,
groups, regions, and countries. This means that some people have
better access to healthcare services than others. Furthermore, not
only the availability of healthcare services but also their quality varies
greatly across the world.
The world is facing an increasing number of neglected diseases
(Holveck, J. C., et al 2007), which according to Toreele, E., et al
(2004), have been largely ignored by the pharmaceutical and health
research industries. As a result, people in rich countries have generally
escaped the worst effects of these diseases, while those in poor countries have been hit much harder (Trouiller, P., et al 2017). This has
led to widening health inequalities in the world, which are now a bigger cause of premature death than cancer and heart disease combined.
If we don’t tackle these neglected diseases, the world may experience
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even bigger health inequalities in the future.
Over the past several decades, neglected diseases have become a
global health priority (Trouiller, P., et al 2017). We live in a world
where tropical diseases like malaria and dengue fever have become
major health problems in rich countries. Tropical diseases are a prime
example of how our health can be affected by the environment and
society, and are often a reflection of the state of our world. But despite
their global impact, tropical diseases have received little attention from
the scientific community and have not been a priority for national
health systems. This has led to a situation where the poorest people
in our world are most vulnerable to these diseases, and those with the
greatest resources are largely unaffected.
The lack of investment in research and development to prevent
and treat tropical diseases has constrained the ability of the global
community to curb the spread of these diseases. Research and development on tropical diseases have also been constrained by the unequal
distribution of resources and the fact that many diseases in the tropics are endemic to poor countries. The response to the pandemic has
been severely hindered by the lack of basic research and innovation in
tropical diseases, including the development of safe and effective vaccines, diagnostic tests, and therapies. Given the complexity of tropical diseases, which involve multiple types, courses, and transmission
mechanisms, these challenges needs to be addressed.
One of the main potential causes of inequality in health is the difference in investment in healthcare between rich and poor countries
(Callaghan, C. W., et al 2019; Trouiller, P., et al, 2017). This happens when healthcare institutions in some countries are better than
others, and it can have several different causes. One of the most common is that the poorest groups lack the resources to access healthcare
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(Garcia, M. 2022; WHO, 2010), which can lead to higher rates of
both preventable and non-preventable disease, higher rates of infant
mortality, and worse access to education, employment, and housing.
Inequality in health care is a critical issue, especially considering the
broad array of policy, social, and economic determinants that lead to
unequal access and outcomes.
Lack of R & D in tropical diseases is one factor that contributes to
health inequities (Woodward, A., & Kawachi, I. 2000; World Health
Organization. 2010; Trouiller, P., et al, 2017). Even though the riddle
of disease is hard to solve, studies of other problems show that R and D
have gone a long way toward improving health in ways that reduce the
gap in opportunities for different groups. R and D in healthcare are
often discussed as a means to improve healthcare on their own. But
R and D in healthcare according to Wilkinson, R. G., and Marmot,
M. (2003) is also a means to reduce health inequality. R and D in
healthcare can help address the root causes of social and economic
inequalities in health, which in turn can lead to improved health for
everyone. R and D have been critical drivers of healthcare innovation
and improvement. In contrast to this argument, R and D can be also
a source of inequalities in health (Callaghan, C. W., et al 2019). For
example, a review of Rand D funding by the National Institutes of
Health found that more than half of the funding went to companies
that already had high levels of research funding. This may have led to
a missed opportunity to leverage R and D for the public good. Perhaps
even more concerning is the fact that R and D funding is both a cause
and a consequence of health inequality.
Although R and D are needed to develop new medicines and vaccines, it is also essential to monitor and prevent disease outbreaks to
avoid the spread of infectious diseases. The lack of R and D funding,
combined with a limited disease surveillance capacity, can have seri80

ous consequences for local health. The lack of financial investment in
neglected diseases is linked to the inequality in health seen worldwide
(Mills et al, 2018). Problems with developing new vaccines and drugs
are not new. They include a lack of funding, a lack of basic research in
neglected diseases, a lack of new drugs, and other problems. In many
cases these problems have led to delays in developing new treatments
that prevent diseases such as malaria and HIV/AIDS, causing someone to get sick and possibly die. Over the past few decades, we have
seen a growing global focus on reducing disease and improving health.
But not all diseases are treated the same. Some, like cancer, are the
targets of high-dollar, high-profile research.
Access to healthcare and the quality of care we receive are influenced by many factors, including where we live, the insurance we
have, and our income. Dr. Tewodros Adhanom, Director-General of
WHO (2017) in his speech explained that health care is a fundamental human right, not a privilege for those who can afford it. But in
many countries around the world, those without health insurance or
who face limited access to care are at greater risk for illness and dying
from preventable conditions (McWilliams J. M. 2009). This implies
that being a fundamental human right doesn’t guarantee the equal
quality or equal access to care (Braveman, P., and Gottlieb, L. (2014)
and it can be a source of inequality in health. This means that, while
everyone has the right to quality healthcare, not everyone has equal
access to it. This is an issue since unequal access to care can have
serious consequences for health. The extent of individuals’ access to
healthcare is one of the most crucial challenges in most developed
countries. Such conditions will make health disparities between people and/or groups exacerbated. In short, disparities in health might
arise from access to medical treatment (Timothy, M and et al, 2013;
Timmermans, S., & Kaufman, R. 2020).
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People without health insurance may postpone or avoid necessary
care, or they may seek care from unqualified practitioners. People
with health insurance may face impediments to receiving required care,
such as long lines or expensive out-of-pocket payments. Even when
people with health insurance have access to essential care, the care
they receive can vary depending on their health status In other words,
healthcare access is a critical predictor of health that can contribute
to health inequities (Islam M. 2019). Some people are more likely
than others to have access to necessary healthcare services, which can
result in health benefits and health disparities.
Access to high-quality healthcare is a key predictor of one’s health
and well-being (Braveman, P., & Gottlieb, L., 2014). Over the last
several decades, there has been a growing disparity in the allocation of
healthcare services (van Doorslaer et al, 2006; Zhang et al, 2017), with
the richest groups consuming significantly more healthcare than the
poorest. This growing inequality in the healthcare system has exacerbated previously existing health disparities. The rising cost of healthcare has also contributed to growing disparities in access to healthcare
(Davis, K. 1991), as the wealthy have been able to use healthcare services more effectively than their less-affluent counterparts.
In contrast to the preceding arguments, health insurance and access to health care only account for a small percentage of individual
health disparities (Kippersluis & Galama, 2014). Other key factors
that contribute to health disparities include genetics, habits, environment, and socioeconomic position. The majority of the disparities
in health that we observe among groups are not explained by health
insurance or access to health care. Other factors, such as biological predispositions, habits, and environment, contribute significantly
to health inequalities (Lleras-Muney, A., & Lichtenberg, F. R. 2005:
Blume, S. (2013). Additionally, many of the health disparities we find
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are the result of unhealthy habits/ways of life, such as smoking and
not getting enough physical activities. Understanding the underlying
causes of these differences provides the opportunity to improve the
health of all, not just those with access to care.
4.2.2

The case of Diabetes Technologies and Health inequality

Diabetes is a complex disease (Makaryus, A., and McFarlane, S. 2006)
that requires significant lifestyle changes (Burnet, D. L., et al, 2006)
as well as close monitoring and management (Ceriello, A., and et al,
2020). As a result, diabetes management often requires significant
technology use. Diabetes patients use a variety of different technologies to help manage their disease, ranging from simple blood glucose
monitors to sophisticated smartphone apps. Today, technology is an
indispensable tool for people with diabetes, providing them with the
ability to monitor and manage their condition efficiently and costeffectively. Diabetes management technology has advanced significantly over the past decade, with products such as insulin pumps,
continuous glucose monitors, and digital health apps now providing
users with unprecedented amounts of data and actionable insights.
For those living with diabetes, technology can help them make better decisions regarding their health and wellbeing, resulting in better
outcomes.
The widespread use of diabetes management technology has had
an impact on the health of those living with the condition. The ability
to monitor one’s blood glucose levels provides users with a platform
to make informed decisions regarding their health, which in turn improves blood glucose management and blood glucose levels. This is
particularly important for those living with diabetes, as the disorder
is associated with a higher risk of developing diabetes-related com83

plications such as cardiovascular disease, kidney disease, and stroke.
However, despite the impact technology has on the health of those
living with diabetes, the use of certain technologies has been shown
to disproportionately affect certain demographic groups, such as those
from marginalized backgrounds.
The current landscape of diabetes technology use has resulted in
a disparity in access to technology among different population groups.
As a result, those with greater access to technology have been shown
to have better health outcomes, such as reduced glucose levels and
increased insulin sensitivity. However, those without access to technology experience a greater burden in terms of diabetes management,
which in turn has a negative impact on their health. This inequality in
access to technology has created a gap in health among different population groups, which is of concern given that diabetes is a complex
condition that requires continuous monitoring and management.
Some reports show that diabetes patients have a lower awareness
of diabetes and its treatment, making them less likely to seek information or to contact their doctors. Diabetes prevention and treatment
have come to seem synonymous with medical breakthroughs. But a
closer look shows that the invention of insulin, the discovery of insulin pumps, and the broader application of these life-saving drugs
have benefited some patients much more than others (Bleich, S. and
et al, 2012; Baker, D., and Fugh-Berman, A. 2009; Chang, V. W., and
Lauderdale, D. S. 2009).
The theory of health disparity by Goldman and Lakdawalla illustrated how medical innovation can affect health disparities through its
impact on the productivity and price of medical care. However, it is
not easy to study the impact of medical innovations on the productivity of patients’ self-management as the effect is ambiguous (Lakdawalla
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and Goldman, 2005). This is because those advancements may not improve the productivity of individual variables (one’s own time, efforts,
and interests to get treatment) as it increases the productivity of medical care. The productivity of efforts by patients depends on the new
technologies being implemented. If the treatment demands high effort
and continuous monitoring with complex medication then only those
people with higher SES and who value new medication high will be
motivated to use it. This in turn will eventually is causing the inequality in health to be worsened. Diabetes patients are a typical example
of this proposition. New technologies/innovations in this chronic disease may result in lower productivity in terms of efforts exerted by
patients. Injection or insulin pumps are widely used to control the
amount of glucose in the blood by patients with Type-1 diabetes.
However, obtaining the balanced equation or correct measurement
is quite challenging through those glucose control mechanisms. A
medical innovation that eases in monitoring the level of glucose in
patients’ blood will demand fewer investments by patients in terms of
their own time and effort. For instance: An oral diabetes medicine
called Metformin supports regulating the level of sugar in the blood
for patients with Type-2 diabetes Such medical innovation demand
fewer efforts by patients with diabetes and therefore, it has an effect
that narrows the disparities in health among patients provided that
the effect on patient self-management exceeds the effect of qualityadjusted price reduction and increasing productivity of medical care.
4.3

Data and Method

Research Area and Targeted Population

The researchers have designed a research question that helps to
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study the impact of diabetes technologies on the health of individuals with different socioeconomic characteristics (mainly education).
The survey questionnaire was initially prepared in English and later
translated into Italian by the researchers. It was further improved
following revisions made by experts in the area. The data collection
convenient for understanding the health impacts of new technologies
for monitoring blood glucose was collected by Diabete Italia Onlus8 ,
in collaboration with the Department of Economic Sciences of the
University of Verona (DSE).
Being able to comprehend the type of relationship that exists between diabetes technology and individuals’ socioeconomic status indicators will have positive contribution on designing health policy that
targets towards equitable distributions. In addition to this, this research will potentially contribute to guide future decisions in order to
achieve the best possible quality of life for diabetic patients.
The survey collects data on patients’ socioeconomic status (mainly
educational level), demographic information, their history of diagnosis,
practice of monitoring their glucose, the type of insurance they have,
patients’ exposure to diabetes technology, and so on. The pertinent
data has been directly entered when the compilation is carried out by a
third party (parent or caregiver). A quantitative study was performed
in which the targets population was diabetes patients in the territory
of Italy. The survey was advertised in different online platforms and
cooperative people with diabetes, regardless of their age and the type
of diabetes they are diagnosed, completed the questionnaire. It has
considered all age groups and collected life experience of both younger
and older age individuals with diabetes. before proceeding to enter
8

Diabete Italia, established in 2002, is an association that brings together the numerous stakeholders in the diabetes world in Italy. Scientific societies and patient organizations are among
its members. This organization includes adult diabetic specialists, pediatric diabetic specialists,
general practitioners, and nurses, parents of diabetic children, diabetic athletes, and diabetics of
all ages.
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their responses, participants are asked to read the privacy policy and
agree to participate in the survey.
A total of 148 respondents have completed the survey across most
regions of the country (we are not able to manage in getting respondents in each and every region). Because all of the diabetes patients’
information was correctly filled out, our study will entirely rely on
the information obtained from all 148 respondents. In the subsequent
sections, we will try to highlight few of the selected variables including diabetes technologies, socioeconomic status indicators, insurance
type (how patients acquired sensor system), diabetes self-management
(Physical exercise, smoking, fruit/vegetable consumption) which we
will rely on to study the health impact of medical innovations.

Socioeconomic variables

Data on the highest level of education (for the respondent and one
of the parents with the highest degree), household income, and insurance type (public, private, or other) are collected, all of which may
help to explain the socioeconomic status variable. Effective diabetes
management depends on a variety of variables, including education,
access to and use of care, and diabetes technology. Despite the fact
that diabetes technology, including insulin pumps and blood glucose
monitors, is readily available, many patients are unable to regularly
use it and struggle to manage their blood sugar levels on their own.
This is caused partly by a lack of knowledge about diabetes technology, a lack of understanding about their condition as well as a lack of
drive and self-control.
Furthermore, individuals with diabetes are asked to address a couple of questions that aims at assessing their ability to read and un87

derstand graphs. Intuitively, technology-based self-management programs are supposed enhance diabetic outcomes, mainly HbA1c and
blood glucose control. We included such type of questions in our
survey if there exist differences among individuals in understanding
outcomes.

Diabetes technologies

Diabetes technology like insulin pumps, insulin pens, CGM, telemedicine
and others are medical devices and treatments used to manage diabetes. Despite the facts that more people have access to these tools
now, people with diabetes uses them differently. These differences can
result in inequality in health. Diabetes technologies assist diabetics
in lowering blood glucose levels and lowering their risk of problems,
subject to access. This suggests that diabetes technology may have
a significant impact on how socioeconomic disparities in health outcomes are addressed.

Diabetes technology is increasingly available to help people with
diabetes manage the glucose level in their blood. However, there are
differences in the way people use these devices and how they understand the impact they could have on their health. This can be due to
the difference in their socioeconomic status indicators like education
and income levels. For instance: It may be more difficult for someone
to manage their diabetes and improve their general health outcomes if
they don’t know how to utilize a device well enough. An aspect that
needs research is the possible impact of diabetes technology on health
disparities. It’s critical to ascertain people’s awareness of the various
negative affects diabetic technology has on their health as well as the
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difficulties they have in utilizing or gaining access to these devices in
order to solve this problem.
In the survey, information about the type of medication (oral or
insulin therapy) they use, telemedicine use, whether or not individuals are using systematic sensor system, time sensor system patients
started using and others is collected and will be analyzed across different socioeconomic and demographic variables.

Life style of individuals with diabetes

For achieving and maintaining glycemic targets and prolonging the
development of diabetes-related complications, diabetes self-management
is crucial. Once individuals know they have diabetes, adherence to
medications proposed by physician is critical. However insulin for
type-1 and therapies that monitors blood sugar for type-2 may not
enough to stay healthy and delay diabetes related risks. In addition
to the medications, diabetes patients are strongly recommended to
change their life style including regular physical exercises and healthy
diet. We have collected data related to any physical activity, fruit
and/or vegetable consumption, smoking experiences, and the type
medication (oral or insulin).

Other variables

Together with the above discussed major variables, data like year
of birth, marital status, area of residence, approximate height and
weight (used to get the Body Mass Index of diabetes patients), diabetes type diagnosed with, year of diagnosis, hemoglobin level, diabetes related complications, emergency experience, and others are
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collected.
4.4

Results and Discussion

4.4.1

Descriptive Statistics

The mean, associated standard deviation, and description of the selected socioeconomic and demographic characteristics covered in the
previous section are shown in table 23. The average age of respondents
is 43.7 years old. The average age of participants with educational
attainment secondary school or below is 26.9 years, high school or
technical certificate is 53.56 years, and degree or above is 49.18 years.
According to result from our descriptive summary (see details in table
19), educational attainment roughly increases with age. Complement
to this, substantial number of respondents have not yet completed
their education and are as younger as five years of age. Nearly one
third (30%) of the total respondents have smoked for at least one year
continuously: 30.3% individuals with degree or above, 39% with high
school and technical/professional certificate and 18.2% for those with
secondary school or lower educational status used to smoke or are
smoking for at least one year.
The overall mean as well as across educational groups in relation
to fruit or vegetable consumption revealed that, majority, if not all,
consumes regularly. This in turn will generally have a positive impact
on individuals’ health. As a result, the self-reported health status of
individuals is good and above (n=108 out of the total 148). The average number of household members including the respondent (family
size) is found to be almost three.
The highest level of education attained by a household member
typically ranges from high school and technical or professional cer-

90

tificate to degree, or higher. A descriptive summary of this variable’s
findings showed that respondents with higher educational backgrounds
come from families with relatively higher levels of education. More
than 80% (n=93 out of 116 sensor users) of the diabetes patients acquired the sensor through health services. The remaining patients
use sensor system through personal purchase (15%, n=17) and other
payment means (5%).
The average monthly income of households (for those who entered data, n=107) is in between the ranges €1501-€3500. While
respondents who are secondary school or below and high school and
technical certificate holders lies in the same range of monthly income,
the monthly income of individuals with degree or above is relatively
higher which is consistent with conclusion education increases earnings (Carnevale et al, 2021) controlling for other variables that can
affect income.
Approximately 76% of survey participants currently use a sensor
device to automatically check their blood sugar levels. The average
percentage of sensor users decreases with levels of education (84.9%,
73%, and 67.5% of diabetes patients with secondary or below, high
school, technical certificates, and with degrees or higher, separately).
In other words, approximately 41% (n=45/110) of those who used sensor system are diabetes patients with secondary or below, followed by
34.5% (n=38) and 24.5% (27) patients with high school or technical
certificate and degree or above respectively. The majority of respondents (n=114) had type 1 diabetes (type-1 diabetes affects younger
age group), and these patients are found to be the main users of automatic monitoring sensor systems. Since we had respondents in our
survey as young as five years old, hypothetical relationship is likewise
predicated on the premise that educational attainment is directly correlated with age. That is, younger age groups are found to have lower
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educational attainment on average.
The overall Glycated hemoglobin value of patients was higher before 2015 compared to the value recently obtained after 2015, as it is
presented in table 4.1. Prior to 2015, most of the frequency is observed
between the ranges 6.5% – 7% and 7% – 7.5% which are generally high
value for diabetes patients. However, most recent obtained range of
hemoglobin value for the patients on the ranges 6.5% – 7%. Relatively
speaking, educated diabetes patients are able to manage a lower Glycated hemoglobin level. For instance: after using the sensor system,
individuals with degree or above educational attainment maintained a
Glycated hemoglobin level in the range between below 6.5% and 6.5%
- 7%. This satisfies the recommended Glycated hemoglobin value for
people with diabetes which is below 7% . The possibility of developing
diabetes-related complications increases with increasing hemoglobin
levels. When diabetic medications are combined with a healthy diet
and frequent physical activity, it is possible to keep hemoglobin levels
as low as the recommended range.
The descriptive summary also revealed that the average number
of times they were hospitalized and received emergency services per
year has shown a decreased trend after 2015. The average times they
were hospitalized between the onsets of diabetes to 2015, and after
2015 have showed some improvement across all educational groups.
Diabetic patients’ healthcare experiences have on average improved
since 2015. The majority of individuals were not hospitalized and got
emergency care for diabetes-related reasons.
A. Diabetes patients’ ability to read and understand graph9

The monitoring of blood glucose (sugar) levels is an essential part
9

See the graph and list questions asked to assess diabetes patients understanding annexed at
the end of the document.
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of the significant role that diabetics play in their own medical care.
Patients with diabetes are advised to continuously monitor their blood
glucose levels in addition to receiving treatment and medical advice
from their doctors. Using a system that automatically collects blood,
analyses it, and generates a graph indicating current blood sugar levels is one of the most popular ways to monitor blood sugar. Using
wearable automatic blood glucose monitors that display results on a
smartphone app is one of the most cutting-edge ways to monitor blood
glucose levels. These systems offer blood glucose graphs, which might
be challenging for patients to comprehend. Whether a patient will be
able to use and benefit from an autonomous blood glucose monitoring sensor system is largely dependent on their abilities to read and
understand graphs.
A patient must be able to understand the information that a graph
represents in order to read and understand one. In order to do this,
one must be able to distinguish between the various values displayed
on the graph and the underlying trends, such as the patient’s blood
glucose level and the sensor’s detected glucose value. This is due
to the fact that the sensor systems display their readings in graphs,
which are used to calculate the acceptable range of blood glucose levels
and the amount of insulin needed. If a patient is unable to read and
understand the graphs, they will be unable to use the systems to their
full potential. We posed a few of questions in our survey to assess the
difference in diabetes patients’ ability to read and understand graphs,
and the results are presented in the figure below.
In the graph 20 the survey’s respondents’ percentage of right responses is grouped and ranked according to respondents’ educational
backgrounds. As an illustration, of the survey’s participants, 52.7%
(n=19/36) of those who provided no right responses were categorized
as secondary or below achievers. This is followed by 27.8% (n=10/36)
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of diabetes patients with high school or technical/professional certificate holders and 19.4% (n=7/36) of them are degree or above holders.
Even though the number of wrong answers declines with the educational level, it is striking to see that significant number of diabetes patients’ with degree or above educational qualifications answered zero
out of three correctly.
On the other side, diabetes patients with degree or higher answered all three questions correctly compared to other groups. Among
the participants who correctly answered all three questions, 41.4% of
them are degree or higher, followed by participants with high school
or technical certificate (31%) and secondary school or below (27.6%).
Participants with lower educational background have also able to answer all the three questions. This might be related to the training
received by diabetes patients on how to use sensor systems (See chart
annexed to the study). Of the total diabetes patients who are currently using sensor system to monitor their blood glucose (which are
n=116), 86% (n=110) of them have received training on how to use
the sensor system. The number of participants who received training
on how to use sensor system declines with the level of education, that
is, 44% , 32% and 24% of those who received training are patients in
the secondary or below, high school or technical certificate and degree
or higher respectively. According to those statistics, diabetes patients
with lower levels of education are more likely to experience difficulties
while utilizing sensor devices to check their blood sugar levels. As a
result, they are also more likely to receive training.
To sum up, it is very important for the diabetes patients to understand what the information displayed in the sensor system are to
mean. Understanding sensor readings supports patients in managing
their disease and improving their quality of life. This also reduces the
stress on the healthcare sector.
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B. Impact of sensor system on selected health outcomes

The accessibility and use of diabetes technology are anticipated to
enhance users’ glycemic and quality of life results. Wide variations in
healthcare exist in diabetes, with those living in disadvantaged conditions less often achieving glycemic control targets. Socioeconomic
inequality in the use of technologies is expected. out of the total 148
respondents, nearly 75% of them (n=110) are currently using automatic blood glucose monitoring sensor system and majority of them
have witnessed the positive impact of the sensor system from different
perspectives including quality of life, blood glucose level, frequency
and duration of hypoglycemic episodes.
Table 23 illustrates the health impact brought about by sensor system among users and according to the collected responses. Roughly
speaking, 4 out of 5 diabetes patients have explained that the sensor
system has positively affected them including blood glucose, overall
quality of life, frequency and duration of hypoglycemic episodes. For
instance: nearly 90% (n= 98/110) of the participants’ blood glucose
has improved, the quality of life 84.5% (n= 93/110) of diabetes patients has improved. Similarly, the frequency and duration of hypoglycemic episodes has declined for 80% (n= 88) and 80.9% (n= 89) of
individuals with patients respectively.
In contrast to this, few diabetes patients explained that blood glucose (n=12/110), overall quality of life(1 patient), frequency (n=3/110)
and duration (n=4/110) of hypoglycemic episodes have worsened after using sensor system. Furthermore, there are participants who
explained the use of sensor system do not contribute on the health
outcomes; everything remained the same before and after the use of
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sensor system

10

. Table 23 summarizes the impact of using sensor to

monitor glucose level across their educational level (with and with no
degree) and the number of correct answers (≤ 1 answer, and 2 and 3)
on reading and understanding graphs.
The employment of an automatic sensor system across a patient’s
education and the quantity of right responses is further broken down
to examine how the health of diabetic patients is impacted. This
will enable us to determine which respondents’ groups have profited
most from the adoption of an automated sensor system to track their
blood glucose levels. The use of sensor systems in the management of
diabetes is growing. Although there are several advantages from using
a sensor system, it is unclear if informed diabetic patients would gain
more from doing so.
According to the table, diabetes patients are more likely to benefit in terms of blood glucose improvement, declines in duration and
frequency of hypoglycemic episodes, overall quality of life following
the use of sensor system. Though both diabetes patients with degree and without degree have gained substantial benefit from sensor
system, the benefits gained by those with degree is relatively higher
than those without degree. Because they will be more knowledgeable
about their health and better equipped to decide on their treatment,
educated patients are more likely to gain from such technologies.
The favorable health impact of sensor systems among the groups
that correctly responded is significantly less different than the benefit
differences across educational group. Both groups who answered 0–1
and 2–3, have generally comparable results. Those diabetes patients
who obtain ≤ 1 answer correctly have profited more than their peers
10

approximately 14.5% (n=16/110), 15.5% (n=17/110), and 17.3% (n=19/110) of diabetes patients’ overall quality of life, duration and frequency of hypoglycemic episodes remains unaffected
after the use of diabetes technology (automatic blood glucose monitoring-sensor system)
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in certain of the indicators (duration and frequency of hypoglycemia
episodes). Theoretically, those with higher educational levels were
supposed to read and interpret the graphs more precisely than people
with lower education levels, but the data obtained from the survey
shows mixed results; there are many diabetes patients with degrees or
higher who get as few as zero accurate answers.
There are n = 6 diabetes patients who have used sensor system
for automatic blood glucose monitoring in the past but not currently
using it. It is also revealed that those individuals have never used
telemedicine and merely depend on strips to manage the glucose level
in their blood. All except one are diagnosed with type-1 diabetes and
have good habit of consuming vegetable and fruits, physical exercise,
and never smoked for at least one year regularly (except two of them).
Complement to this, we have visualized (see Figure 24) and further disaggregated the impact of sensor system for automatic blood
glucose monitoring across different educational background. In most
of the cases, the figures demonstrate that those diabetes patients with
higher educational qualification are the ones who benefited more from
the use of sensor system. In other words, the health impact of sensor
system is positively correlated with the level of education.
4.5

Empirical Result and Discussion

A widely used and powerful method for evaluating data with binary
dependent variables and continuous or categorical independent variables is logistic regression. In this kind of study, the correlation between a number of explanatory (predictor) factors and a binary response variable is what we’re interested in. We have converted our dependent variables across all our regression analysis; we have employed
binary logistic regression. We are interested in studying the prob97

abilities of patients’ health outcome changes (measured by changes
in glycated hemoglobin value, overall life quality, blood glucose level,
duration and frequency of hypoglycemic episodes) due to clinical, socioeconomic and demographic indicators.
A. Factors that affect the probability of using a sensor
The decision to use a sensor system by a diabetic patient is determined by a wide range of factors that rely on the patient’s judgment
and personal conditions. It is also likely to depend on the advice received by physicians with who he/she interacts. While a few individuals may opt to rely on their own assessments, others may have used
a sensor system to monitor their glucose levels. While it is true that
there are plentiful factors to consider, a few of the most significant ones
that affect a diabetes patient’s choice are their level of comfort with
technology, insurance coverage, educational background, age, price of
sensor system, their level of confidence in its accuracy, how much they
value the sensor system, and their doctor’s recommendations. As we
can see from the table 32, variables like age of patients, perceived importance of general practitioners/physicians, education level, family
size and type of diabetes are among the selected variables we proposed to study the diabetes patients’ decision on the use of sensor
system to manage their glucose level.
While variables like type of diabetes diagnosed with, family size,
and how patients came to know about the existence of sensor system
(labeled as sensor info) have a positive and significant effect on the
probability of using sensor system, variables like age of patients and
how much a general practitioner or physician important to them have
a negative effect on the probability of using sensor system to automatically monitor their glucose level. Most importantly, the perception of
diabetes patients about the general practitioner is correlated with their
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decision to use sensor system adversely and the effect is statistically
significant. The more patients consider the role of doctors more important, it is less likely to use sensor system to monitor their glucose.
Diabetes patients must regularly treat themselves in addition to the
therapy they receive from their doctor but if they rely mainly on their
doctors, they may not convinced to use such kind of self-monitoring
diabetes technologies.
Another important variable worthy to emphasize is the type of diabetes that patients are diagnosed with. The logistic regression result
has showed that individuals with type 1 diabetes are more likely to
use sensor system than individuals with type 2 diabetes in order to
monitor the glucose level in their blood. Educational status of patients
and monthly income of the household are found to be unimportant to
affect the decision of diabetes patients whether to use or not a sensor
system. It is interesting to notice that socio-economic variables do not
affect the probability of using sensor system. This suggests that the
Italian Healthcare system is achieving its objective of universality in
this respect.

B. Changes in health outcome of diabetes patients
The most reliable indicator of blood sugar (glucose) control is the
glycated hemoglobin level. The value of glycated hemoglobin can be
improved due to a number of reasons including but not limited to, use
of sensor system, better diet, managing weight, and exercising and
other factors. Further lowering of Glycated hemoglobin values can be
achieved through pharmaceutical therapies as directed by your doctor. Table 33 summarizes the factors that contribute to the improved
glycated hemoglobin value of diabetes patients.
While using sensors has several advantages, including improved
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safety, it is crucial that patients understand them and can use them
appropriately. Automatic glucose monitoring Sensor systems can help
individuals with diabetes to regulate their glucose level in their blood
and enhance diabetes treatment. Values for glycated hemoglobin can
be used to track the success of diabetes therapies in general and be
used as a proxy for changes in health outcomes of diabetes patients.
We have attempted to get information on the glycated hemoglobin values before and after 2015 and then study the role of sensor system and
other socioeconomic and demographic variables played in improving
the health outcome of diabetes patients.
According to the regression presented in Table 33, conditional on
the use of sensor system, variables like the type of diabetes that patients are diagnosed with, educational level of diabetes patients, the
cognitive ability (at least two correct answers), and any diabetes related complication suffered have a positive and significant impact on
the change in health outcome of people with diabetes as it is measured
by the changes in glycated hemoglobin values before and after use of
sensor system to automatically monitor their blood glucose level.
A fundamental element in determining whether a patient gets the
maximum possible benefits from the use of automatic blood glucose
monitoring sensor system depends on the capacity to read and comprehend graphs. Therefore the cognitive ability (this is measured by
the patient’s ability to read and interpret graphs) of diabetes patients
is an important variable significantly contributing to the improvement
of patients’ glycated hemoglobin value. According to our regression
result summarized in the Table 33, diabetes patients who are degree
or above holders are more probable to have their health (as measured
by the glycated hemoglobin value) improved compared to those patients without degree. This is also related to their ability to read
graphs and interpret it correctly, adhere to the recommendations by
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the physicians and related activities that can help them to continuously monitor their glucose. The ability to read and understand trends
and graphs is then directly related with the educational level. Differences in socioeconomic status (educational level) therefore may cause
disparities in health among diabetes patients who have access to and
used diabetes technology (sensor system in our case).
Similarly, those diabetes patients who have answered at least two
questions correctly are more likely to get their health outcome improved due to the use of automatic glucose monitoring sensor system,
compare to those who answered 0 or 1 question correctly. This is
expected result in the sense that patients must be capable of understanding the data a graph represents in order to read and interpret it.
Understanding the trends and numbers displayed on the graph, such
as the patient’s blood glucose level, is necessary for this. This result
therefore, showing us that difference in diabetes patients’ cognitive
ability will contribute to the inequality in their health following the
access and use of diabetes technology. A patient will find it challenging to gain all the potential benefits from the use of sensor systems
and won’t be able to use them to their full potential if they are unable
to read and comprehend the graphs. In conclusion, the significance of
diabetes patients being able to read and comprehend graphs on sensor
systems for automatic blood glucose monitoring cannot be underestimated at all.
According to the data, variables like use of sensor system, household income level, physical exercise by patients are found to be less
significant in determining the health outcome of diabetes patients. In
other words, they do not appear to affect the glycated hemoglobin
value of patients. The difference in the changes in health outcome of
patients is not about the difference in access of sensor system, it is
rather the difference in the use of the sensor system which is related
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to the differences in cognitive ability measured by the ability to understand information made available by the sensor system itself. The
use of sensor system does not guarantee that the health outcome of
diabetes patients will be improved and will better than who do not
use it.
The insignificant contribution of the variable household monthly
income should not be mentioned here as surprising. This is because,
the health system in Italy is universal coverage and there will not be
inequality in health among diabetes patients due to differences in income as all are publicly covered. For instance, nearly 85% (n=93/110)
of the respondents who are currently using sensor system acquired the
sensor system from the health service. As a result, differences in socioeconomic status (income) are less important to cause inequality in
health among diabetes patients.
In the proceeding section, we have restricted our analysis to the
determinants of improvement in this health outcome conditional on
using the sensor, we aim to study whether socioeconomic characteristics and cognitive ability play a role. Table 34, therefore summarized
the regression result where health outcome variables are allowed to
be explained by various covariates, conditional on the use of sensor
system to monitor their glucose level. The changes in health outcome
of diabetes patients is measured by the self- rated blood glucose level,
overall quality of their life, duration and frequency of hypoglycemic
episodes after the use of diabetes technology (sensor system). Apart
from the variable use of sensor, covariates like diabetes type diagnosed with, whether or not patients have received training on how to
use sensor system, educational level of diabetes patients, their cognitive ability measured by the number of correct answers on reading and
interpreting graphs, any regular physical activity, whether they have
suffered from diabetes related complications, and monthly household
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income level are included in the analysis. Across all our four models (See Table 34), the probability of health outcome improvement
is directly associated with the use of sensor system and the association is statistically significant. This implies that, the likelihood of
improvement in health is relatively higher among those patients who
use sensor system, controlling for all other explanatory variables.
Furthermore, diabetes patients with relatively higher educational
level (that is, individuals with high school or technical certificate and
with degree or above) are more likely to have their blood glucose level
improved after the use of sensor system compared to those patients
who are with secondary school or lower. Diabetes patients who have
received training on how sensor system should be used are also more
probable to have their glucose level improved and duration of hypoglycemic episodes reduced compared to their counterparts.
The contribution of our explanatory variables like diabetes type
diagnosed with, their cognitive ability measured by the number of correct answers on reading and interpreting graphs, any regular physical
activity, and whether they have suffered from diabetes related complications is found statistically insignificant (See Table 34). According
to my view, the reason on such insignificant associations is related to
the fact that diabetes patients are generally asked to self-report blood
glucose level, overall quality of their life, duration and frequency of
hypoglycemic episodes after the use of diabetes technology. There is
no scientific manner of measuring the changes in those indicators, like
the glycated hemoglobin values we have discussed in the previous sections. The problem with self –reported health status indicators is that
they are affected by subjectivity and sometimes, patients may fail to
exactly recall and describe their health. Unfamiliarity with terminologies is also another issue related with self-reported health status.
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In the realm of managing diabetes, sensor systems are growing in
popularity. They often measure blood glucose levels and offer the user
real-time information. As we have attempted to outline in the previous
sections, the main advantages of employing a sensor system include
that the patient is not necessary to frequently visit a hospital for blood
tests and that the findings are accessible practically immediately. A
sensor system gathers data on the blood’s glucose level and transmits
it to a machine or a device.
The sensor system can help patients manage their diabetes and
enhance their quality of life, assuming they can read and interpret it
correctly. The sensor system can assist patients in keeping an eye on
their blood sugar levels, which can help them prevent diabetic problems. Patients can monitor their development in managing their diabetes with the use of the sensor system.According to previous studies,
people with diabetes are more likely to develop hypoglycemia, which
might last longer and happen more frequently. There are several interventions that may be made to lessen these occurrences, but in this
situation, the usage of sensor systems is crucial.
4.6

Conclusion and Suggestions

In this chapter, we have emphasized the use of a sensor system to
monitor glucose levels and hence its contribution to inequalities in
the health of diabetes patients. Diabetes is among the diseases in
which socioeconomic disparities use of healthcare are observed. From
the descriptive summary, the use of diabetes technologies (automatic
glucose monitoring sensor system) has improved glycemic hemoglobin
value, blood glucose level, and quality of life outcomes for many users.
The use of diabetes technologies decreases according to educational
level, with those most educated diabetes patients far more likely to
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benefit from the use of technologies. We can therefore conclude that
sensor systems by improving glycated hemoglobin values can save lives.
According to the regression results, depending on the variable we
used to quantify health, the difference in health outcomes between diabetes patients who use sensor systems and those who do not produces
a mixed result. Some of the self-rated health outcome measurements
might be subjective or biased and this may make it difficult to clearly
understand the association between our variables. We do, however,
monitor the health status of diabetics’ glycated hemoglobin levels before and after using a sensor device. This value was compared before and after the intervention. A dummy version of the variable was
made with a value of 1 for improved glycated hemoglobin levels and
a value of zero otherwise. This measurement (the use of changes in
glycated hemoglobin value as a measurement of changes in the health
of patients) led us to the conclusion that variations in how diabetes
technology is used among patients contribute to inequalities in health.
Between those who utilize diabetic technology and those who do not,
we did not discover any appreciable differences. When diabetes technology is available, the health outcomes improve differently depending on the patient’s educational background and/or cognitive ability,
which may lead us to believe that diabetes patients with higher educational backgrounds and cognitive abilities will benefit more from
diabetes technology.
Differences in socioeconomic status (educational level) therefore
may cause disparities in health among diabetes patients who have
access to and use diabetes technology (sensor system in our case).
Implementing an autonomous glucose monitoring sensor system makes
it more probable that diabetes patients with better cognitive ability (or
who have properly answered at least two questions) will improve their
health. This is a predicted outcome since in order to read and interpret
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a graph; patients must be able to comprehend the data it depicts. As
a result, this finding suggests that differences in the cognitive abilities
of diabetes patients will contribute to the disparity in their health
given that they have access to and usage of diabetic technology.
In summary, the effect of diabetes technology on health disparities is a subject of considerable concern. The health and well-being of
individuals with diabetes may improve for some patients who utilize
diabetes technology, along with their glucose control. However, new
technology also has the potential to increase health disparities amongst
people, socioeconomic groupings, and geographical areas. The availability of so many various forms of diabetes technologies makes it crucial to comprehend how they may affect health disparities and what
can be done to solve the problem.
Last but not least point to mention is about that a scarcity of empirical and empirical works on the socioeconomic inequalities among
patients in the use of medical technology is observed. It has been few
years since inequality in health became an issue and received attentions among researchers, however, a part from few studies who have
explored the inequalities in access to healthcare and/or technological
innovations, to our best of knowledge, there are no literature that studies the association between differences in use of medical technology and
inequalities in health among patients. Glied and Lleras-Muney (2008)
make a significant addition to this topic by demonstrating that individuals with higher levels of education make greater percentage gains
than participants with lower levels of education in cancer therapy areas where breakthroughs have been made. According to the authors’
point of view, education improves people’s capacity to use technology
innovation for health improvement. Medical innovations may cause
inequalities in different channels including, due to differences in availability of innovation through R&D, access to those innovation and use
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of innovation provided that there is access. Our study mainly focused
on the third channel in which diabetes patients are studied in their
difference in the use of diabetes technology (automatic blood glucose
monitoring sensor system).
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Appendices
A. Questionario su diabete e nuove tecnologie11
Diabete Italia Onlus, in collaborazione con il Dipartimento di
Scienze Economiche dell’Università di Verona (DSE), sono impegnati
nella raccolta di informazioni utili a comprendere gli impatti sulla
salute delle nuove tecnologie di monitoraggio della glicemia e del ruolo
dei fattori organizzativi e socio-economici. Vi chiediamo di rispondere
al questionario che trovate al seguente link. La compilazione del questionario richiede circa 10-15 minuti. Il vostro contributo è fondamentale per poter orientare le future decisioni in modo tale da raggiungere
la migliore qualità di vita possibile per i pazienti diabetici.
Nel caso in cui la compilazione sia effettuata da una persona terza
(genitore o care giver) si prega di inserire direttamente i dati del
soggetto interessato. Ho preso vision dell’informativa sulla privacy
https://www.diabeteitalia.it/area-download/download/9-documenti/
152-informativa-dse-diabete-italia e acconsento al trattamento
dei dati: SI/NO

Informazioni demografiche
1. Anno di nascita.
2. Qual è la sua cittadinanza?
(a) Italiana
(b) Di altro Paese dell’Unione Europea
(c) Di altro Paese extra Unione Europea
3. In quale Regione risiede?
4. Qual è il suo stato civile?
(a) Coniugato/a e convivente con il coniuge
(b) Convivenza ufficialmente riconosciuta
11
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(c) Coniugato/a, ma non convivente con il coniuge
(d) Mai sposato/a
(e) Divorziato/a
(f) Vedovo/a

Stato di salute generale
5. Quanto pesa all’incirca (in kg)?
6. Quanto è alto/a all’incirca (in cm)?
7. Come descriverebbe il suo stato di salute?
(a) Ottimo
(b) Molto buono
(c) Buono
(d) Discreto
(e) Cattivo
8. Ha mai fumato sigarette, sigari o la pipa regolarmente, ovvero
ogni giorno, per un periodo di almeno un anno? Si/No
9. Quanto spesso fa attività fisica intensa come sport, lavori pesanti
in casa o un lavoro che richiede uno sforzo fisico continuativo?
(a) Più di una volta alla settimana
(b) Una volta alla settimana
(c) Da una a tre volte al mese
(d) Quasi mai o mai
10. In una settimana tipo, quanto spesso mangia almeno una porzione
di frutta o verdura?
(a) Ogni giorno
(b) 3-6 volte alla settimana
(c) Due volte alla settimana
(d) Una volta alla settimana
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(e) Meno di una volta alla settimana

Salute legate al diabete
11. In quale anno le è stato diagnosticato il diabete?
12. Quale tipo di diabete le è stato diagnosticato?
(a) Tipo-1
(b) Tipo-2
(c) Altro
13. Ritiene di aver ricevuto adeguata formazione sulla gestione della
malattia al momento della diagnosi? Si/ No
14. Successivamente alla diagnosi della malattia, ha partecipato a
momenti formativi per la gestione del diabete?
(a) Mai
(b) Saltuariamente
(c) Regolarmente
15. Qual è il suo centro diabetologico di riferimento? (indicare il
Comune)
16. Quanto tempo le serve per raggiungere il centro diabetologico di
riferimento?
17. Mediamente, quante volte in un anno le sue condizioni di salute
vengono valutate da un diabetologo?
(a) Meno di una volta all’anno,
(b) due volte
(c) tre volte
(d) quattro volte
(e) 5 o più
18. Quanto importante ritiene che sia il ruolo del suo medico di medicina generale (medico “di famiglia”) nella gestione del suo diabete?
(a) Importante
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(b) Molto importante
(c) Poco importante
(d) Irrilevante
19. Prenda come riferimento il 2019. A causa dell’incidenza di COVID19 in Italia durante il 2020 e il 2021, la frequenza di visite mediche,
specialistiche o di urgenza, legate al diabete è (considerate anche
quelle svolte in telemedicina):
(a) Aumentata
(b) Diminuita
(c) Rimasta invariata
20. Nel 2020 e nel 2021, ha usufruito di visite mediche in telemedicina? SI/No
21. L’emergenza Covid ha avuto effetti sulla sua partecipazione a programmi di screening di prevenzione delle complicanze del diabete?
SI/No
22. Di quali tra i seguenti farmaci orali fa uso?
ACTOS®
AMRYL®
COMPETACT®
DAONIL®
DIABREZIDE®
DIAMICROM®
DRAMION®
EFFICIB®
EUCREAS®
GALVUS®
GLIBEN®
GLIBOMET®
GLIBORAL®
GLICLAZIDE®
GLICONORM®
GLICOREST®
GLIMEPIRIDE®
GLUBRAVA®
GLUCOPHAGE®
GLUCOPHAGE®
UNIDIE®
GLUSTIN®
GLYXAMBI®
INCRESYNC®
JANUMET®
JANUVIA®
JENTADUETO®
KOMBOGLIZE®
METFONORM®
METFORAL®
METFORALMILLE® METFORMINA®
ONGLYZA®
PIOGLITAZONE®
PIOGLITAZONE METFORMINA®
QTERN®
REPAGLINIDE®
RYBELSUS®
SEGLUROMET®
SLOWMET®
SOLOSA®
SUGUAN M®
SYNJARDY®
TANDEMACT®
TESAVEL®
TRAJENTA®
VELMETIA®
VIPDOMET®
VOKANAMET®
XELEVIA®
XIGDUO®
ZUGLIMET®
nessuno
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23) Di quali tra le seguenti insuline fa uso?
ACTRAPID®
HUMALOG®
LYSPRO®
HUMULIN I®
PROTOPHANE®
HUMULIN 30/70 ®
XULTOPHY®
OZEMPIC®
nessuna

APIDRA®
HUMULIN R®
NOVORAPID®
LANTUS®
TOUJEO®
NOVOMIX 30/70 ®
BYDUREON®
TRULICITY®

FIASP®
INSUMAN®
ABASAGLAR®
LEVEMIR®
TRESIBA®
SULIQUA®
LYXUMIA®
VICTOZA®

23. Indicativamente, quante strisce per auto-monitoraggio della glicemia
utilizza a settimana?
(a) Meno di 10
(b) Tra 10 e 20
(c) Tra 20 e 30
(d) Tra 30 e 40
(e) Più di 40
24. E’ a conoscenza dell’esistenza di sistemi con sensori per il monitoraggio automatico della glicemia senza bisogno di pungere il
dito?
(a) No
(b) Sı̀, sono stato informato da un medico
(c) Sı̀, ho acquisito l’informazione autonomamente
(d) Sı̀, ho ottenuto l’informazione da altra fonte

Utilizzo sensori
25. Attualmente utilizza un sistema con sensore per il monitoraggio
automatico della glicemia? Si/No
26. Che tipologia di sistema con sensore per il monitoraggio automatico utilizza / ha utilizzato?
(a) Guardian Sensor 3® / Enlite Sensor®
(b) Dexcom G6®
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(c) FreeStyle Libre®
(d) Eversens XL®
(e) Glucomenday CGM ®
(f) altro
27. In che anno ha iniziato ad utilizzare il sistema con sensore per il
monitoraggio automatico?
28. In che mese ha iniziato ad utilizzare il sistema con sensore per il
monitoraggio automatico?
29. Ha ricevuto una formazione da parte di personale sanitario circa
l’uso del sensore per il monitoraggio automatico? Si/No
30. Come ha acquisito il sensore per il monitoraggio automatico?
(a) Acquisto personale
(b) Attraverso il servizio sanitario
(c) Altro
31. Dopo aver iniziato ad utilizzare il sensore per il monitoraggio automatico, ritiene che la FREQUENZA degli episodi di ipoglicemia
sia (si prega di rispondere anche nel caso in cui l’utilizzo del sensore sia stato sospeso):
(a) Aumentata
(b) Diminuita
(c) Rimasta invariata
32. Dopo aver iniziato ad utilizzare il sensore per il monitoraggio
automatico, ritiene che DURATA / ENTITÀ degli episodi di
ipoglicemia sia (si prega di rispondere anche nel caso in cui l’utilizzo
del sensore sia stato sospeso):
(a) Aumentata
(b) Diminuita
(c) Rimasta invariata
33. Dopo aver iniziato ad utilizzare il sensore per il monitoraggio automatico, ritiene che l’andamento della sua glicemia sia migliorato
(in particolare si siano ridotti i valori alti)? Si/No
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34. Dopo aver iniziato ad utilizzare il sensore per il monitoraggio
ritiene che la sua qualità di vita sia complessivamente (si prega
di rispondere anche nel caso in cui l’utilizzo del sensore sia stato
sospeso):
(a) Aumentata
(b) Diminuita
(c) Rimasta invariata

Outcome di interesse
35. Di quale tra le seguenti complicanze del diabete soffre? (E’ possibile selezionare più di un’opzione)
(a) Danni agli occhi (retinopatia diabetica)
(b) Patologia del piede
(c) Ictus
(d) Dialisi
(e) Alta pressione sanguigna (ipertensione)
(f) Malattia renale (nefropatia)
(g) Danno ai nervi (neuropatia)
(h) Complicazioni della gravidanza
(i) Problemi di salute mentale
(j) Altro
(k) Nessuna
36. Quante volte ha dovuto recarsi al Pronto Soccorso o ricevere cure
di emergenza (es. ambulanza) per motivi legati al diabete nel
periodo compreso TRA L’INSORGERE DELLA MALATTIA E
IL 2015 compreso (rispondere 0 in caso di diagnosi successiva al
2015)?
37. Quante volte ha dovuto recarsi al Pronto Soccorso o ricevere cure
di emergenza (es. ambulanza) per motivi legati al diabete DOPO
IL 2015?
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38. Quante volte è stato/a ricoverato/a in ospedale per motivi legati
al diabete TRA L’INSORGERE DELLA MALATTIA E IL 2015,
compreso (rispondere 0 in caso di diagnosi successiva al 2015;
escludere eventuale ricovero in occasione della diagnosi)?
39. Quante volte è stato/a ricoverato/a in ospedale per motivi legati
al diabete DOPO il 2015?
40. Ricordando che l’ipoglicemia grave è un episodio di ipoglicemia
la cui risoluzione richiede l’intervento di una persona terza, quanti
episodi di ipoglicemia grave ha avuto TRA L’INSORGERE DELLA
MALATTIA E IL 2015, compreso ? (rispondere 0 in caso di diagnosi successiva al 2015)
41. Ricordando che l’ipoglicemia grave è un episodio di ipoglicemia la
cui risoluzione richiede l’intervento di una persona terza, quanti
episodi di ipoglicemia grave ha avuto DOPO il 2015 ?
42. Ci saprebbe dire indicativamente il suo valore dell’emoglobina
glicata FINO AL 2015?
43. Qual è l’ULTIMO valore di emoglobina glicata che ha rilevato?

Altre informazioni
44. Da quanti componenti (compreso/a lei) è formato il suo nucleo
familiare?
45. Convive con qualche persona che normalmente la aiuta nella gestione del monitoraggio e la terapia del diabete? (E’ possibile
selezionare più di un’opzione)
(a) Nessuno
(b) Coniuge
(c) Figlia/o
(d) Madre/padre
(e) Altro
46. Attualmente è:
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(a) Pensionato/a
(b) Disoccupato/a
(c) Occupato/a
(d) Invalido/a
(e) Studente/ssa
47. Fra quelli elencati, qual è il titolo di studio più elevato che ha
ottenuto?
(a) Nessun titolo
(b) Licenza elementare
(c) Scuola media
(d) Maturità liceale
(e) Maturità tecnica o professionale
(f) Laurea, master, dottorato
48. Fra quelli elencati, qual è il titolo di studio più elevato ottenuto
da almeno uno tra tutti i componenti (conviventi) del suo nucleo
familiare (escludendo lei)?
(a) Nessun titolo
(b) Licenza elementare
(c) Scuola media
(d) Maturità liceale
(e) Maturità tecnica o professionale
(f) Laurea, master, dottorato
49. è il titolo di studio più elevato ottenuto da almeno uno dei suoi
genitori?
(a) Nessun titolo
(b) Licenza elementare
(c) Scuola media
(d) Maturità liceale
(e) Maturità tecnica o professionale
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(f) Laurea, master, dottorato
50. A quanto ammonta all’incirca il reddito netto mensile da lavoro
dipendente or autonomo del suo nucleo familiare nel 2019?

Interpretazione dei dati
Questa pagina le propone un breve esercizio che ci permetterà
di esplorare le sue compentenze nell’analisi grafica dei dati Il
seguente grafico riporta la dinamica del reddito medio (pro capite)
in alcune aree geografiche negli ultimi 20 anni. Risponda alle
seguenti domande

Figure 7: Per Capita Income of selected countries

51. Il reddito pro capite in Norvegia è aumentato tra il 2009 e il 2020.
(a) Vero
(b) Falso
(c) Non so
52. Il reddito pro-capite è cresciuto di più in Italia che nella media
UE prima del 2014.
(a) Vero
(b) Falso
(c) Non so
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53. Il reddito pro capite in Italia è inferiore alla media UE in tutto il
periodo.
(a) Vero
(b) Falso
(c) Non so
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Figure 41: age, physician importance, family size, type of diabetes,sensor info& hh
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