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Abstract 
The Human Development Index (HDI) was created by the United Nations 
(UN) and is the basis for many other indicators, as well as being the origin of 
many public policies worldwide. It is a summary measure of life expectancy, 
education, and per capita income. These components, in addition to being 
global measures, show difficulty in being impacted and, with this, advancing 
in the level of human development. This work shows a model that relates va-
riables of social distribution and access to infrastructure in Mexico, with the 
HDI. These variables were chosen through a statistical analysis based on a set 
of indicators measured by the National Institute of Statistics and Geography 
(INEGI) periodically at the municipal level. The statistical analysis shows that 
there is no simple correlation between these variables and the HDI, so that a 
supervised learning model based on a neural network was used, therefore 
proposing a classification technique based on the distribution of data in the 
underlying metric space. In addition, an attempt was made to find the sim-
plest possible model to reduce the computational cost and in turn obtain in-
formation on the variables with the greatest impact on the HDI, with the aim 
of facilitating the creation of public policies that impact it. 
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1. Introduction 

In all countries there are indices and indicators that help governments monitor 
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the performance of their policies, these can refer to education, health, infra-
structure, and social distribution, among others; although these are only me-
thodological proposals and are likely to receive comments to improve their use-
fulness, for example, as in [1] where a different way of evaluating marginaliza-
tion in Mexico is proposed. An advantage of having diverse types of indicators is 
that with these it is possible to make analyses between different indicators on an 
objective indicator, as in [2] where development is taken as a variable that is in-
fluenced by distinct factors, features such as social, and economic, among others. 

With the above in mind, the Human Development Index, HDI, is selected for 
this work as an index that reflects the quality of life of a population and taking 
the view that the indices are impacted not only by the methodology with which 
they are created but also by other features, a selection of other indices are pro-
posed, which have no appreciable direct relationship but at the same time it is 
inferred that modifications to these have an impact on the quality of life of a 
population. 

HDI was published for the first time in 1990 by the United Nations Develop-
ment Program, UNDP (1990). This index was introduced due to the need to 
have a measure of development in the countries and its fundamental objective is 
to measure the development of the human being, unlike, for example, the Gross 
Domestic Product, GDP, of a country, which reflects development, but based 
only on its economic activity. Therefore, three components were chosen to cal-
culate the HDI, which focuses on health, education, and wealth, which represent 
the fundamental axes in the development of a person. HDI has become a very 
important tool for governments, including organizations such as the Economic 
Committee for Latin America and the Caribbean (CEPAL) [3]. 

The health indicator, calculated by the longevity of a population, is deter-
mined by the life expectancy at birth of a person. It is of special relevance since it 
indirectly reflects a population’s access to health services, as well as adequate 
nutrition, since, without these two indirect characteristics, it would be difficult 
to increase life expectancy. 

Regarding the education component, this is calculated with the literacy rate of 
a population, something of significant importance since it provides the opportu-
nity to access knowledge. In fact, it is currently desired that the population have 
access to higher levels of knowledge for a better performance in their productive 
lives. 

Lastly, the index of the wealth of a population tries to reflect the capacity that 
this must face the basic needs that an individual may have for its development. 
This index is calculated with the GDP per capita of each country or region to-
gether with a correction, purchasing power parity, to homogenize the level of 
said purchasing power between different regions. 

As can be seen, the three components of the HDI really aim to reflect what an 
individual’s life of well-being can be like, a long life with access to education to 
develop the desired and well-paid economic activity. Unfortunately, these three 
components are averages in the population and, therefore, a global measure, 
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which can hide the reality and the dispersion that the population experiences in 
each of these factors. 

In addition to the, designing public policies that help increase these three 
components and, consequently, the HDI does not turn out to be intuitive. 
Therefore, the search for other indices with a more sensitive impact on the deci-
sions made by the government can be helpful in the design and implementation 
of public policies that help improve the HDI of the regions. 

2. Variables Proposed to Influence the HDI Level 

Considering what was expressed in the introduction, indices were selected that 
are believed to be more local and easily obtained (all are provided by the Nation-
al Institute of Statistics and Geography, INEGI, from the year 2010, and at the 
municipal level, where the methodological manuals are in [4] and [5]). These 
indices or variables are the following. 

The percentage of the population that lives in communities of less than 5,000 
inhabitants in a municipality (PL < 5000), is a variable that is used in the reports 
of marginalization prepared by the Government of Mexico, which is important, 
since in more than 50% of the municipalities in the country have 100% in this 
index, in addition populations of this type tend to have less access to services 
and less economic development. 

The Labor Force Participation Rate (LFPR) of a municipality, which refers to 
the quotient of economically active people who are working or looking for a job 
(a person can conduct an economic activity from the age of fifteen) between the 
entire population. 

( )

( )

15 or more

15 or more

100
LF

LFPR
P

= ×                       (1) 

where: ( )15  masyLF  is the labor force aged fifteen or over and ( )15  masyP  is the to-
tal population greater than or equal to fifteen years. 

The degree of accessibility to paved roads (AccesInfra), which is obtained 
thanks to the work of the National Council for the Evaluation of Social Devel-
opment Policy, CONEVAL, and which reflects the ease that different communi-
ties have in using paved roads. The AccesInfra grade per municipality is taken as 
the weighted sum of the AccesInfra’s grades per community, which make up the 
municipality. 
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where ip  is the population of the i-th community that makes up the munici-
pality, ig  is the degree of accessibility of the i-th community and n is the 
number of communities that make up the municipality. 

In addition, the percentage of the population of a municipality which does not 
native to the same federal entity (%PobMig) was chosen, considering that the 
phenomenon of migration is intricately linked to the search for better job op-

https://doi.org/10.4236/jdaip.2023.114023


F. I. B. López, R. P. Ramírez 
 

 

DOI: 10.4236/jdaip.2023.114023 457 Journal of Data Analysis and Information Processing 
 

portunities and life prospects. Due to this, municipalities that have high scores in 
this index could be interpreted as municipalities that offer high standards of liv-
ing and that is why they attract populations from other states. 

Lastly, the population density of the municipality (DENS10), which is a varia-
ble that might not seem to have as much relevance, but since many of the infra-
structure construction decisions are public and private, such as universities, 
hospitals, etc. is linked to covering the largest possible population, these con-
structions are aimed at municipalities with densely populated areas. 

3. Relationship between the Variables and the HDI 

As can be seen, several of the indices presented not only have a municipal focus, 
but are even obtained from a community level, so that the reality that the inha-
bitants may be experiencing can be better reflected. Likewise, indices such as the 
LFPR and the AccesInfra are sensitive to public policies, in addition to the fact 
that they all function as control variables for human development (although this 
does not mean that it is impossible to create public policies that help improve 
them in the short term). 

A main objective of this work is to find a relationship between these five va-
riables with the HDI of each municipality, to then indirectly relate to the three 
axes that support the HDI and facilitate the structuring of public policies based 
on these five indices and thereby improve the HDI of the municipalities. For 
example, with the urban planning of services and infrastructure, which better 
benefits its surrounding communities with a high index of PL < 5000, so that 
they have greater access than densely populated communities. Also, the search 
for private investment, national or foreign, for the creation of new jobs, to in-
crease the attraction of population from other states or retention of its own pop-
ulation and that, in turn, would be reflected in the LFPR. 

4. The Proposed Model Using a Neural Network 

Doing a linear correlation analysis between the selected variables and the HDI, it 
can be seen that it does not exist for any of them, as can be seen in Table 1, so it 
will be necessary to use a model that can find non-linear and multivariate corre-
lations, being Neural networks are a good tool for this type of problem, as dem-
onstrated in [6]. For this reason, a Multilayer Perceptron (MLP) was selected as 
a model [7], which is a generalization of the simple Perceptron proposed by [8], 
which through its processing units (neurons), and their dynamic states of activa-
tion [9], processes the input data in order to find patterns in the data and there-
by offer a model capable of generalizing [10]. 

Before explaining the architecture and the results obtained, it is important to 
mention that the outputs of an MLP express the probability of belonging to a 
certain set, therefore, it was decided to classify (cluster) the municipal HDI val-
ues into three groups with the method of K-means as in [11]. The decision to 
classify into three groups was based on a statistical analysis, in which three  
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Table 1. Correlation matrix. 

 AcessInfra DENS10 PL < 500 LFPR %PobMig HDI 

AcessInfra 1.0000 0.1778 −0.3870 0.1019 0.2767 0.5617 

DENS10 0.1778 1.0000 −0.3398 0.1901 0.3203 0.3299 

PL < 5000 −0.3870 −0.3398 1.0000 −0.2044 −0.3990 −0.6309 

LFPR 0.1019 0.1901 −0.2044 1.0000 0.1881 0.1942 

%PobMig 0.2767 0.3203 −0.3990 0.1881 1.0000 0.4964 

HDI 0.5617 0.3299 −0.6309 0.1942 0.4964 1.0000 

 
classes offered greater separability between groups, this against a greater or less-
er number of clusters. Once the limits of the classes were obtained, they were la-
beled, so that the class labeled with [1,0,0] represents the group of municipalities 
with a “high” HDI, the label [0,1,0] represents the group of municipalities with a 
“medium” HDI and, finally, the label [0,0,1] is the representative of the munici-
palities with a “low” HDI. 

For the training of the MLP, it was decided to separate the data by municipali-
ties and at the same time validated for robustness by the Student’s T test, such 
that 70% of these were used to train the model and the remaining 30% to vali-
date the model and how capable it is to generalize or, in other words, assess the 
perdition of membership of an input dataset, on which it was not trained. 

The architecture selected for the problem was an input layer with 5 neurons, a 
hidden layer with 25 neurons, and an output layer with 3 neurons, all with logis-
tic activation function (Equation (3)), trained with the backpropagation algo-
rithm and in an “off-line” mode because the data presented concurrency [12] 
[13]. This architecture is selected, since a better performance (stability) was ob-
served in the generalization of the data and the norm of its derivative reached 
almost zero, Figure 1. Also, it was made an analysis of convergence for several 
amounts of neurons at the hidden layer to guarantee avoid overfitting and keep 
the model simple. 

1
1 e xσ −=
+

                            (3) 

For the validation of the model, precision was taken as a metric, which is de-
fined by: 

number of correct predictionsAcc 100
total number of predictions

= ×                 (4) 

An 81% accuracy was obtained for the training data and 74% for the valida-
tion data, giving 79% in the evaluation with all the data, which confirms that 
there is a correlation of the variables with the HDI of the municipalities. 

Already having the model, tests were conducted both to validate it and to ob-
serve the behavior of the selected indices. For example, the median of each of the 
indices was selected, since due to the bias of the data it provides us with a better 
measure of central tendency, obtaining a prediction of the average HDI, which 
was expected. 
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Figure 1. MLP training. 

 
In addition, an arrangement of hypothetical municipalities was created, where 

each of them had the median in all the indices except one, which is evaluated 
with its minimum value and then with its maximum value, to observe the rela-
tionship between the indices regarding these municipalities. It was observed that 
the indices with the greatest impact are AccesInfra, %PobMig and PL < 5000, the 
latter with an inverse relationship to the HDI (that is, a higher value is reflected 
in a decrease in the HDI). For example, a municipality with all their indices 
equal to the median, but %PopMig at the minimum obtained a low HDI predic-
tion of 76.75%, while with %PopMig at the maximum a medium HDI prediction 
of 97.42% was obtained. 

After this, the exercise of leaving all the indices at their lowest or highest value 
was conducted, with only one of them varying between the range of minimum 
and maximum values. With this, it was identified that only one of the indic-
es, %PobMig, has an impact on the classification made by the model, while the 
others do not. This tells us, omitting the case, that the movement of a single va-
riable has no relevance and, therefore, there is no one-to-one relationship with 
the HDI. 

Something to confirm the above in a quantitative way and to be able to ob-
serve that all the indices are important for the model, an analysis of characteris-
tics was carried out taking the proposal of [14], in which the importance iS  of 
an input to the model as seen in Equation (5) and being the criterion in [15] the 
one used. Equation (6), where ijw  is the weight of the i-th data to the j-th neu-
ron, thus obtaining Table 2 of results and where it is observed that the value S of 
the %PobMig index is the highest and the AccesInfra the lowest, although the 
latter is still important in scale with the others. 

1
n

i ijjS s
=

= ∑                              (5) 
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Table 2. Individual importance of features for the model. 

 AcessInfra DENS10 PL < 500 TPE %PobMig 

S 7157.90 13650.49 15769.78 13267.01 24340.26 

 

( )2
ij ijs w=                             (6) 

This leads us to conclude that the proposed model (MLP) establishes a better 
relationship between the proposed variables and the HDI over other models 
such as, for example, multiple linear regression. 

5. Conclusions 

After observing that the model managed to relate the selected indices and the 
HDI of the municipalities, a statistical analysis of the municipalities with high 
HDI is conducted, calculating the averages of the indices, and comparing them 
with those obtained globally, as well as from the municipalities that are not in-
cluded in the high HDI cluster. 

When conducting the, it is observed that the municipalities with a high HDI 
have higher average values in access to paved roads, a higher population density, 
a slightly higher economic participation by their population, higher percentages 
of migrant population from other states, as well as a smaller percentage of the 
population living in small communities. Something that is also observed in the 
relationships found with this model was that AccesInfra, %PobMig and PL < 
5000 have greater weight compared to DENS10 and TPE. This suggests that pol-
icies focused on improving AccessInfra, %PobMig and PL < 5000, would have a 
greater positive impact on the HDI of these communities. This is a special ap-
proach since public policy decisions are rarely made using machine learning 
models. Furthermore, the idea of investigating indirect variables and their in-
fluence on human development is also new. 

An example of this type of public policy for AccesInfra is the policy of the 
current Federal Government of Mexico to pave access to municipal capitals for 
municipalities that did not have this. For %PobMig, one can take what has been 
done in China with its special economic zones that have attracted people from 
the interior of the country, where the HDI is usually lower than in said special 
zones. Finally, the PL$ < $5000 is an index that cannot be impacted so quickly, 
since it will depend on the resources and services that these communities receive 
to help in their development, urbanization and growth (in the worst case that 
these small communities disappear and are grouped into a main one in the same 
municipality or in another part of the country). 

For all the above, it can be inferred that creating public policies that consider 
the selected variables of social distribution and access to paved roads, would 
have a positive impact on the HDI of the municipalities and, therefore, on the 
original variables that they calculate it: health, schooling, and GDP. 

It is important to note that, although the model performs well with the present 
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data, it is difficult to interpret the real effects due to the public policies imple-
mented. However, changes to the HDI locally may be reviewed in the future. 
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