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Abstract

The objective of this study was to estimate the influence of spatial factors on the Human Development Index (HDI) using a spatial
econometric model, specifically the SARAR model (Spatial Antoregressive with Autoregressive Errors), which incorporates both the
spatial effect of the dependent variable and the spatial lag of errors. The data used comes from the report of the United Nations
Development Program (UNDP), the National Institute of Statistics and Informatics (INEI) and the Ministry of Energy and Mines,
covering a total of 1,872 districts of Pern in 2019. The results reveal that the HDI of a district is positively related to accumulated
public investment, urban population agglomeration, and mining district status. On the contrary, the HDI is negatively affected by the
altitude of the district capital and the geographical distance between the district capital and the nearest district. On average, mining
districts have a higher HHDI compared to non-mining districts. In addition, a positive relationship is observed between the HDI of a
district and that of its geographically close neighbors (p<<0.01), evidencing a spatial contagion effect. These findings underscore the
importance of considering space as a key element for the design and implementation of public policies that promote equitable and
sustainable human development.

Keywords: Spatial Auntocorrelation, Spatial Heterogeneity, Urban Agglomeration, Altitude, Population Density, Geography,
Mining Districts.

Introduction

In the last two decades, Peru has shown significant progress in social welfare, evidenced by the increase in
the Human Development Index (HDI) from 0.366 in 2003 to 0.586 in 2019, according to the United
Nations Development Program (UNDP, 2019b). This indicator combines life expectancy, educational
attainment, and per capita income, providing a comprehensive measure of human development. However,
inequalities persist, especially in regions with adverse geographical conditions and limited infrastructure

(Alvarez, 2016; Hernandez Mota, 2016). These gaps underscore the need for public policies that address
both the structural and territorial factors that condition human development.

The HDI was developed in 1990 under the framework of UNDP and has established itself as a key tool for
comparing and assessing human progress across regions and countries (Dasic et al., 2020). This indicator
includes three fundamental dimensions: life expectancy, education and income, which makes it a reference
for designing development strategies. However, as they point out (Anselin, 1988) and (Aragén & Rud, 2013)
(LeSage & Pace, 2010), Traditional analyses of human development tend to omit the spatial component,
ignoring how geographic features and location affect levels of well-being. In this sense, the present study
incorporates spatial factors such as altitude, urban agglomeration and proximity to urban centers to better
understand these dynamics.

Public investment is one of the main instruments that the State can use to improve human development,
especially in regions with significant backwardness. Studies such as those of (Kogan & Bondorevsky, 2016)
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and (Hurtado & Pinchi, 2019) They highlight that an efficient allocation of resources in infrastructure and
basic services can have a direct impact on people's quality of life. In addition, public investment not only
contributes to physical development, but can also strengthen human capital, reducing disparities and
promoting access to opportunities(Pinilla-Rodriguez et al., 2014).

Spatial factors such as altitude, urban agglomeration and proximity to urban centers play a determining role
in human development. According to (Guerra Carrillo & Castafieda Nufez, 2020) and (Gerénimo Antonio
etal., 2020), these variables can directly influence the living conditions of populations. For example, districts
located at high altitudes face significant barriers related to agricultural productivity and access to services.
On the other hand, urban agglomeration and connectivity can generate economies of scale and improve
access to economic and social opportunities(Zubia-Mendoza, 2021).

The use of spatial analysis tools, such as those used by (Paelinck et al., 2015) and (Liu et al., 2021), it has
made it possible to identify patterns and geographical groupings of human development. These techniques,
which include exploratory analysis of spatial data and spatial econometric models, have facilitated the
identification of priority areas for public policies. In this context, the present study uses the SARAR model
to analyze how spatial characteristics, together with public investment, condition human development in
the districts of Peru.

Finally, this article seecks to demonstrate how spatial factors directly and indirectly affect human
development levels, considering four key aspects: public investment, altitude, urban agglomeration,
proximity between district capitals and whether or not the district is mining. In addition, the role of public
investment as an exogenous variable that can compensate for spatial inequalities is analyzed. Following
authors such as (LeSage & Pace, 2010), (Hurtado & Pinchi, 2019) and (Li et al., 2017), The importance of
integrating spatial aspects into the design of public policies to ensure equitable and sustainable development
is underlined.

Methodology

Spatial econometrics is a key tool for analyzing georeferenced data, as these often present multidirectional
relationships known as spatial dependence or autocorrelation, which can invalidate the assumptions of
classical econometrics. According to (Pérez, 2006), This autocorrelation can be caused by measurement
errors in spatial units or by substantive spatial interactions, where events in one territory affect others due
to diffusion effects or spillovers. Therefore, it is essential to propetly identify and model spatial dependence
in analyses.

The model SARAR (Spatial Autoregressive with Autoregressive Errors) is an econometric tool used to
analyze georeferenced data and spatially dependent phenomena. This model combines two key elements:
the spatial dependence on the dependent variable, represented by the parameter p, and the spatial
dependence on the etrors, captured by A. According to (LeSage & Pace, 2010), The parameter p\rhop
reflects how the values of a variable in one region are influenced by the values in neighboring regions,
capturing the so-called "spatial contagion effect". For example, in human development studies, the HDI of
one district may affect that of nearby districts due to socioeconomic interactions. Following to (Herrera,
2017) The cross-sectional model is proposed:

y=AWy+XL+WX0+u
u=pWu+e
y=AWy+XB+u

u=pWu+e
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Where: is the dependent variable, is the matrix of explanatory variables, are parameters to be estimated, are
random errors of the estimated model and W is a matrix of spatial weights. yX[3, A, pg, pOn the other hand,
the parameter A corrects for spatial correlation in errors, an important aspect when there are unobserved
factors affecting multiple nearby regions. (Anselin, 1988) and (Pérez, 2000) stresses that this component is
essential to properly model spatial relationships and avoid bias in estimates. In addition (Arbia, 2014)Arbia
(2014) (Arbia, 2001) highlights that the SARAR model is especially useful in contexts where both observed
and unobserved variables present spatial structures, which makes it a powerful tool for territorial analysis
and public policy design. By separating direct and indirect effects, this model allows us to understand how
the characteristics of a region not only influence locally, but also in neighboring regions.

Spatial autocorrelation describes the dependence between values of a variable in different geographic
locations, implying that events in one region can influence neighboring regions. According to (Pérez, 20006),
This dependence may be due to measurement errors in observations or to substantive spatial interactions,
known as spillovers. (Anselin, 1988) He points out that spatial autocorrelation can invalidate the
assumptions of independence in classical econometric models, requiring specific techniques for their
analysis. For its part, (LeSage & Pace, 2010) They highlight that properly identifying and modeling
autocorrelation is essential to understand complex spatial phenomena and improve accuracy in the
estimation of geographic impacts. One of the most widely used tests to contrast spatial autocorrelation in
a regional context is the global Moran index (I)

_EZ?}WL']'(XL'_)?)(X]_)?) L

5 wo-mz
o N e 2= Wiy (X __X)(Xj - X)
o1 2j=1 Wij XL X = X)?
n n
Y-S
T i=1j=1

Where xi is the quantitative variable in the region i, x is the sample mean, wij is the weights of the matrix

W, N is the sample size and .S = ZiZj W
Matrix of weights, also called matrix of contacts, contiguities, weights, distances or interactions) is an
instrument that merges the fact of interdependence and multidirectional relationships are the matrices of

spatial weights, delays or contacts, defined with the letter W (for the English word weight, weight) and
represented as follows:

1
wy = f(dy;) = a4

wi; =0
Where: = distance between two points.dj;
0wz win
W = W21 0 WZN

WnN1 WnN2 0

The W matrix is non-stochastic is of order nxn, where n is the total number of spatial units, in this context
n=1872 districts.
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On the other hand, the Local Index of (LISA) is a local contrast, in an asymptotic context and with the
assumption of uncotrelated residuals, the standardized Moran's I is distributed as a standard normal.

ZWIJZJ
/N 1

Where is the value of the variable corresponds to region i, it is the set of regions neighboring 1. A high,
positive (negative) and significant value of the statistic results in the existence of a cluster around region i
of similar high (low) values. Based on the local index, it is possible to find its contribution to the global
index, I, and detect its extreme values which makes it a LISA.z;NjI;

Likewise, Geary's C contrasts in the same way as the previous one, with Ho = No autocotrelation vs. H1
= spatial dependence; however, it is interpreted with another meaning. Thus, a negative (positive)
standardized C of Geary will indicate positive (negative) dependence.

C_N-IEE W - X)
B 2802, x-xz 7

Where xi is the quantitative vatiable in the region i, x is the sample mean, wij is the weights of the matrix
W, N is the sample size and Sg = ZiZj W

Spatial econometrics (SE) is a key tool for analysing geographical phenomena, as it allows us to identify
whether the spatial dependence observed in the Human Development Index (HDI) between municipalities
or districts is due to characteristics of neighbours or to explanatory factors of human development, such as
economic, social, historical and cultural aspects (Gerénimo Antonio et al., 2020). In addition, it considers
direct and indirect effects, highlighting the importance of spatial heterogeneity for an optimal allocation of
social spending (Hong et al., 2022). This approach has evolved rapidly, producing techniques such as spatial
error models (SEM), spatial lag (SLM) and the SARAR model, which integrates spatial elements in the
dependent variable and in errors, allowing complex phenomena to be addressed (Paclinck et al., 2015).

Recent studies have applied spatial econometric models to analyze the determinants of the HDI,
highlighting the influence of factors such as altitude, urban agglomeration, and proximity to nearby
cities(Gonzales de Olarte & Del Pozo, 2018). For example, it is recognized that regions at higher altitudes
face significant barriers to human development, while urban agglomerations offer benefits associated with
economies of scale. In fact, the variables that were considered in this study are found in Table 1.

Table 1. Identification and Quantification of Georeferenced Variables

Variables Quantification

Human Development Index (HDI) Its value is between 0 and 1

Logarithm of the execution of accumulated public
Logarithm of cumulative public investment | investment/total population, from 2005 to 2019 in

soles.
Altitude of the district capital In meters above sea level
Urban agglomeration Utban population / Total population

Geographical distance between the district capital and

Distance between districts .
the nearest district

L 1=Miner
District Type 0=Non-Mining
Length of the district capital In decimals
Latitude of the district capital In decimals
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Note. Own elaboration based on data

Two main sources of information were used for this study. The data of the Human Development Index
(HDI) at the district level for the year 2019 were obtained from the report of the United Nations
Development Program (UNDP). On the other hand, the data on the total population, urban and rural
population, as well as the area of the districts, were extracted from the national censuses of 2007 and 2017
carried out by the National Institute of Statistics and Informatics (INEI), and were subsequently projected
to the year 2019. For the creation of the matrix of spatial weights (Wij), the distances between the
geographical coordinates of the district capitals were used.

Analysis of Results and Discussion

In the Figure 1, the cumulative public investment maps and the Human Development Index (HDI) map
are mutated, the relationship between cumulative public investment and the Human Development Index
(HDIJ) in the districts of Peru shows that areas with the highest investments, such as Lima and Arequipa,
tend to achieve the highest levels of human development (HDI > 0.85), while high Andean and rural
regions, such as Puno and Huancavelica, with lower investment, have lower HDIs (HDI < 0.39). This
pattern is consistent with what has been pointed out by (Aragén & Rud, 2013), who found that investment
in resource-rich regions improves human development, although its effect depends on proper resource
management. Likewise (Tapia Martinez, 2020) highlights that inequality in the distribution of public
investment significantly affects HDI results between districts. For its part, the United Nations Development
Programme (UNDP, 2019a) stresses that investment should be strategically targeted towards disadvantaged
regions to reduce territorial gaps and improve well-being in rural and urban areas.

Figure 1. Map of Public Investment Quantiles and Human Development Index — 2019

a) Logarithm of cumulative
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Note. Own elaboration

Utban agglomeration and mining are key factors in human development in Peru, although they present
contrasting dynamics depending on the region. Urban areas, such as Lima and Arequipa, with high levels
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of population concentration, benefit from economies of scale and better access to services, which boosts
productivity and well-being (Ciccone & Hall, 1996). On the other hand, mining districts, located mainly in
the highlands, generate significant income that can improve human development, provided that there is
adequate management of resources(Aragon & Rud, 2013). However, these benefits are not always
distributed equitably, especially in rural regions, leading to inequalities. (Tapia Martinez, 2020) It highlights
that these gaps underscore the need for comprehensive public policies that take advantage of the
opportunities of urbanization and mining to reduce territorial inequalities and promote sustainable
development throughout the country.

Figure 2. Map of Urban Agglomeration and District Type
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Note. Own elaboration

The first stage of the analysis consisted of performing an exploratory analysis of spatial data (AEDE) to
evaluate the presence of spatial effects in the data, since omitting this step could generate specification
errors in the model(Acevedo Bohérquez & Velasquez Ceballos, 2008). This univariate exploratory analysis
focused on the spatial autocorrelation of all the variables identified, with emphasis on public investment.
The results indicated a significant spatial autocorrelation of the HDI with its spatial lag, reflecting systematic
spatial variation. According to (Anselin, 1988), this type of spatial dependence indicates that high HDI
values in one district are associated with high values in neighboring districts, and the same is true for low
values. This suggests a significant positive spatial pattern, as confirmed by Moran's test (p<0.01p <
0.01p<0.01), rejecting the null hypothesis.

The positive spatial autocorrelation detected supports the existence of geographic clusters of high and low
human development, highlighting the need to integrate spatial components into the econometric model to
avoid specification problems. As they point out (LeSage & Pace, 2010), The appropriate use of spatial tools
improves the ability to capture territorial dynamics in socioeconomic phenomena. The main findings of
this study are consistent and robust, as evidenced by the validation tests carried out, strengthening the
reliability of the results.
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Table 2 shows the results of the Moran spatial autocorrelation tests and the Geary index for the Human
Development Index (HDI). The Moran index (I = 0.187, p<0.01) indicates a significant positive spatial
autocorrelation, i.e., districts with high or low HDI values tend to cluster spatially. On the other hand, the
Geary index (c = 0.824, p<0.01) also confirms spatial autocorrelation, since values less than 1 imply that
the spatial units present similarities in their HDI values with respect to their neighbors. Both results support
the existence of systematic spatial patterns in the HDI distribution, suggesting the need to integrate spatial
components into the analysis to capture these dynamics.

Table 2. Spatial Autocorrelation Tests On HDI

I E®@) sd(@) With p-value
Moran 0,187 -0,001 0,002 93,46 0,00
Geaty ¢ C And© Sd© Z p-value

0,824 1,00 0,003 -51,72 0,00

Note. Own elaboration

The results of the study on the HDI in Peru reveal that this indicator is not randomly distributed, but
presents defined spatial patterns, where the HDI of one district influences that of neighboring districts.
This phenomenon of "spatial contagion", as they point out (LeSage & Pace, 2010), It shows the importance
of incorporating the territorial component in public policies, especially in the planning and execution of
public investment, to maximize its impact on human development. These findings confirm the need to
consider space as a key structural element in the analysis of economic and social phenomena(Anselin, 1988).

Likewise, the results of the spatial autocorrelation tests show that the spatial lag of the HDI is positively
associated with the HDI itself, forming spatial clusters of districts with similar values, such as the "high-
high" groups. This behavior, as they point out (Paclinck et al., 2015), highlights the relevance of spatial
analyses to identify these territorial dynamics. This suggests that districts with high levels of human
development tend to cluster geographically, as do those with low levels, underscoring the importance of
coordinated regional strategies to address territorial disparities.
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Figure 3. Spatial Autocorrelation of HDI (Moran I)
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Note. Own elaboration

Figure 5 shows the spatial heterogeneity in spatially related districts through indirect effects and spatial
feedback effects. However, the effects are significantly heterogeneous across quantiles.

Tables 3 and 4 show the distribution of districts according to statistical significance and the spatial clusters
of the Human Development Index (HDI). In Table 3, 45.03% of the districts (843) present statistical
significance at a level of p=0.01p = 0.01p=0.01, indicating a strong spatial autocorrelation, while 39.21%
(734 districts) do not show significance. In Table 4, the spatial clusters show that 29.65% of the districts
(555) belong to the Low-Low group, reflecting a concentration of low HDI values in neighboring areas.
On the other hand, 19.02% of the districts (356) are part of the Alto-Alto conglomerate, highlighting
clusters of districts with high levels of HDI. These results confirm the existence of significant spatial
patterns in the HDI and highlight the need for specific strategies to address regional disparities.

Table 3. Significance and Number of Districts

Probability Eu@ber of Y% Accumulated
istricts

p=0,01 843 45,03 45,03

p=0,05 172 9,19 54,22

p=0,10 123 6,57 60,79

In the signifier | 734 39,21 100

Total 1,872 100

Note. Own elaboration
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Table 4. Clusters and Number of Districts

Nurpber of % Accumulated
Conglomerates | districts
Low-Low 555 29,65 29,65
Low-High 39 2,08 31,73
Low 05 3,47 35,2
High-High 356 19,02 54,22
In the signifier | 857 45,78 100
Total 1,872 100

Note. Own elaboration

Figure 4a shows the statistical significance of the spatial autocorrelation of the Human Development Index
(HDI), where the areas in red represent districts with high significance (p=0.01p = 0.01p=0.01), indicating
strong spatial patterns, while the areas in white do not show significance. Figure 4b) shows the spatial
clusters, where the Low-Low group (dark green) highlights the concentration of districts with low HDI
values surrounded by similar districts, while the High-High group (yellow) shows clusters of districts with
high HDI levels. These patterns reinforce the need to address territorial disparities through regional and
focused public policies.

Figure 4. HDI Spatial Heterogeneity Map (LISA Test)

a) Significance
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Note. Own elaboration

Next, the spatial factors influencing the HDI were identified, for this the SARAR model was estimated, the
coefficients show that the HDI is significantly influenced by economic, geographical and social factors. A
1% increase in public investment increases the HDI by 0.0118, the integration of the spatial component in
the design and execution of public policies is key to reducing disparities in income, education and life
expectancy, investment in public services and physical infrastructure in health and education not only
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promotes human development, but also strengthens relative revenues by expanding the supply of services
and promoting regional development from a joint and contextualized approach.

Altitude is another influential factor in human development, for each additional meter in altitude the HDI
is reduced by 0.0000241, reflecting disadvantages in high areas. Urban agglomeration increases the HDI by
0.1459, highlighting the benefits of economies of scale. On the other hand, a greater geographical distance
between the capital of the district and the nearest district reduces the HDI by 0.00327, which shows that
less proximity to other districts can limit access to resources or services, one of the limiting factors in this
case are distances and transportation costs. As district capitals are closer together and transportation costs
decrease, opportunities and facilities for human development increase. In addition, mining districts have,
on average, an HDI 0.04527 points higher than non-mining districts, underscoring the positive economic
impact of local mining.

The spatial parameters of the SARAR model, A (1.918) and o (2.9725), indicate a strong spatial
interdependence in terms of error and in the Human Development Index (HDI), respectively. A reflects
that unobserved factors affecting the HDI in one district are correlated with those of neighboring districts,
while p shows a spatial contagion effect, where the HDI of one district is influenced by the HDI of nearby
districts. These results highlight the need for regional approaches in public policies, considering territorial
dynamics to maximize the impact on human development.

Table 5. Influence of Spatial Factors on the Human Development Index (HDI)

Variables WRAPS
Logarithm of public investment 0,0118%***
(0,0019)
Altitude in m.a.s.L. -0,0000241***
0,0000021
Urban agglomeration 0,1459***
(0,0062)
Geographical distance -0,00327***
0,00077)
District Type (1=Mining and 0=Non-Mining) 0,04527+*x
(0,00987
Lambda (A) 1,918%**
(0,0529)
Rho (o) 2,9725%**
(0,09104)
Coefficient of determination (R2)
Wald's test (3 g.l.) 763,98*+*
Log Likelihood 2095,108
Number of observations. 1872

Note. Own elaboration

Indirect effects are fundamental in spatial analysis, as they reflect how the characteristics of an area influence
its environment, highlighting regional interdependence. (LeSage & Pace, 2010)They emphasize that indirect
effects allow the identification of spatial externalities, essential to understand the spread of economic and
social impacts between regions. Likewise (Anselin, 1988) It stresses that these effects are crucial for
assessing the diffusion of territorial policies and phenomena, providing a holistic perspective on
development.

In this context, the indirect effects of the SARAR model are more important than the direct ones, as they

reflect how the characteristics of a district influence neighboring districts, highlighting spatial
interdependence in human development. Public investment, with a positive indirect effect (0.029835),
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shows that its benefits are not only local, but also extend to nearby areas, underlining the importance of its
strategic distribution. Altitude has a negative indirect effect (-0.0000504), evidencing that adverse
geographical conditions not only affect the district, but also impose barriers on neighboring districts. In the
case of urban agglomeration, the significant positive indirect effect (0.365055) reflects how the benefits of
the concentration of urban resources and services expand to nearby districts, boosting their development.

Geographical distance, with a negative indirect effect (-0.00077), limits connectivity and hinders access to
shared opportunities between districts. For mining districts, the positive indirect effect (0.00987) highlights
that the economic benefits of mining also reach neighboring areas, favoring their development. Finally, the
spatial lag of the HDI, with a significant indirect effect (6.21383), reinforces the idea that the levels of
development of nearby districts have a profound influence, generating a strong regional interdependence.
These results justify the need for comprehensive territorial approaches, since development is not an isolated
phenomenon, but one deeply connected in space.

Table 6. Marginal Effects on the HDI

Variables Direct effect Indirect effect Full effect
Logarithm of public investment |0,01190 0,029835 0,041735
Altitude in m.a.s.l. -0,0000241 -0,0000504 0,0000745
Utrban agglomeration 0,146186 0,365055 0,511241
Geographical distance -0.00327 -0.00077 -0.00404
District Type (1=Mining and

0=Non-Mining) 0.04527 0.00987 0.05514
HDI spatial lag 2,97772 6,21383 9,19160

Note. Own elaboration

The influence of spatial factors on the Human Development Index (HDI) in the districts of Peru is
supported by vatious studies. (Aragén & Rud, 2013)they conclude that mining generates income and
increases the HDI. Likewise, the findings of (Tapia Martinez, 2020), who points out that factors such as
altitude and the unequal distribution of public investment significantly condition human development,
regions located at higher altitudes often face additional challenges, such as lower agricultural yields and
difficulties in accessing health and education services, which can have a negative impact on the HDI. In
addition, the United Nations Development Programme (UNDP, 2019a) stresses the importance of
decentralized policies to address territorial disparities, especially in remote or hard-to-reach regions,
reflecting the need to consider the geographical context.

From a theoretical and methodological perspective, the spatial econometric models used in this study, such
as those developed by (LeSage & Pace, 2010), allow us to capture the effects of neighbourhood and spatial
dependence, which are key to understanding the impact of the HDI on nearby districts. This aligns with
(Bosker & Garretsen, 2012) who highlight how geographical proximity and connectivity can boost regional
development. Likewise (Gonzales de Olarte, 2003) It stresses that disparities in human development reflect
historical and structural problems, and advocates effective decentralization that allows for a more equitable
redistribution of resources.

Urban agglomeration and economic density are also crucial factors. (Ciccone & Hall, 1996) and (Edward

L. Glaeser et al., 1992) They argue that areas with higher economic activity density experience higher levels
of human development due to economies of scale and more efficient access to services. In the Peruvian
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context, these dynamics are observed in urban districts with a higher population concentration, but they
also reveal challenges in extending these benefits to rural areas, as he points out (Chong & Calderén, 2000),
who emphasize the importance of solid institutions for an equitable distribution of income.

Finally, public investment and its impact on human development have been the subject of study by multiple
authors. (Tapia Martinez, 2020) and the Peruvian Institute of Economics (IPE, 2021) they stress that public
investment, particulatly at the local level, has a positive effect on the HDI. However (Gonzales de Olarte,
1986) It warns that incomplete decentralization can limit the effectiveness of these investments,
perpetuating regional inequalities. This reinforces the need for comprehensive policies that consider both
geographical particularities and coordination between levels of government.

Conclusions

The study concludes that spatial factors have a significant influence on the Human Development Index
(HDI) of Peru's districts. Public investment, urban agglomeration and mining activity are factors that
increase the HDI, while altitude and geographical distance generate limitations that reduce its value. The
results also highlight the importance of considering the territorial context and the interactions between
districts, since the SARAR model shows a strong spatial interdependence, evidenced by the spatial lag of
the dependent variable and errors.

In addition, indirect effects outweigh direct effects, undetlining how the characteristics of a district
influence the development of neighboring districts. This reinforces the need for public policies with a
territorial focus that prioritize regional equity, connectivity, and investment in basic services such as health
and education. In this way, the positive effects of human development can be maximized and disparities
between districts reduced.
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