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DATA
With information concerning 91,875 georeferenced blocks in the city of Lima obtained
from the 2007 Population and Housing Census of Peru, 11 indicators of social vulnerability have
been built by the authors, for each of the blocks of the city that have more than 15 inhabitants and
that have more than 100 square meters, which in total corresponds to 71,139 blocks.
On the other hand, there is another database where the average income per household at the
block level has been imputed using information from household surveys for year 2007, but 1,730 of
them have zero income and therefore have been excluded. Therefore, the total available blocks with
complete information are 69,409.

MODEL
The model to be estimated in this paper seeks to identify which of the social vulnerability
indicators has the greatest impact on household income, but at the same time to take into account
the spatial contiguity of the data and to correct the spatial heteroscedasticity in the term of
disturbance. The theoretical model is as follows:
Y=Xβ+λWy+u
u=ρMu+ε
E(X’u) = 0
ε i.i.d. N(0, σ)
Where Y is the income, X is the vulnerability indexes, W is the spatial contiguity matrix,
and M is the spatial auto-correlation matrix. Elements of matrices W and M are made with the
distance in meters between observations. Greek letters are parameters to be estimated.

ANALYSIS
The computation program used for the previously described specification is Stata, which
has as intrinsic limitation that the square matrices attain a maximum dimension of 11,000.
Therefore, it is necessary to reduce the information of 69,409 blocks to a smaller number of
analytical units that allow the W and M matrices to be constructed.
Taking as an area of analysis the accumulated of the 69,409 blocks of the city of Lima, with
the program ARCgis we proceeded to create two grids, one of 700 meters by 700 meters and
another one of 400 meters by 400 meters, where each of them was awarded the average of the
values of the income and the vulnerability indexes of the blocks they covered.
In the first case 2,362 cells were obtained and in the second case 6,307 cells. Images of 5
income quintiles of these cells are found in Annex 1 and Annex 2 respectively, being pertinent to
note that larger cells tend to dilute differences that smaller cells reveal.
The conventional econometric model (equivalent to λ and ρ equal to zero) does not take
into account the spatial location of the observations to be analyzed, because in the vast majority of

cases it was not available. On the other hand, in cases where uncorrected spatial heteroscedasticity
existed, a bias was generated that gave relevance to variables that in fact did not have it due to the
underestimation of the variance of the perturbations.
As indicated above, the variable to be explained is the average income of households in the
city of Lima in 700x700 cells and 400x400 cells. In the following chart we have the descriptive
characteristics for both cases.
Household Income (700x700 cells)

Household Income (400x400 cells)

As can be seen, for the 400x400 cells the average value and the standard deviation is higher
than in the case of 700x700 cells, because the average of blocks per cell is lower. While in the cells
of 400x400 cells the average is 21 blocks per cell, in the other case it is 49 blocks per cell. These
differences are also observed in the images in Annexes 1 and 2.

The independent variables, obtained from the information by blocks of the 2007 Census,
have been standardized between 0 and 1, in order to eliminate the effects of scale between the
different natures of the variables. These variables are:
1.
2.
3.
4.
5.
6.
7.
8.
9.
10.
11.

Soil floor (% of households)
No access to public drainage network (% of households)
Land tenure due to invasion / squatters (% of households)
Overcrowding – more than 3 persons per room (% of households)
Total number of children born alive
Household members older than 65 years of age (% of households)
Household members without elementary schooling (% of households)
Household members holding jobs in businesses with less than 10 persons (% of households)
Adult household members lacking national document of identity (% of households)
Household with members having a native tongue as first language (% of households)
Total number of household members

After analyzing the explanatory power of the 11 variables previously described with respect
to income (in fact, to the logarithm of income), it was found that the variables with the best
adjustment are overcrowding (SLUM_I), lack of schooling (BASIC_E), and the number of person
per household (M_H). The latter has a positive sign because it is evident that the greater the number
of people, the greater the collective income of the household; on the contrary, overcrowding and
lack of schooling have both an accordingly negative sign.
A detail to underscore is that the R2 is intrinsically higher in the 700x700 cells cells
because the number of elements of the average is greater than that of the 400x400 cells cells
(49:21). This has been already highlighted by Cochran in the 1960s, who indicated that the
averaged data reduce the variance of the original data. In our specific case, the ratio of the standard
deviations is 576: 615.
When comparing the estimated coefficients of the independent variables, it can also be
observed that there is no great difference between cells of 700x700 cells and cells of 400x400 cells.
OLS Income Logarithm (700x700 cells)

OLS Income Logarithm (400x400 cells)

When the same routine is carried out taking into account the spatial location of the
informants, there are substantive differences between estimates by Ordinary Least Squares (OLS)
and estimates by Maximum Likelihood (ML), at absolute value of the estimated coefficients, as
well as differences of estimated coefficients between 700x700 cells and 400x400 cells. When
comparing the logarithm of likelihood between OLS and ML, it is found that in ML it is five times
less than in OLS. The results are:
Spatial ML Income Logarithm (700x700 cells)

Spatial ML Income Logarithm (400x400 cells)

In the following table all the coefficients of the four previous regressions can be seen:
OLS
Cells
Household
overcrowding
Lack
of
schooling
Household
size
Intercept
Likelihood
logarithm

700x700
cells

400x400
cells

Spatial ML
700x700
400x400
cells
cells

-2.099383

-2.555403

-1.033099

-1.041058

-2.831216

-2.240231

-1.239203

-.5661883

12.13972

11.18741

10.37950

8.925908

5.928479

6.007641

5.367852

5.353559

-1260.9835

-3618.3816

-253.40335

-685.03308

CONCLUSIONS
A first conclusion obtained is the absolute value of the coefficients estimated with ML is
lower than coefficients estimated with OLS. This implies that the effectiveness of a policy to
provide better income to households through housing plans to reduce overcrowding and with better
primary education programs will have less impact when taking account on the spatial location of
households.
A second conclusion is coefficient of impact of the lack of education at the income level is
reduced by half when we go from estimating 700x700 cells to 400x400 cells. This is because the
variable BASIC_E is distributed normally for 700x700 cells whereas it is not distributed normally
in 400x400 cells, as can be seen in Annex 3.
A third conclusion is that it is convenient to specify that the reduction in the number of
observations to be analyzed, due to the limitations of the computer program, has severe
consequences when evaluating the impacts of the public policies to be executed.
Finally, a fourth conclusion from 11 variables analyzed as social vulnerability component,
only 2 variables are significant for the income level:
1. Household overcrowding
2. Lack of elementary schooling

Annex 1
Income by Quintile (Cells 700x700)
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Annex 2
Income by Quintile (Cells 400x400)
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Annex 3

Normal distribution test for Basic Education (BASIC_E) in 700x700 cells

Normal distribution test for Basic Education (BASIC_E) in 400x400 cells

Basic Education variable histogram
BASIC_E Histogram
700x700 cells

400x400 cells

