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Abstract. Labor figures for Mexico’s municipalities were estimated during 2018’s first quarter by using Small Area Estimation
(SAE) techniques with the incorporation of a spatial component – given there is no recent information source with such a level of
geographic disaggregation. To achieve this, combined information from different sources was used to build statistical models
in which the Economically Active Population, the Employed Population and the Informal Employed Population were taken as
variables object of estimation – this information was taken from the National Survey of Occupation and Employment (ENOE
for its acronym in Spanish). Auxiliary variables were selected from population censuses, administrative records, and population
projections. The results were contrasted with those calculated by applying the percentage structures of 2010 Population and
Housing Census to the figures provided by ENOE at a federal entity level, and with the data in this survey (obtained by direct
estimation for those municipalities which had a sufficient sample with acceptable coefficients of variation). It is observed that the
results obtained by Small Area Estimation are plausible and register coefficients of variation below 10 percent.

Keywords: Small Area Estimation (SAE), mixed linear model, Empirical Best Linear Unbiased Predictor (EBLUP), synthetic
estimator, variables to be estimated, auxiliary variables, spatial correlation

1. Introduction

Society’s growing demand to obtain satisfactory an-
swers to its information needs by the National Statis-
tical Offices (NSOs) has become a universal constant
over time. In Mexico, the National Institute of Statistics
and Geography (INEGI) found itself in need of car-
rying out several tasks aimed at finding new technical
and methodological options to strengthen the statistical
infrastructure with information that enables decision-
making on planning, designing and evaluating social
programs with the purpose of responding efficiently
and effectively to the growing demand for statistical in-
formation under requirements of timeliness, reliability
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and comparability, but with generally limited budgets,
which require a change in planned work patterns to be in
the position to afford the material and human resources
as well as project operations, and to respond to trends
in world dynamics involving continuous innovation in
forms and methods of recording reality [1].

Particularly, local governments require up-to-date
and disaggregated information for small geographic
levels with greater disaggregation than those consid-
ered in information generation projects through national
sampling surveys. Achieving reliable estimates for local
levels, allowing the generation of a descriptive analy-
sis and indicator baselines (by using surveys), requires
expanding the samples with their respective increase in
project costs – a situation that can hardly be afforded
by national statistical agencies. SAE techniques are an
alternative to approximate reality and satisfy the afore-
mentioned needs [1].
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Fig. 1. Ramification of the population aged 15 years and over. In this
paper the variables with circumflex are estimated.

1.1. Labor statistics in Mexico

ENOE is the main source of information on the Mex-
ican labor market; it offers monthly and quarterly data
on the labor force, such as occupation, labor informal-
ity, underemployment and unemployment. It is also the
largest continuous statistical project in the country, and
it provides national figures for each of the states and
some specific cities. In ENOE’s conceptual framework,
the population aged 15 and over branches out according
to Fig. 1, where:

P15+: Population aged 15 and over. Group of people
who at the time of the interview were 15 years old
or more.
EAP: Economically Active Population (estimated
by statistical model developed for this purpose). It
is made up of people aged 15 and over who had a
link with an economic activity or who sought it out
in the reference week, so they were either employed
or unemployed.
EMP: Employed Population (estimated by statisti-
cal model developed for this purpose). It includes
people aged 15 and over who carried out some sort
of economic activity for at least one hour in the ref-
erence week. It includes those employees who had a
job but did not perform it temporarily for some rea-
son without losing their employment relationship;
also, it includes those who helped in any economic
activity without receiving a salary or wage.
FOR: Formal Employed Population. They are peo-
ple aged 15 and over who, due to the context in
which they work, are capable of invoking the le-
gal or institutional framework that corresponds to
their economic insertion on their behalf, either as
an independent or subordinate worker.
INFOR: Informal Employed Population (estimated
by statistical model developed for this purpose).
They are people aged 15 and over who, due to the
context in which they work, cannot invoke the legal

or institutional framework that corresponds to their
economic insertion on their behalf; then, the entire
spectrum of occupational modalities will be occu-
pation or informal employment (either dependent
or independent) on which this circumstance grav-
itates. It groups all the forms of informal employ-
ment together: The informal sector, paid domestic
work for households, unprotected agricultural work
and subordinate workers who, despite working in
formal economic units, do it so in a manner which
does not include social security.
UNEMP: Unemployed Population. People aged 15
and over that, in the reference week, were look-
ing for a job because they were not linked to any
economic activity or work.
NEAP: Non-Economically Active Population. Peo-
ple aged 15 and over who only carried out non-
economic activities in the reference week and were
not looking for a job [2].

1.2. Small Area Estimation

Small areas are population subsets of a smaller size
than those considered in the original design of a prob-
ability sample survey; they can be geographic areas
or thematic domains that are not considered explic-
itly. Estimation techniques for small areas (SAE) are
relatively novel statistical tools that allow estimating
parameters without needing to develop any additional
survey just by using combined and integrated multiple-
purpose sources of information: surveys, censuses, ad-
ministrative records, and others [3–5].

The main methods for estimating the general param-
eters of small areas are: the Empirical Best Linear Un-
biased Predictor (EBLUP) based on the well-known
area level model of Fay-Herriot by Fay and Herriot [6];
the Elbers method [7], called the ELL method and used
by the World Bank; the empirical Best or Bayes (EB)
method by Molina and Rao [8]; and other variants of
the EB method to treat two-stage sampling or informa-
tive unit sampling, in Molina, Nandram, and Rao [9].
EBLUP is the method used in this research.

1.3. Data source

Currently, there is no data source which offers direct
results of labor figures in Mexico at the municipal level;
therefore, it has been chosen to use different combined
information sources and apply SAE techniques.

On the one hand, the variables to be estimated were
taken from the National Occupation and Employment
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Table 1
Variables to be estimated

EAP Employed Informal

Auxiliary
variable Description

Auxiliary
variable Description

Auxiliary
variable Description

Economic
dependency ratio

Population under 15 years
old and 65 years old and
over compared to the
population of 15 to 64 years
old

Economic
dependency ratio

Population under 15 years
old and 65 years old and
over compared to the
population of 15 to 64 years
old

Proportion of the
population aged
45 years old and
over

Population aged 45 years
old and over compared to
15 years old and over

Proportion of
male population

Population aged 15 to
44 years old compared to
the population aged 15 and
over

Proportion of
male population

Population aged 15 to
44 years old compared to
the population aged 15 and
over

Proportion of the
population
affiliated to
IMSS or ISSSTE

Population affiliated to
these institutions
compared to the
population aged 15 years
old and over

Proportion of the
population
affiliated to
IMSS or ISSSTE

Population affiliated to
these institutions compared
to the population aged
15 years old and over

Proportion of the
population
affiliated to
IMSS or ISSSTE

Population affiliated to
these institutions compared
to the population aged
15 years old and over

Proportion of
population
benefiting from
Seguro Popular

Population affiliated to this
program compared to the
population aged 15 years
old and over

Note. Variables object of estimation and their corresponding auxiliary variables. IMSS, ISSSTE and Seguro Popular are governmental organizations
that assist public health in Mexico.

Survey (ENOE); its statistical design guarantees ac-
curate results at the national level, for each federa-
tive entity and for other geographic levels higher than
those of the municipality. On the other hand, the 2010
Population and Housing Census, various administrative
records of social security, indicators, indices, surveys
and projections published from various public institu-
tions in Mexico, were used to obtain auxiliary variables.

2. Method

The method proposed in this paper responds to the
need for information on main labor characteristics:
EAP, Employed Population (Employed) and Informal
Employed Population (Informal) for all municipalities
in Mexico since ENOE only provides available esti-
mates of these characteristics at a national level, state,
and for some cities. The method’s process can be sum-
marized in the following steps:

1. Auxiliary variables
2. The small area model and the Mahalanobis dis-

tances
3. Probability distribution fitting
4. Spatial model generation
5. State value adjustments

2.1. Auxiliary variables

To estimate the variables of interest, it was necessary
to resort to other sources of information – which should
be consistent with the reference dates, the observation

unit and the ENOE’s analysis unit. The auxiliary vari-
ables, which are those that explain the variables being
estimated, were obtained through these sources.

Due to this, firstly, an analysis of international expe-
riences was carried out (this being under the premise of
investigating which auxiliary variables have been used
in similar exercises) [3,10–15]. Secondly, the searching
and processing of the sources was carried out in order to
have a set of auxiliary variables that allow a statistically
adequate estimation.

In this way, an initial set of 12 auxiliary variables was
considered – for which temporal and geographic refer-
ence adjustments were made to make them compatible
with the information of the variables under study pro-
vided by ENOE. The variables were subjected to statis-
tical analysis and tests to determine the final auxiliary
variables by using the Forward Stepwise Regression
method [16]. The auxiliary variables selected for their
predictive power are described in Table 1.

2.2. The small area model and Mahalanobis distances

The used predictor is derived from a mixed linear
model which involves fixed effects, random effects,
and random errors. In a first stage, it is assumed that
the variable of interest is obtained by direct estimation
θ̂Da (Eq. (1)), which represents the value obtained in
ENOE’s survey plus the random error due to sampling;
in this equation and its consequents, the subscript a
represents each municipality. In a second stage, it is
assumed that the variable of interest is linearly related
to a vector of auxiliary variables (Eq. (2)).
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θ̂(D)
a = θa + ea (1)

θa = xTa β + va (2)

The element xa indicates a vector of auxiliary vari-
ables and a = 1, 2, 3 . . .m where m is the total number
of municipalities.

The estimator xTa β̂
FH = θ̂Sa is known as the synthetic

estimator, which was also applied to obtain estimates
of labor figures when there is no ENOE sample in the
municipality, or because the municipality was excluded
as part of the model because it was considered to be an
extreme value.

The element va is known as the random effect.
By replacing Eq. (2) in Eq. (1), a linking model is ob-

tained and through this model, the BLUP (Best Linear
Unbiased Prediction) model is obtained Eq. (3).

θ̂BLUP
a = xTa β̂ + v̂a (3)

The values of β̂ (Eq. (4)) are obtained considering
that the variable of interest, as well as the auxiliary data,
are kept at a small area level (totals per area, averages
per area or percentages per area).

β̂FH =

[
m∑
a=1

xax
T
a

σ̂2
v + ψ̂a

]−1 [ m∑
a=1

xaθ̂
(D)
a

σ̂2
v + ψ̂a

]
(4)

An empirical predictor for Eq. (3) is the one pro-
vided by the EBLUP (Empirical Best Linear Unbiased
Predictor) – one of the most widely used predictors of
small areas.

The EBLUP estimator is a linear combination of the
direct estimator and the synthetic estimator (Eq. (5)).

θ̂(EB)
a = γ̂aθ̂

(D)
a + (1− γ̂a)θ̂

S
a (5)

In both components (direct estimator and synthetic
estimator) the gamma weighting is applied (Eq. (6)).

γ̂a =
σ̂2
υ

σ̂2
υ + ψ̂a

(6)

Where ψ̂a the variance of the survey is assumed to
be known and the variance of the random effects σ̂2

υ is
obtained by computational recursive methods [17,18].

In this way, the EBLUP model was applied to obtain
the predictions of the labor figures when there is an
ENOE sample in the municipality. The mathematical
formula of EBLUP’s empirical predictor expresses that
the estimates obtained under this model (the posteriori
information in terms of Bayesian Inference) are a mix
of what is observed from ENOE (the a priori informa-
tion in terms of Bayesian Inference) and the obtained
result from the synthetic model. The gamma weight-
ing (Eq. (6)) results from dividing the variance of the

random effects by the sum of the variance of the ran-
dom effects plus the observed variance of the direct
estimator of ENOE; therefore, if the variance of the
survey is small when compared with the variance of the
random effects, the gamma weight’s value will have a
value close to one, and consequently the estimation of
ENOE will have more weight in the EBLUP predictor;
on the contrary, if the variance of the survey is large
when compared with the variance of the random effects,
the gamma weight will have a value close to zero and,
therefore, the synthetic estimate will have more weight
in the EBLUP predictor. Check Section 6.1.2 of Rao
and Molina [19] as a reference on how to obtain the
variance of the random effects and its estimator.

In this part of the method, all municipalities that reg-
ister at least one sample unit of ENOE (1010 munic-
ipalities) were taken as an input. Thus, by obtaining
a first SAE model, both the residuals and the value
of the random effects were obtained for each of the
to-be-estimated variables.

It is worth mentioning that, in this part, routines were
developed to estimate the variance that was not possi-
ble to capture in the ENOE operation due to the fact
that the municipality had only one Primary Sampling
Unit (PSU); its estimation was made by fitting either a
curve or a straight line according to the behavior of the
municipalities that did have variance.

Once both the residuals and the value of the ran-
dom effects had been calculated for each of the to-be-
estimated variables the extreme points (outliers) were
detected by calculating the Mahalanobis distances for
each estimate. As the variables EAP and Employed
were correlated, the residuals and the value of the ran-
dom effects of each of the variables were combined to
calculate the Mahalanobis distances.

Meanwhile, for Informal the distances were obtained
exclusively by their residuals and their random effects.

Robust Mahalanobis distances were obtained by ap-
plying Rousseeuw’s Minimum Determinant of Covari-
ance method [20] included in the R package.

2.3. Probability distribution fitting

Once the Mahalanobis distances were calculated,
routines were developed to adjust these values to differ-
ent probability distribution functions. For each variable
object of estimation, 6 different functions were used:
Cauchy, Chi Square, Gamma, Weibull, Log Normal
and Student’s t distribution. The best distribution for
each of the to-be-estimated variables was selected on
the basis of the best graphic adjustment, on the values
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of the Bayesian and Akaike criteria, and on the appli-
ance of statistical tests for the goodness-of-fit. Once
the distribution function for each of these variables of
interest had been determined, probabilities for each
Mahalanobis distance were calculated. When proba-
bilities were obtained, they were ordered from lowest
to highest, and those records whose value is greater
than 0.10 and less than 0.25 were selected as candi-
dates for evaluation in the next stage of the method’s
process.

2.4. Spatial model generation

Beginning from Tobler’s first geographical law
(1970) “Everything is related to everything else, but
closer things more so”, a possible spatial autocorre-
lation was considered for the to-be-estimated vari-
ables [21]. Moran’s Index was used, and it was con-
cluded that the spatial distribution is far from being
merely random. Consequently, a spatial component was
included in the part that represents the random effects
of the EBLUP model (Eq. (7)), generating a new model
called SEBLUP.

υ = (Im − ρW )−1u (7)

In the above equation ρ is the spatial correlation co-
efficient; W is the matrix of the inverse of the distances
between the municipal capitals (W is the proximity
matrix and it contains the percentages of the inverse
of the distances between the municipal capitals); u is a
vector of error terms with zero mean and constant vari-
ance; Im, it is the m-row identity matrix. Equation (7)
implies that υ has a new variance component with a
variance-covariance matrix of the form of Eq. (8).

G(θ) = σ̂2
u[(Im − ρW )T (Im − ρW )]−1 (8)

By doing γ̂′a = zTmĜ(θ)z
T [zĜ(θ)zT + diag(ψ̂a)]−1

(where z are the elements of the random effect design
matrix, generally diagonal matrices, and zm is a vector
of size 1 ∗ m) we obtain the SEBLUP spatial model
Eq. (9) [19,22,23].

θ̂(SEB)
a = γ̂′aθ̂

(D)
a + (1− γ̂′a)θ̂

S′

a (9)

In order to build the W matrix, the Euclidean dis-
tances between the municipal capitals were measured
in linear kilometers. Note that only the municipali-
ties with a sample from which the model was con-
structed feature on the map (Fig. 2); later on, the re-
ciprocal of these distances was calculated. Finally, the
percentage that represents the reciprocal distance with
each of its neighbors was determined for each munic-

Fig. 2. Distances between municipal capitals.

ipality. The reciprocal was considered to give more
weight to the neighbors who are geographically closer
to the reference municipality than those who are further
away.

Matrix W of the proportions of the inverses from the
distances used in the SAE model is a non-symmetric
square matrix (figure in percentages which sum equals
to 100). A real example of these values for six neigh-
bors of each municipality of Aguascalientes state (who
were input for the model’s construction) is shown in Ta-
bles 2a and b, and Table 3; in Table 2a and b, the neigh-
boring municipalities that are part of Aguascalientes
state are presented, while in Table 3 the figures of the
neighboring municipalities that are not part of Aguas-
calientes state are shown.

The map of Aguascalientes state and its municipal di-
vision is shown below (Fig. 3) as a reference for neigh-
borhoods between municipalities.

In this part of the process, the selected records (ex-
plained in Section 2.3) and the number of neighbor-
hoods between neighboring or nearby municipalities –
which may even be in different states, were required
as an input. For each record, 4, 5 and up to 6 neigh-
bors were used since they represent the national mean,
mode and median of the geographic neighborhoods.
The largest sample size, the highest spatial correlation,
and compliance with the statistical assumptions were
considered to select the best model out of the hundreds
that were generated.

Once the best model had been selected by using the
library “sae” from R [24], we proceeded to calculate
the estimates of the municipalities that did not belong
within this construction by using the synthetic compo-
nent of the model for expected values and designing
routines in R to the calculation of the Mean Squared
Errors according to Section 6.2.2 of the “Small Area
Estimation” book, by Rao and Molina [19]. Information
from all the municipalities of the country was obtained
in this way.
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Table 2
a. Municipalities within the state of Aguascalientes that neighbor each other

Municipality
San Francisco
de los Romo

Rincón
de Romos

San José
de Gracia

Jesús
María Tepezalá Aguascalientes

Pabellón
de Arteaga

San Francisco de los Romo 12.58% 10.79% 14.27% 15.60% 14% 32.75%
Rincón de Romos 10.57% 12.88% 19.14% 16.25%
San José de Gracia 14.01% 19.91% 18.44% 19.67%
Jesús María 17.17% 11.11% 17.09% 20.99% 17.75%
Tepezalá 14.98% 21.87% 18.52%
Aguascalientes 19.84% 11.49% 24.73% 15.59%
Pabellón de Arteaga 28.76% 16.98% 13.30% 12.95% 16.95%
Calvillo 15.79% 19.24% 11.97%
Cosío 27.30% 9.19% 17.62% 10.84%

b. Municipalities within the state of Aguascalientes that neighbor each other
Calvillo Cosío

26.66%
14.09% 13.88%
15.90%

19.66%
11.65%

11.06%

Table 3
Municipalities outside of the state of Aguascalientes that neighbor the municipalities within the state of Aguascalientes

Municipality Cuauhtémoc Loreto Encarnación de Díaz Huanusco Tabasco Jalpa Ojocaliente
San Francisco de los Romo
Rincón de Romos 14.50%
San José de Gracia
Jesús María
Tepezalá 11.04% 13.93%
Aguascalientes 16.69%
Pabellón de Arteaga
Calvillo 19.19% 21.77% 12.04%
Cosío 22.47% 12.58%

Fig. 3. Municipalities of Aguascalientes state. Jalisco state and Zacatecas state are also depicted.
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Fig. 4. Frequency distribution graph and Q-Q plot. Through them, the normality of the random and residual effects for the Employed variable can
be observed.

2.5. State value adjustments

Mexico is divided into 32 states, and each of these
is subsequently divided into municipalities. Once the
estimates for all of Mexico’s municipalities have been
calculated, they are grouped according to the state to
which they belong to. This is done to adjust the sum
of estimates for each of the municipalities to the value
provided by ENOE at a state level. In this part of the
method process, the Iterative Proportional Adjustment
algorithm for two-dimensional tables is used [25].

3. Verification of assumptions

Through statistical and graphical tests, the following
assumptions of the generated model were verified:

1. Multicollinearity: The correlation between the
auxiliary variables is controlled.

2. Homoscedasticity: It is verified that the residuals
show variances’ equality.

3. Normality of random effects: It is verified that the
distribution of the random effects is normal.

4. Normality of residuals: It is verified that the dis-
tribution of the residuals is normal.

Indeed, in a visual manner for the Employed variable,
bar graphs and quantile-quantile graphs were obtained –
where it is observed that the random effects are approx-
imately distributed according to a normal distribution
(sections A and B of Fig. 4); the same happens with

Fig. 5. Homoscedasticity for the Employed variable.

the residuals (sections C and D of Fig. 4). In addition,
Fig. 5 shows the residuals’ dispersion through a graph
that shows homoscedasticity.

To corroborate what was observed in the previous
graphs, it was necessary to carry out the numerical tests
of assumptions. In Table 4a and b obtained result are
shown (W being the Shapiro-Wilk test, KS being the
Kolmogorov test and JB being the Jarque-Bera test).

4. Results

The obtained results by SAE were divided into 2
groups to make comparisons. The estimates of the mu-
nicipalities that had a sample in ENOE were located in
the first group with a coefficient of variation less than
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Table 4
a. Statistical tests of normality, homoscedasticity and multicollinearity

Estimation variable
Number of cases
(municipalities) Moran’s I [−1, 1] K neighbors Rho spatial correlation [−1.1]

Random effects
p-value (%)

W KS JB
EAP 760 0.207 6 0.69 30.9 23.2 41.8
Employed 760 0.195 4 0.68 1.2 2.2 16.1
Informal 796 0.308 4 0.811 90.5 43.2 77.8

b. Statistical tests of normality, homoscedasticity and multicollinearity
Residuals
p-value (%) Breusch Pagan homocedasticity p-value (%) Multicollinearity Kappa information index

W KS JB
53.8 10.9 84.4 43.8 39.3

7.76 0.8 46.2 57.7 39.3
20.4 38.4 19.7 10.0 23.2

Fig. 6. Total Employed 2018 SEBLUP contrasted against the direct estimate. Municipalities in which CV (ENOE) < 20%. CV means coefficient
of variation.

20%; in the second group were the estimates of the
municipalities that did not have a sample in the survey,
or if they did, their coefficient of variation was equal
to or greater than 20%. The estimates of the first group
were compared with the data obtained by direct esti-
mation through ENOE. In Fig. 6 the Employed vari-
able is compared for the first group. In contrast, the
estimates of the second group were compared with the
values calculated by applying the percentage structure
of the 2010 Population and Housing Census (EPORC
for its acronym in Spanish) to the figures at the fed-
eral entity level provided by ENOE. Figure 7 shows the
comparison for the Employed variable for the second
group. In Figs 6 and 7, the line at 45 degrees indicates
equality in both values; it is observed that the estimates
obtained by SEBLUP are close to both the estimates of

the first group and the estimates of the second group.
The equality of values is better appreciated in Fig. 6.

The confidence intervals of the estimates that were
classified within the first group were calculated, that
being the direct estimates obtained through ENOE; the
measurements obtained by SAE were analyzed accord-
ingly with these confidence intervals. Figure 8 shows
the location of SAE’s estimates accordingly with the
confidence intervals of the direct estimates. For scale
purposes, only the intervals for the municipalities whose
estimation is located in the central part (ordered from
lowest to highest according to the direct estimate) are
illustrated. Almost 94% of the measurements obtained
by SAE fall within the confidence intervals of the direct
estimates.
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Fig. 7. Total Employed 2018 SEBLUP contrasted against the EPORC estimate. Municipalities in which CV (ENOE) >= 20% and for those which
were not sampled.

Fig. 8. Employed Population. ENOE confidence intervals for municipalities with CV < 20% and SEBLUP ENOE estimates, first quarter of 2018.
Of the 111 municipalities with CV < 20% according to the direct estimate of ENOE, the corresponding confidence intervals contain 104 estimates
of SEBLUP, while seven were located outside the range. This graph, for scale reasons, only illustrates municipalities which population (ordered
from smallest to largest) is located in the central part.

Figure 9 compares the three estimates for the Em-
ployed variable in all municipalities of a particular fed-
eral entity: The direct estimate through ENOE, the es-
timate calculated by applying the percentage structure
of the 2010 Population and Housing Census (EPORC)

to the state level figures provided by ENOE, and the
estimate calculated by SAE. That so-called federative
entity was selected to exemplify our model because of
the low number of municipalities (in Mexico the num-
ber of municipalities per federal entity varies; while
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Fig. 9. Estimates of 2018 Employed Population for Aguascalientes’ municipalities.

Fig. 10. Cluster integration for the Employed variable.

there are entities with only 5 municipalities, there are
others with more than 200 municipalities). In the afore-
mentioned Fig. 9 it can be seen that the results for the
same municipality are very similar, so much so that the
points get overlapped.

Cluster analyses were performed. For the Employed
variable, 3 clusters were formed according to the per-
centage of Employed Population. Figure 10 shows the
3 formed clusters and the number of municipalities in
each of them.

The first group shows the behavior of 265 munici-
palities that register rates from 90.9% to 96.8% with
a median of 96.2%. In another group there are 1 203
municipalities with rates ranging from 98.5% to 99.9%,
with a median of 99.4%. And, in a third group there
are 903 municipalities with rates between 96.8% and
98.5%, and a median of 97.9%.

5. Conclusions

SEBLUP method was applied to calculate the esti-
mates in all the municipalities of Mexico during 2018’s
first quarter. The results were close to the direct esti-
mates obtained through ENOE itself (for the municipal-
ities that had a sample and which coefficient of variation
is less than 20%) and the obtained estimates by apply-
ing EPORC to the figures by state provided by ENOE
(for municipalities that did not have a sample in ENOE
or which coefficient of variation was equal to or greater
than 20%). These comparisons show that the used tech-
nique and predictor are acceptable for calculating the
to-be-estimated variables at municipal level.

The municipalities of the central-south region are
those that register the lowest values for the propor-
tions of EAP compared to the population aged 15 years



E.V. Orozco et al. / Labor figures for Mexico’s municipalities 639

old and over and of Employed Population compared
to EAP. Regarding the values’ precision estimated by
the model, it is clearly appreciated that the coeffi-
cients of variation decrease as the sample size increases,
and those obtained by SEBLUP are notably smaller
than those of the survey. It is important to empha-
size that ENOE was not designed to obtain figures
at municipal level, for this reason the CVs are high
and dispersed.

Information from different sources was used for the
described method; from it, statistical models that have
allowed calculating estimates for small areas of the
Economically Active Population, Employed Population
and Informal Employed Population were constructed.

The main source of information on labor figures in
Mexico provides data at national and state level, and for
some cities. However, municipal governments have an
imminent need for this type of information at local or
subnational levels.
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