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Perception of insecurity in municipalities in
Mexico: A small area estimation approach
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Abstract. In this paper, the percentage of the population aged 18 years and over with perception of insecurity during March and
April 2021 is estimated for each municipality in Mexico using small area estimation techniques. Two methods are considered: the
Empirical Best Linear Unbiased Predictor (EBLUP) and the Spatial Empirical Best Linear Unbiased Predictor (SEBLUP), both
based on the Fay-Herriot area-level model. The National Survey of Victimization and Perception of Public Safety 2021 (ENVIPE
2021, for its acronym in Spanish) is the base survey from which the variable object of estimation is obtained; the auxiliary variables
that allow to establish the considered models are obtained from other information sources, such as the population and housing
census and administrative records. The results are adjusted to satisfy the benchmarking property and are contrasted with direct
estimates given by the same survey, ENVIPE 2021, to compare their reliability level.
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1. Introduction

A growing concern in both local governments and
societies is to understand the general situation that ex-
ists in their environment in terms of insecurity and, to
address this information need, the National Statistical
Offices develop surveys on criminal victimization and
the perception of insecurity that support the design of
public policies and the knowledge of the national scene
on these issues. In Mexico, the National Survey of Vic-
timization and Perception of Public Safety (ENVIPE,
Encuesta Nacional de Victimización y Percepción sobre
la Seguridad Pública) [1] is an annual survey conducted
by the National Subsystem of Information on Govern-
ment, Public Safety and Law Enforcement (SNIGSPIJ,
Subsistema Nacional de Información de Gobierno, Se-
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guridad Pública e Impartición de Justicia) coordinated
by the National Institute of Statistics and Geography
(INEGI, Instituto Nacional de Estadística y Geografía).
This survey is aimed to collect information that allows
the estimation of victimization and public safety levels
in the place of residence at both national and state levels
among people 18 years of age and over who perma-
nently reside in private homes [2]. The perception of
insecurity is a paramount element in the study of crime,
it measures the number of people who experience fear
of being a victim of a crime; it is an important measure
in decision-making involving public safety policies that
allow the design, monitoring and evaluation of these
programs since this fear arises from loss of control sit-
uations, social cohesion, political carelessness and dis-
trust in the local police system, generating mistrust in
authorities and inhibiting citizen participation as a com-
plainant or witness, increasing the black figure [3]. As
a result of the aforementioned facts, local governments
have increased their demand for reliable and official
information at local levels, such as the municipal level.
This disaggregation level is not considered in the survey
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design, which implies that in some municipalities the
sample is null, or insufficient to provide estimates with
acceptable coefficients of variation according to the re-
liability criteria considered by the INEGI. This, coupled
with the lack of other information sources that satisfy
this demand, leads to the implementation of methods to
obtain this reliable information in such a way that the
planned costs and resources are not altered, as would
happen if the sample were expanded or another survey
were designed. An approach to address these conditions
are the Small Area Estimation (SAE) techniques, they
have proven to be an important tool in the production
of official statistics [4] on several social issues. This is
reflected in the range of applications that can be found
on poverty, labor, health and more [5–11]. The use of
SAE techniques has increased in public security issues
as these can provide essential official information on
the effects and crime perceptions, Buil-Gil, Medina and
Shlomo in [12] analyze the dark figure at local and
neighborhood levels in England and Wales; Buelens
and Benschop in [13] estimate violent crime incidence
at regional level in Netherlands; D’Alò, Di Consiglio
and Corazziari estimate violence rate against women
at regional level in Italy in [14]; Fay, Planty and Diallo
in [15] estimate rates of different crimes in US states;
among others. This work widens these study cases; here
the perception of insecurity estimates in each Mexican
municipality were obtained using SAE techniques, in
order to have reliable estimates at this disaggregation
level.

A municipality is defined as the political and admin-
istrative territorial division of a state; to obtain the es-
timates, 2,469 municipalities registered in the Census
of Population and Housing 2020 (CPV 2020, Censo de
Población y Vivienda 2020) were considered, of which
1,347 did not have a sample in ENVIPE 2021. The es-
timates were obtained using SAE techniques applying
the Empirical Best Linear Unbiased Predictor and the
Spatial Empirical Best Linear Unbiased Predictor, both
based on the Fay-Herriot area-level model. The pro-
portion of the population aged 18 and older who feel
unsafe in their municipality of residence is considered
to be the target variable and all the required direct es-
timates of this variable were obtained from ENVIPE
2021. Female population, employed population, popu-
lation density and criminal incidence were considered
as auxiliary variables. These variables were obtained
from CPV 2020 and administrative records. Using the
established models, figures were obtained and adjusted
by an Iterative Proportional Fitting (IPF) to satisfy the
benchmarking property and obtain consistent results

with the data given by ENVIPE 2021 at the state level.
Finally, the reliability levels of the results were com-
pared with the results obtained from the same survey
and with data obtained from the National Survey of
Urban Public Safety (ENSU, Encuesta Nacional de Se-
guridad Pública Urbana), which is designed to provide
quarterly estimates of perceived insecurity in certain
Mexican cities considered to be of interest.

2. Small area estimation

Small Area Estimation is a set of statistical tech-
niques used to generate estimates of subpopulation pa-
rameters using sample data obtained through a survey
that did not consider those subpopulations in its sample
design, such is the case of ENVIPE 2021 where mu-
nicipalities are considered small areas, since the sur-
vey is not designed to obtain estimates for these. SAE
methods are divided into two types: direct and indirect
methods; direct methods only use available informa-
tion in the survey related or pertaining to each area,
whereas indirect methods use information related to
other areas assuming some degree of homogeneity be-
tween them [16]. A particular class of indirect meth-
ods consists of model-based estimators which incor-
porate heterogeneity not explained by the considered
auxiliary information. Owing to the available informa-
tion, in this work two area-level estimators based on the
Fay-Herriot model were considered: the Empirical Best
Linear Unbiased Predictor and, its spatial version, the
Spatial Empirical Best Linear Unbiased Predictor.

The Fay-Herriot model is a linear mixed model which
incorporates area-specific random effects in addition
to the fixed effects given by the auxiliary variables.
The first element is the sampling model which relates,
for each area d, the direct estimator δ̂DIR

d to the true
parameter value δd and sampling error ed as follows:

δ̂DIR
d = δd + ed, d = 1, . . . , D, (1)

and the second element is the linking model which
relates the parameter of interest to area-level auxiliary
variables xd,

δd = x′dβ + ud, d = 1, . . . , D, (2)

with ed ∼ind (0, ψd) and ud ∼iid (0, σ2
u). As stated in

[16], the substitution of Eq. (2) into Eq. (1) gives rise
to the Fay-Herriot model and the corresponding Best
Linear Unbiased Predictor (BLUP) is given by

δ̃FH
d = x′dβ̃ + ũd, (3)
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where ũd = γd(δ̂DIR
d − x′dβ̃) and β̃ = (

∑D
d=1 γd

xdx
′
d)−1

∑D
d=1 γdxdδ̂

DIR
d , with γd = σ2

u/(σ
2
u + ψd).

Since the variance σ2
u is unknown, it must be replaced

by an estimator σ̂2
u and thus giving rise to the Empirical

BLUP (EBLUP):

δ̂FH
d = γ̂dδ̂

DIR
d + (1 − γ̂d)x′dβ̂. (4)

It can be seen from this expression that the EBLUP
is a convex linear combination of the direct estimator
δ̂DIR
d and the synthetic regression estimator x′dβ̂. An

unbiased estimator of the mean squared error of the
EBLUP is given in [17,18].

To obtain a spatial version of the EBLUP, the same
sampling model is considered, however the addition
of spatially correlated area random effects in the link-
ing model are taken into account. The vector u =
(u1, u2, . . . , uD) is considered as a spatial autoregres-
sive model u = ρWu + v with parameter ρ and row
standardized proximity matrixW or, if (ID − ρW ) is
assumed non-singular,

u = (ID − ρW )−1v, (5)

where u has zero mean and covariance matrix

G(ω) = σ2
v [(ID − ρW )T (ID − ρW )]−1, (6)

with ω = (σ2
v , ρ)T . If, as before, the sampling and link-

ing models are combined, the BLUP is obtained and
a consistent estimator ω̂ = (σ̂2

v , ρ̂)T of ω is consid-
ered, then the Spatial Empirical Best Linear Unbiased
Predictor (SEBLUP) is obtained and is given by

δ̂SFH(ω̂)= γ̂(ω̂)δ̂DIR + (1 − γ̂(ω̂))Xβ̂(ω̂), (7)

with γ̂(ω̂) = G(ω̂)V −1(ω̂), β̂(ω̂) = (XTV −1(ω̂)
X)−1XTV −1(ω̂)δ̂DIR andV (ω̂) = G(ω̂)+diag(ψ1,
. . . , ψD). As in the previous case, the SEBLUP can be
seen as a linear combination of a direct estimator and a
synthetic regression estimator. Analytical expressions
for the mean squared error estimator can be found in
[19].

3. Methodology

In order to have the required data for the execution of
EBLUP and SEBLUP, some processes were carried out
to obtain the direct estimates, to model the sampling
variance, and to set the auxiliary variables.

3.1. Direct estimates

To adjust the considered models, it is necessary to
know the direct estimates of the proportion of the pop-

ulation aged 18 years and over that feels insecure in
their municipality of residence. These estimates are ob-
tained for the 1,122 municipalities that had a sample in
ENVIPE 2021 considering the same primary sampling
units (PSUs) and the same strata. A factor adjustment is
implemented to expand the sampled population aged 18
years and over to the corresponding population given
by the population census CPV 2020 [20]: the original
expansion factor for the selected element i in the munic-
ipality k, FAC_SELki, is multiplied by the proportion
of the total population aged 18 years and over in the
municipality k provided by CPV 2020 and the corre-
sponding estimated population by the survey, NCPV2020

and N̂ENVIPE respectively.

FAC_SEL_adjustki = FAC_SELki
NCPV2020

N̂ENVIPE
. (8)

Using this adjustment, direct estimates of the variable
of interest for each municipality that had a sample,
along with their variances, errors and coefficients of
variation are obtained. This information is also used to
validate the resulting estimates

The criteria considered by the INEGI to interpret
the reliability of the data are in terms of the following
acceptance limits [2]: if the coefficient of variation is
between 0% and 15%, the data is considered to have a
high degree of reliability; if the coefficient of variation
is higher than or equal to 15% and less than 30%, the
data is considered to have a tolerable degree of relia-
bility; and if the coefficient of variation is higher than
or equal to 30%, the data must be greeted with cer-
tain reservations due to its low reliability. In this way,
direct estimates result in 520 municipalities that have
estimates with high degree of reliability, 107 with a
tolerable degree of reliability and 27 with low reliability

3.2. Sampling variance modeling

Within the set of 1,122 municipalities that had a sam-
ple in ENVIPE 2021, there are 468 with a single PSU,
therefore in these municipalities it would not be possi-
ble to calculate the sampling variance, and this could
interfere with the efficiency and precision of the es-
timates obtained through the models. To avoid this, a
common practice in SAE is to implement a sampling
variance modeling [17,21]. The considered model is
the one proposed by You and Hidiroglou [22] which
performs a logarithmic linear regression on the variance
of the direct estimator ψd of the municipalities with
more than one PSU and their sample size nd,

log(ψd)=η0+η1log(nd)+εd d = 1 . . .m, (9)
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where εd ∼ N(0,Ψ2
0), η0, η1 are the ordinary least

squares coefficients, and m is the number of munici-
palities that have a sample. Then, an estimator of ψd is
given by

ψ̂d = exp(η̂0 + η̂1 log(nd)) exp

(
Ψ̂2

0

2

)
(10)

d = 1 . . .m,

where η̂0, η̂1 are the estimators of the ordinary least
squares coefficients and Ψ̂2

0 is the residual variance
estimator of the linear model. It should be noted that
municipalities where the variance of the direct estima-
tor is used, an extra term must be considered in the
expression of the MSE estimation of the EBLUP and
SEBLUP [23].

3.3. Auxiliary variables

A thorough research was carried out in different ad-
ministrative records from government agencies with the
goal of having a set of potential auxiliary variables, and
initially 13 of them were considered which are listed
below:

– Proportion of female population aged 18 years and
over (FP).

– Proportion of male population aged 18 years and
over (MP).

– Proportion of employed population aged 12 years
and over (EMP).

– Proportion of population aged 60 years and over
(OAP).

– Proportion of the population aged 18 years and
over with post-basic education (PBE).

– Proportion of population aged 15 years and over
that migrated due to crime or insecurity (MIP).

– Population density (PD).
– Crime incidence in 2020 and the first quarter of

2021 (CINC).
– Criminal incidence in 2020 (CINC_20).
– Marginalization index (MI).
– Gini coefficient (GC).
– Proportion of population aged 18 years and over

living in the urban area (UAP).
– Proportion of population aged 18 years and over

living in the rural area (RAP).
Since the data of the variable corresponding to the

Gini coefficient is not available for all the municipali-
ties, it was discarded. Is also observed that the FP-MP,
UAP-RAP and CINC-CINC_20 variables have a perfect
correlation (Pearson coefficient = −1, −1, 1 respec-

tively), which means that these variables are linearly
dependent, a fact that directly affects the assumption of
low multicollinearity [24,25], therefore, without loss of
generality, one of the two from each pair can be ruled
out, we decided to work with FP, UAP and CINC to
carry out subsequent tests. To obtain a statistically ade-
quate estimate [26], it is necessary to modify two of the
variables as follows:

TPD = log

(
PD
σPD

)
, (11)

TCINC =
CINC − (µCINC)

(σCINC)
, (12)

where µ and σ are the mean and standard deviation,
respectively. Subsequently, the procedure of all pos-
sible subsets is applied using the olsrr library from
R [27], this model selection approach allows to iden-
tify the subset of predictor variables that best fit well
defined criteria [28,29], such as the largest adjusted R
squared (R2

adj) value, the minimum of Mallows coeffi-
cient (Cp) or information criteria like the Akaike and
the Bayesian Information Criteria (AIC, BIC). The re-
sults suggested as the best model the corresponding to
four variables: FP, EMP, TPD and TCINC, under the as-
sumption of minimizing the Cp and AIC and maximiz-
ing the R2

adj. The rest of the variables were not consid-
ered as they were not suggested by the best model algo-
rithm. Therefore, the final auxiliary variables selected
were FP, EMP, TPD, obtained from the CPV 2020;
and TCINC obtained from administrative records of the
Executive Secretariat of the National Public Security
System (SESNSP, Secretariado Ejecutivo del Sistema
Nacional de Seguridad Pública) [30].

4. Model construction

All the 1,122 municipalities that had a sample in
ENVIPE 2021 were taken as an input to obtain a first
EBLUP under the Fay-Herriot model using the eblupFH
function in the sae library from R [31]. Outliers were
detected by calculating the robust Mahalanobis dis-
tances [32,33] of the residuals and the random effects
of the model. Graphical and maximum likelihood fit-
ting tests for different probability distributions [34]
were conducted with the obtained distribution of the
robust distances; these tests were made with the nor-
mal, gamma, Pareto, Cauchy, chi-square, Student t, log-
normal and Weibull distributions. The Weibull distri-
bution was selected and then, applying the resulting
coefficients, the probability values (p-values) of the ro-
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Fig. 1. Frequency distribution and normal Q-Q plots of the residuals and random effects of the 449 selected municipalities obtained by EBLUP.

Fig. 2. Frequency distribution and normal Q-Q plots of the residuals and random effects of the 449 selected municipalities obtained by SEBLUP.

bust Mahalanobis distances for each municipality were
obtained. To detect atypical municipalities, filters by
p-value taking upper and lower limits were tested.

The results were assessed verifying the statistical as-
sumptions that the model must comply with. For the
assumption of normality of residuals and random ef-
fects, their histograms and Q-Q plots were inspected
graphically, and the analytical tests of Shapiro-Wilks,
Kolmogorov-Smirnov, and Jarque-Bera were imple-
mented. To verify the assumption of homoscedasticity
of the residuals, Breusch-Pagan, Harrison-McCabe and
Goldfeld-Quandt tests were considered; for the tests of

normality and homoscedasticity, it is expected to obtain
p-values greater than 0.05, which show that the null
hypothesis of normality and homoscedasticity cannot
be rejected. To measure the degree of multicollinearity,
the condition index (CI) of the matrix of final auxil-
iary variables is calculated, CI values less than 30 are
considered a proof of moderate multicollinearity [35],
which guarantees an efficient estimation of the adjust-
ment parameters of the EBLUP under the Fay-Herriot
model [24]. Moreover, the scatter plots obtained from
estimations against residuals were analyzed. When con-
sidering an upper limit given by the 0.40 quantile of the
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Table 1
Verification of the statistical assumptions of the models

Test EBLUP SEBLUP
Normality Shaphiro-Wilks 0.008 0.016
Residuals p-value Kolmogorov-Smirnov 0.042 0.010

Jarque-Bera 0.248 0.273
Normality Shaphiro-Wilks 0.016 0.033
Random effects p-value Kolmogorov-Smirnov 0.315 0.111

Jarque-Bera 0.181 0.217
Homoscedasticity Breusch-Pagan 0.021 0.213
Residuals p-value Harrison-McCabe 0.155 0.118

Goldfeld-Quandt 0.150 0.109
Multicollinearity CI 11.099
Condition index
Spatial correlation Moran’s index 0.272

(p-value = 2.2E–16)

Table 2
Descriptive statistics of the estimates and CV of direct estimation, EBLUP and SEBLUP

Direct estimation EBLUP SEBLUP
Descriptive statistics Estimate CV Estimate CV Estimate CV
Minimum 16.4 0.1 10.2 0.1 10.8 0.1
Lower quartile 45.4 4.1 39.6 7.8 39.7 5.8
Median 62.0 7.8 50.1 9.7 50.8 7.1
Mean 60.3 10.4 50.8 9.9 51.0 7.3
Upper quartile 75.1 13.5 60.5 11.9 61.1 8.5
Maximum 98.5 63.9 97.7 52.7 96.8 36.8

Fig. 3. Residuals against fitted values.

distribution of the p-values, a group of 449 municipal-
ities meets the theoretical assumptions of the model.
Using the eblupFH and mseFH functions, the results
for this set of selected municipalities were obtained
and the graphical tests of the assumptions are shown in
Figs 1 and 3a, while the results of the analytical tests
are shown in Table 1, where it can be seen that for the
tests of normality and homoscedasticity there is at least
one with a p-value greater than 0.05 and the CI is less
than 30.

It is possible to conclude that these same 449 mu-

nicipalities also meet the assumptions of the spatially
correlated linear mixed model, in addition, a positive
spatial correlation is observed between them, obtained
through the Moran’s index, which indicates that the
perception of insecurity through these municipalities is
not a random phenomenon but tends to cluster spatially.
The corresponding graphical and analytical tests are
presented in Figs 2 and 3b, and in Table 1, respectively.

Once the estimation in the 449 selected municipal-
ities has been carried out, there are still 673 munici-
palities that had a sample and with atypical values, and
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Table 3
Municipalities according to the reliability level of the estimates

Direct estimation EBLUP SEBLUP
High reliability (0% 6 CV < 15%) 520 2276 2439
Tolerable reliability (15% 6 CV < 30%) 107 192 29
Low reliability (CV > 30%) 27 1 1

1,347 that did not have a sample. In the case of EBLUP,
to provide an estimate in the set of 673 municipalities, it
can be assumed that the variance of the random effects,
σ̂2
u, represents all sampled areas. In this way, γ̂d can

be built using σ̂2
u and the sampling variances ψd, only

substituting them by their smoothed values ψ̂d in the
municipalities with a single PSU. Thus, using EBLUP
expression as a linear combination of a direct and a syn-
thetic estimator, Eq. (4), an estimate can be provided for
these 673 non-selected municipalities. The correspond-
ing mean squared error estimator is obtained through
the Prasad-Rao approximation and employing the vari-
ances σ̂2

u and ψd. In the case of the 1,347 municipali-
ties that did not have a sample, the synthetic regression
estimator and its mean squared error are used, as de-
scribed in [17]. After that, the values of the perception
of insecurity and its mean squared error are obtained
for all the 2,469 municipalities in Mexico registered in
2020.

Now, for SEBLUP, the proximity matrix W must
be constructed first. To that end, the coordinates of
each municipality center are extracted with the help
of the shape files. Then, the Lambert conformal conic
projection for Mexico ITRF2008 is applied to find the
Euclidean distances between each municipality center
and its K nearest neighbors and, finally, the resulting
matrix is row-standardized through the reciprocal of
these distances. This is achieved in order to assign more
weight to municipality centers that are closer and to
fulfill the requirement that the sum of every row be
equal to one.

The proximity matrix is built using the national mean,
median and mode (k = 6, 6, 5 respectively) of the num-
ber of neighboring municipalities by polygonal contigu-
ity. With each of these matrices, SEBLUP is computed
for the 449 selected municipalities using the function
eblupSFH in the sae library. Then, taking as criteria to
minimize the AIC and maximize the Moran’s index [36]
it is determined to work with k = 5. To provide an
estimation in the 673 non-selected municipalities, it can
be assumed, once again, that the variance of the random
effects of the 449 selected municipalities represents all
sampled areas. Furthermore, since the spatial correla-
tion is not examined in the set of 673 municipalities
due to their outlier values, a result can still be provided

through EBLUP formula Eq. (4) and, accordingly, the
sampling variance ψd is substituted by its smoothed
value ψ̂d only for the municipalities with a single PSU.
In the remaining 1,347 municipalities that did not have a
sample, the synthetic regression estimator and its mean
squared error are used.

Finally, it must be noted that EBLUP and SEBLUP
estimators do not comply with the benchmarking prop-
erty. In this case, benchmarking requires that the total
sum of people aged 18 years and older who feel inse-
cure in all the municipalities of each state, add up to
the state total provided by ENVIPE 2021. To guarantee
this, EBLUP and SEBLUP estimated totals are adjusted
by performing the IPF. The resulting percentages are
shown in the next section.

5. Results

The results from EBLUP and SEBLUP were first
compared with the direct estimates obtained from EN-
VIPE 2021. In Table 2 some descriptive statistics of es-
timations and coefficients of variation are presented; an
improvement can be observed in the coefficients of vari-
ation of model-based estimates, especially in those ob-
tained by SEBLUP. Table 3 shows how the municipali-
ties are distributed according to the reliability level. Ini-
tially the direct estimation provides 520 municipalities
with high reliability level estimates, and with EBLUP
and SEBLUP this number increases to 2,276 and 2,439,
respectively; in addition, EBLUP and SEBLUP esti-
mates for all 2,469 municipalities are obtained, unlike
direct estimates.

Now, a comparison is made between the model-based
estimates and the estimates of the perception of inse-
curity provided by ENSU-I 2021. ENSU is a survey
conducted quarterly with the purpose of obtaining rele-
vant information to generate estimates with representa-
tiveness at an urban national level on the public’s per-
ception of public safety in their city, considering only
urban areas of 84 municipalities of interest [37]. This
survey is independent of ENVIPE 2021 and has a dif-
ferent geographic coverage since ENSU emphasizes
the urban reality as the main source of victimization
cases. Figure 4a shows the absolute differences between
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Fig. 4. Distribution of absolute differences between: (a) the estimates of EBLUP and ENSU I-2021, and (b) the estimates of SEBLUP and ENSU
I-2021.

Fig. 5. Perception of insecurity as given by SEBLUP.

the 84 estimates of EBLUP and ENSU. It can be ap-
preciated that 72.62% of the differences are between
0% and 10%, while the remaining 27.38% are greater
than 10%, with a maximum difference of 28.71%. On
the other hand, Fig. 4b shows the comparison between
SEBLUP and ENSU. In this case, 64.29% of the abso-
lute differences are between 0% and 10%, whereas the
other 35.71% exceed 10%, with a maximum difference
of 32.00%. Despite ENSU was designed to give esti-

mates only at urban areas of municipalities, a certain
agreement with the model-based estimates can still be
observed.

The map of the perception of insecurity resulting
from the SEBLUP is shown in Fig. 5. In a large part
of the country there is a moderate to high perception
of insecurity, furthermore, a high perception of inse-
curity can be observed in the northern municipalities
of Baja California and northwestern Sonora as well as
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several other municipalities in the center of the country
belonging to Zacatecas, San Luis Potosí, and Guana-
juato. Likewise, in the densely populated areas of the
Valley of Mexico, Puebla, Tlaxcala, and Morelos there
are also municipalities with high perception of insecu-
rity, as well as in the southeastern part of the country,
for example Tabasco.

6. Conclusions

Using two SAE estimators, EBLUP and SEBLUP
based on Fay Herriot area-level models, the percentage
of the population aged 18 years and older who felt un-
safe during March and April 2021 was estimated for
the 2,469 municipalities in Mexico registered in the
population census CPV 2020. The results and their reli-
ability level, in both cases, were compared with those
obtained from ENVIPE 2021 concluding that EBLUP
and SEBLUP provide estimates with higher levels of
reliability. As a result, the methods employed produce
acceptable results. Overall, the results presented here
suggest that SEBLUP is the most appropriate tool for
producing high-reliability estimates relative to EBLUP.

Within the framework of the models considered, this
work contributes to the identification and analysis of
possible patterns of the perception of insecurity based
on population characteristics at the municipal level.
The obtained results are complementary to the surveys
on victimization and public safety in Mexico and can
contribute to the monitoring and design of local public
policies.
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