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Abstract: Tourism statistics are key sources of information for economic
planners, tourism researchers and operators. Still, several cases of data
inadequacy and inaccuracy are reported in literature. The aim of this
paper is to describe Coarsened Exact Matching, a methodology useful to
improve tourism statistics. This method provides tourism statisticians
and authorities with a tool to improve the reliability of available sample
surveys. Data from a Chilean region are used to illustrate the method.
This study contributes to the realm of tourism statistics literature in that
it offers a new methodological approach to the creation of accurate and

adequate tourism data.
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1.INTRODUCTION

Tourism statistics are collected by national statistical offices and national
tourism organizations with the aim of assisting economists, public officials and
tourism operators in their decision making. Academic studies on tourism
statistics emphasize the importance of collecting accurate and reliable
statistics that can support tourism planning and forecasting (Aroca, Brida &
Volo, 2013; Burkart & Medlik, 1981; Lickorish, 1997; Massieu, 2001; Meis,
2001; Pine, 1992). Particularly, tourism statistics are needed by (a)
governments to evaluate dimensions and significance of tourism, (b)
destinations to predict tourism flows and manage tourism impacts; and (c)
industry’s decision-makers for strategic marketing purposes (Massieu, 2001;
Volo & Giambalvo, 2008; Wober, 2000). Therefore, the collection of tourism
statistics is a main concern for many tourism organisations at both national
and international level.

Issues of data reliability, the problem of respondent”s mobility, physical

difficulties in data collection and the variety of data users and needs have been



acknowledged in tourism research (Edwards, 1991; Hannigan, 1994; Latham
and Edwards, 2003; Parroco, Vaccina, De Cantis, & Ferrante, 2012; Ritchie,
1975). The recent effort undertaken by the United Nation World Tourism
Organization (1994, 1995, 1998, 2000) to harmonize and standardize the
collection of tourism data is certainly the most noteworthy action in the
direction of validity and comparability of tourism statistics across countries.
Nevertheless, in many countries inconsistencies in tourism statistics are still
quite frequent (Aroca et al., 2013; Guizzardi & Bernini, 2012; Volo &
Giambalvo, 2008).

Volume statistics, the most common of which being the measure of
tourists” arrivals, are usually the result of counting procedures either at a
entereing the destination or at accommodation establishments. In measuring
tourism, accommodation statistics are of particular relevance, but regrettably
these often underestimate true domestic and international mobility (Guizzardi
& Bernini, 2012; Latham & Edwards, 2003). In this study, a method to adjust
data inconsistencies is presented and its benefits are shown when applied to
accommodations” data. Thus, the aim of this paper is to introduce tourism
researchers to a methodology for reconstructing tourism databases using
sample weights built with the Coarsened Exact Matching and to show how to
successfully use them in order to overcome some methodological issues of

supply-side tourism statistics.



The organization of this paper is as follows. In the second section, an overview
of the inconsistencies and difficulties related to collection of accurate and valid
statistics is presented with attention to the issue of attrition and accretion
biases in data collection. Then, in section three the Coarsened Exact Matching
(CEM) is presented and its ability to compute more reliable sample weights is
discussed. A methodology to reconstruct a tourism database is proposed and
its application to tourism supply statistics is illustrated in section four, where
tourism statistical data from a Chilean region (Antofagasta) are used to test the
method. A comparison between the original data and those obtained after
computing the sample weights with the CEM algorithm is presented. The final
section offers a conclusive discussion about the significance of the method, its

benefits for policy makers and tourism statisticians.



2.TOURISM SUPPLY DATA: INCONSISTENCIES ISSUES

The relevance of defining and measuring tourism along with the issue of

comparability with other industries have been at the centre of the

scientific debate of those interested in tourism measurements and

benchmarking (Lickorish, 1997; Smith, 1988). Due to the temporal and

spatial nature of tourism, the collection of tourism statistics is

somewhat replete with methodological challenges and impediments.

Furthermore, the highly mobile nature of the sampled population -

tourists - makes it difficult to ensure probabilistic sampling procedures

(De Cantis & Ferrante, 2013; Latham & Edwards, 2003; Mendola & Milito,

2013). Consequently, several inconsistencies affect the creation or

selection of tourism-relevant data resulting in misleading statistics

(Volo & Giambalvo, 2008). Most of the issues documented arise from the

lack of, or variations in, operational definitions of methodologically

relevant constructs or from changes of the administrative sources of

data. Recent advancements have been made in the international

collection of tourism statistics and growing attention still pervades the

efforts of the national statistical offices as to ensure data availability,

accuracy and comparability.



The commonly used measures of tourists” movements and the related
variables of interests are: volume statistics, expenditures and tourists’
profiles. The two basic procedures to record international movements
comprise: data collection at international boarders and registration of
arrivals at the accommodation establishments. These procedures,
originally designed for purposes different than that of collecting tourism
flows data, are most commonly used as they reduce the burden on
respondents/tourists (Latham & Edwards, 2003; Shackeleford, 1980).
Indeed, it is common practice around the word to collect statistics on
tourism flows from the supply side, that is: statistical offices collect
information on tourism flows from accommodation establishments. Data
are then used to study variation of flows, estimate the relevance of
tourism in the country and forecast future patterns. Thus, the relevance
of collecting accurate data is paramount in order to make sound tourism
planning decisions.

Despite the national statistical offices” awareness of the importance of
data accuracy and consistency and their continuous effort towards new

approaches to data collection, in some countries unreported tourism is



witnessed (Aroca et al., 2013; Guizzardi & Bernini, 2012; Volo &

Giambalvo, 2008).

Some of the most common problems that tourism statisticians have to

face are those related to biases in data collection which might lead to

untrue representation of the studied phenomena. Particularly relevant in

social sciences are the sampling and selection biases, from which

tourism statistics and tourism studies are not exempted. Furthermore,

incomplete data often derive from a change of the population of

interest. Such changes may be due to the lack of initial inclusion or

incomplete follow-up, mortality or addition of new entities (Hofer &

Hoffman, 2010).

The loss of participants or entities over time due to transience,

dropouts, withdrawals and protocol deviations is known as attrition.

These selectivity problems are common in longitudinal, panel and multi-

wave studies, which as a result account for increasing nonresponses

throughout time, therefore threatening the studies” external and

internal validity (Frees, 2004), and in extreme cases, preventing

researchers and practitioners from a full and accurate use of the

datasets (Aroca et al., 2013). The existence of attrition in a database,



and particularly of an high attrition rate, may lead to an attrition bias.

However, it is worth noticing that the bias happens only when there is a

systematic difference in the outcome variables of interest between the

entities that remained in the sample and those that dropped out (McCoy

et al.,, 2009). Scientists in the fields of psychology, medicine and

epidemiology have recently started to assess the impact of attrition

biases with meta-analytical approaches (Tierney & Stewart, 2005), while

in management and economics the issue remains quite marginal and

therefore results and conclusions of many studies could be susceptible

to attrition biases.

The natural growth of the population often goes ignored during the

process of collecting data, this problem is defined as gross-growth of

the population, and it consists of ingrowth and accretion. The ingrowth

relates to newly “grown” entities that were not initially present in the

sampled population, while accretion refers to the “growth” of the

sampled entities. Biases related to these two types of growth can arise

when systematic differences occur in some of the outcome variables

under study. For their nature, accretion biases are frequently studied in

natural sciences and the threat they pose to studies” external validities



have also been acknowledged in longitudinal and panel studies in

applied social research (Tebes et al., 1996).

Attrition, in—-growth and accretion do occur in managerial statistics due

to the lack of systematic updating of enterprises” directories and often

they lead to biased results. Approaches to detect and correct these

biases have been used in past literature, but so far tourism researchers

have paid little attention to this matter.

The issue of incomplete tourism databases has been recently

investigated in the studies by Aroca et al. (2013) and by Fontana and

Pistone (2010). The latter describes a method used to complete the

official statistics data on Italian tourism flows focusing on the

imputation of missing values. Their proposed methodology removes the

effect of non-respondent accommodation establishments. The former

by Aroca et al. (2013), however, proposes a technique for correcting

attrition in tourism databases and corrected the misrepresented

population of accommodation establishments in Chile using sample

weights. The use of sample weights is effective to correct potential

biases that might result from the non-representativeness of the sample

(Boudreau & Yan, 2010), but other techniques are available and may



lead to better results in accounting for accretion, ingrowth and attrition

in databases. For instance some of the methods documented in medical

and psychological literature are: selection modelling with a probit model

for attrition and a regression model for the outcome, maximum

likelihood methods, and the use of multiple imputations for missing

data (McCoy et al.,, 2009; McGuigan et al., 1997; Schafer & Graham,

2002).

The present study seeks to provide tourism researchers with an

alternative methodology to assist in dealing with incomplete data of a

given database. The method herein proposed consists of a sequential

reconstruction of a tourism database with the calculation of sample

weight using the Coarsened Exact Matching (CEM). The next section

describes the CEM in detail, while the overall reconstruction of the

datasets and an application of CEM is provided in section four.

3. THE COARSENED EXACT MATCHING

Heitjan and Rubin (1991) refer to coarse data as a general type of

incomplete data that arise from observing not the exact value of the

data but a subset of the sample space. Their definition covers several

incomplete-data problems including rounded, heaped, censored and
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missing data (Kim and Hong, 2012). The Coarsened Exact Matching

(CEM) is a particular member of the matching methods known as

Monotonic Imbalance Bounding. Matching methods are useful tools for

applied researchers and have been in use since the 1950s (Stuart, 2010)

and they are used to appropriately select data when designing an

observational study. A crucial step in the design of a matching method

is that of defining the distance between the two individuals/entities

under study. Several approaches to distance measurement have been

implemented and while exact matching is ideal, in practice it is quite

difficult to achieve. Until recently the Mahalanobis matching, the

propensity score and the linear propensity score were extensively used.

There exists evidence that CEM is in many respects superior to other

common matching methods (for example the propensity score

matching) and lacus et al. (2011) offer some results that demonstrate

the potential of CEM over other matching methods in terms of inference.

Table 1 presents the main characteristics of two methods commonly

used to measure the distance between entities under study. Stuart

(2010) presents further details and comparisons on these methods.
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PLEASE INSERT TABLE 1 APPROXIMATELY HERE

CEM is a recent advance used to do exact matching on broad ranges of

variables and it exploits categories rather than continuous measures

(lacus et al. 2009; Stuart, 2010). This allows to overcome the common

problem of many individual/entities not being matched. CEM is widely

used in program evaluations where it is common to create control

groups, based on specific covariates, in order to estimate the effects of

the programs. Valid inference requires a method to randomly allocate

beneficiaries to intervention or control groups. When there is an

imbalance in background covariates between treated individuals and

non-exposed individuals, CEM is an extended method that aims to

correct this imbalance. As a member of the Monotonic Imbalance

Bounding methods, CEM implies that the balance between the group

that receives the treatment and the control group is chosen by the

researcher before the analysis, in contrast to other methods where the

balance is computed ex post and it is adjusted by re-estimations. The

12



detailed description of this methodology and the formal proofs of its

properties can be found in the work of lacus et al. (2011).

Given an observational database, CEM creates a matched subsample.

The methodology consists of two steps. First, a matched subsample is

created by the CEM procedure and then, the new subsample is used to

carry out the analysis. However, before the creation of the matched

subsample, CEM requires the specification of two sets of variables: the

treatment variables and the matching variables. The first set defines

whether or not an individual received the treatment specified in the

study. The second group includes those variables on which we want

treatment and control groups to be similar after the matching process.

Once the treatment and matching variables are defined, the first step of

CEM consists in coarsening each variable so that substantively

indistinguishable values are grouped and assigned the same numerical

value.

Let X= (X1, X2, . . ., Xk) denote a k-dimensional data set, where each

column Xj includes the observed values of pretreatment variable j for the

n sample observations. After recoding each variable, CEM creates

clusters, each one composed by the same coarsened values of X.

13



Let denote by “s” a generic cluster, by “Ts” the treated units in cluster “s”
and by “m3}” the number of treated units in cluster “s”. In the same way,
for the control units, “Cs” and “m{” are defined. Then, the number of
treated and control units are “mp=Ug,sm5” and “m¢ = Uggmg 7,
respectively.

Finally, CEM assigns the following weight to each matched unit

0,ieT?
S S
w; = {mrp; + mg;

S )
My

iecs

If a unit is unmatched, it receives a weight of zero.

Finally, by using the computed weights a representative sample is

created, and the main series are re-estimated. The description of the

implementation of the methodology in different statistical platforms can

be found in Population Services International (2011).
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4. RECONTRUCTION OF A TOURISM DATASET: THE CASE OF A CHILEAN

REGION

Tourism statistics in Chile

In order to illustrate the proposed method applied to tourism data,

sample survey statistics from a region in Chile were used. During the

last three decades, Chile presented a high economic performance that

was followed by a significant growth in its tourism sector. In 2010,

tourism contribution to the Gross Domestic Product (GDP) was 3.23%

and income from tourism (foreign exchange receipts) reached US$ 2,316

million (Servicio Nacional de Turismo, 2011). Moreover, the number of

international tourists doubled passing from 1.412 million in 2002 to

3.070 million in 2011 (INE, 2011). The tourism sample survey used is

that of the Antofagasta region (figure 1). This region, placed in the north

of Chile, is the second main destination of the country. It accounts for

15% of the total arrivals (national and international), whereas the region

of Santiago and its surroundings registers 26% of arrivals. However, in

terms of domestic tourism Antofagasta’s arrivals equate those of

Santiago (INE, 2008; INE, 2011).
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PLEASE INSERT FIGURE 1 APPROXIMATELY HERE

As Aroca et al. (2013) already noted, sample surveys collected in the

region of Antofagasta exhibit inconsistency, particularly those

measuring the number and the capacity of suppliers of

accommodations. There are several reasons for this. In Chile the Central

Bank’s Department of National Accounts, the National Statistical

Institute (INE) and Chilean Official Tourism Destination Organization

(SERNATUR) are all responsible, albeit at different level, of tourism data

collection. Particularly, the National Statistical Institute (INE) measures

supply and demand of tourism accommodation through the Monthly

Survey of Tourist Accommodation Facilities (named EMAT). However, the

database of facilities to be surveyed is prepared by INE and while, for its

nature and original objectives it is a sample, this database is then used

as a census of tourism enterprises. The main issue is that the database

is not regularly updated and does not take into account the natural life

cycle of firms with their attrition, ingrowth and accretion, creating

16



therefore a distortion in accommodation data collection and producing

unreliable tourism statistics on arrivals and overnight stays. As noticed

in Aroca et al. (2013) this misuse leads to a misrepresentation of

tourism activities, with consequences for policy-making decisions. As

an example, table two shows the difference between the two data

sources, SERNATUR and INE-EMAT, for the period 2003-2011 with

regard to the average number of suppliers of accommodation in

Antofagasta. The INE-EMAT series shows a somewhat flat trend with few

cyclical fluctuations. Whereas the series of SERNATUR shows an almost

continuous growth in the number of accommodations. The difference

lies in the accretion, ingrowth and attrition caused by the inability of

INE-EMAT to regularly update the directory. Additionally, it is worth

noticing that some accommodation suppliers are eliminated from the

databases due to compliance to privacy regulations.
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Application of the CEM to Chilean tourism data

Three tourism destinations in the region of Antofagasta (region Il of
Chile) have been considered for the purpose of this study. The region of
Antofagasta is made up of three provinces and a total of nine
communes (@ commune is the smallest administrative district of Chile).
Due to data availability, the three destinations used for the aim of this
study are an aggregate of eight communes and do not necessarily
overlap with the administrative structure of the provinces. However, as it
can be seen from figure one the chosen communes do have similar
geographical characteristics. The three destinations considered are:
- Antofagasta, which includes the municipalities of: Antofagasta,
Mejillones, Taltal and Tocopilla, all having a coastline,
- San Pedro de Atacama, the innermost region at the border with
Bolivia and Argentina, and
- Calama, which includes the municipalities of Calama, Ollagiie and
Maria Elena, located in the northern part of the region of
Antofagasta.
In the tourism databases of the region of Antofagasta inadvertent
omissions are present as some suppliers of newly created

18



accommodation or changes in their sizes have not been recorded in

time on existing registries (thus ignoring ingrowth and accretion of the

dataset) while others are incorrectly present because the date of

cessation of business activities is either not known or has not been

accurately recorded (thus ignoring the attrition).

Aroca et al. (2013) have already introduced a methodology to correct

tourism data distortions caused by attrition in non-random samples. In

their work, sample weights to overcome statistical inaccuracy were

created and applied to obtain valid estimates of population parameters.

However, the CEM “is faster, is easier to use and understand, requires

fewer assumptions, is more easily automated, and possesses more

attractive statistical properties for many applications than do existing

matching methods” (Blackwell, lacus, King & Porro, 2009, p.524) and will

be here applied and discussed.

The method herein used to correct the database (considering attrition,

ingrowth and accretion) consists of several sequential steps.

1) A census of all tourism accommodation in the studied

communes (Antofagasta, Calama and San Pedro de Atacama) was

19



performed in 2010, and the directories for each of the years in the

period 2003-2009 were reconstructed using the 2010 census data. That

is, business establishments that were proved to have existed in previous

years, were added to the respective directories;

2) The sample weights were calculated for each year under

investigation using the first part of the CEM method. In our application,

the control units are those in the INE-EMAT survey, while the treated

units are those in the census.

3) Using these weights - applied to the EMAT survey results -the

most commonly used tourism statistics (number of suppliers of

accommodation and rooms, arrivals, overnight stays) were re-estimated.

The methodology used in the case of the Antofagasta region comprises

several phases that are presented in table three.

20



Empirical evidence

In this section the newly recalculated tourism statistics series for the

period 2003-2010 and for each of the studied communes are presented

to empirically show the effect of attrition, ingrowth and accretion on

tourism data.

The first recalculated series is the number of tourism accommodation

suppliers. In figures two, three and four the original and new series for

each destination are compared. Clearly, the number of accommodation

suppliers is significantly different before and after the re-estimation,

and it becomes evident how tourism activities were under-represented

in the original series.

By looking at the figures, it is clear that all tourism activities represented

in the data were similarly under-represented in the original uncorrected

series, and that, once corrected, the data reflect levels of tourism

21



activities that are more consistent with tourist arrivals, whether

corrected or not.

The following monthly time series were re-calculated on the basis of the

new database: number of rooms, international tourism arrivals,

occupancy rates, and number of employees permanently and

temporarily working in the tourism sector. The recalculated series show

substantial differences with the original time series showing the effect

of accretion, ingrowth and attrition on tourism statistics. The

recalculated time series are available in appendix.

5.CONCLUSION

This study aimed at presenting a methodology to reconstruct tourism

databases using sample weights built with the Coarsened Exact

Matching, and showing how successfully use them to overcome some

methodological issues of supply-side tourism statistics.

The paper outlined the issues related to statistical inaccuracies and

focused mainly on the evaluation of tourism databases completeness

and accuracy, showing that in many countries currently available

statistics do exhibit inconsistencies that may lead to under-

22



representation of supply and demand. Particular attention was devoted

to the under-investigated issues of accretion, ingrowth and attrition and

to the potential biases that they cause to tourism statistics.

A methodology to re-estimate a destination”s tourism statistics was

proposed and the sub-sequential steps presented. An innovative

approach to calculate sample weights - the Coarsened Exact Matching -

was illustrated and its ability to assist in correcting data distortion

discussed with an empirical application to a Chilean tourism dataset.

Tourism data in the region of Antofagasta are inaccurate enough to

significantly degrade the tourism planning function. Correcting them -

with the method herein proposed- allows to re-align the valence of the

destination tourism industry and facilitates sound international

comparisons. Tourism time series can be improved by sample weights -

calculated with the CEM- and applied to a non-random sample of

suppliers of tourism accommodations. A significant difference between

the directory of suppliers of accommodation surveyed by the INE and

the actual total number of suppliers of accommodation constituted the

starting point of the empirical application. The difference - due to a

misuse of the data - is substantial and has a negative effect on the

23



perception of the evolution of regional tourism. The database accretion,

ingrowth and attrition was accounted for thanks to the following three

steps: (1) Correction of tourism accommodation firms” directories; (2)

Sample weights computation using Coarsen Exact Matching; and (3)

Application to sample survey and re-estimation.

The results confirmed the disparities in levels of suppliers of

accommodations and activities - up to twice that of the published

estimates - as well as significant disparities between the pre and post

weighing time series trends.

Chilean tourism officials can apply the methodology to update their

directory, rebuild the tourism time series of other regions, and those of

the country as a whole.

More importantly, the methodology described here and applied to the

case of Antofagasta, can be adapted to other destinations for which the

population data required to construct the sample weights are available.

It is conjectured that there are many such areas and that there are many

opportunities to improve tourism statistics upon which economic and

policy planning is based. From a methodological point of view, this
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research proposes and demonstrates the validity of a methodology to

correct a common problem among accommodation statistics. The paper

also contributes to the methodological advancements in that it presents

the Coarsen Exact Matching and its benefits to better calculate sample

weights and adjust data susceptible to attrition, ingrowth and accretion

biases.

This study contributes to the research stream on statistical imputation

of missing value in tourism (e.g.: Aroca et al. 2013; Fontana and Pistone,

2010) with relevance for a broader range of applications where tourism

statistics are questionable or demonstrably inaccurate. Thereby it

represents a tool for tourism destinations in order to improve tourism

statistics. While the methodology offers ways to correct some data

inaccuracy, considerable future research is necessary to address the

following issues:

- ease of application, e.g. reducing the field research needed to

update the tourism directories,

- evaluate the goodness of fit of the method, e.g. by comparing

different matching methods using tourism data,

25



- test the model in different destinations as to verify easiness of

replicability.

Still, the method described has a great potential that is waiting to be

fully exploited in order to account for accretion, in growth and attrition

in tourism data.
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TABLES AND FIGURES

TABLE 1 Comparison of the methodologies

MAHALANOBIS PROPENSITY SCORE
Dj is the | Dj=(Xi-X;)’Z-1(Xi-Xj), where Xi, Xj are the vectors of | Dij= |ei-ej|, where ei and e;
distance covariates of i and j, and X is the variance covariance | are the propensity scores for
between matrix of X in the full control group (if we are | individuals i and j. The
individuals i | interesting in the average effect of the treatment on | propensity score is defined
and j the treated), or in the pooled treatment and full | as the probability  of
control groups (when we analyze the average | receiving the treatment given

treatment effect). the observed covariates.
Advantages Very good performance with few covariates. 1) propensity scores are
balancing scores: at each

value of e, the distribution
of X defining the propensity
in the

score is the same

treatment and control
groups. 2) if given X, the
treatment  assignment s
ignorable, also it is given the

propensity score e;.

Disadvantages

The distance does not work well when X is of high

dimension. It may lead to many individuals to not

being matched (which may result in biased results).

If the treatment and control

groups do not have

substantial overlap (in terms

27




Also, it has problems when covariates are not

normally distributed.

of covariates), substantial

errors may be introduced.
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TABLE 2 Average annual number of supplies of accommodation in
Antofagasta, in the databases of INE-EMAT and SERNATUR

2003 2004 2005 2006 2007 2008 2009 2010 2011

SERNATUR 167 178 184 193 191 207 207 229 249
INE-EMAT 116 110 132 130 125 117 116 114 130

Source: INE-EMAT and SERNATUR
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TABLE 3 Methodological steps of the study

Phase 1

Correction of tourism accommodation firms’ directories

Primary and secondary sources were used to reconstruct the pre-2010
directories of suppliers of accommodation in the three studied
destinations: Antofagasta, Calama and San Pedro de Atacama. Databases
for the period 2003-2009 were reconstructed. Quality control was
performed.

Phase 1.1
Secondary
sources

Secondary sources consisted of two datasets: (i) directories of existing
accommodation provided by each municipality and by SERNATUR for the
year 2010; and (ii) other non-tourism specific data sources including,
among others tax records, websites and phone directories.

Phase 1.2
Primary data

Primary data were collected through field visits, phone calls and personal
interviews. These aimed at identifying new suppliers of accommodation
and confirming information on pre-existing suppliers and ensured data
reliability by capturing the changes in capacity and ownership of the
suppliers of accommodation.

Sample weights computation using Coarsen Exact Matching

Phase 2
Sample weights are computed using the first part of CEM method
Phase 2.1 Treatment Variables: indicate if the | Exact Matching of Variables:
Specification of | accommodation supplier was commune, the type of
variables included in the EMAT survey. accommodation (hotel, apart hotel,
etc) and the number of rooms.
Phase 2.2 Recoding in a way that substantively indistinguishable values are grouped

Coarse variables

and assigned the same numerical value X.

Phase 2.3
Clusters creation

Creation of clusters each one composed by the same coarsened values of
X.

For a generic cluster s:

-the treated units in cluster s can be denoted as T° and m7 is the number
of treated units in cluster s.

-the control units in cluster s can be denoted as C* and mg. is the number
of control units in cluster s.

Phase 2.4
Assignment of
weight

Weights are assigned to each matched unit as follows:
0,ieT?
w; =4mp; +mg;
ma;
If a unit is unmatched, it receives a weight of zero. This means, the
weighed sample INE_EMAT is used to re-estimate the main series and the

observations in the census that are not in the INE-EMAT were dropped.

iecCs

Phase 3

Application to sample survey and re-estimation

By using the computed weights the new representative sample is created,
and the main tourism series are re-estimated (number of accommodation
suppliers, rooms, arrivals and overnight stays).
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FIGURE 1 Map of the Antofagasta region and its communes.
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Figure 2 Number of accommodation suppliers by month,
Anotofagasta, 2003-2010.
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Source: Authors' elaboration from EAT-INE database.

Figure 3 Number of accommodation suppliers by month, Calama,
2003-2010.

60 -

50 J == INE rv_

e Adjusted Serie

Source: Authors' elaboration from EAT-INE database.

32



Figure 4 Number of accommodation suppliers by month, San Pedro
de Atacama, 2003-2010.
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Figure 5: Number of rooms by month by commune, 2003-2010.

Source: Authors' elaboration from EAT-INE database.
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Figure 6: Number of rooms offer by hotels by commune, 2003-2010.

Source: Authors' elaboration from EAT-INE database.
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Figure 7: Number of rooms offer by residential and motels by

commune, 2003-2010.
Source: Authors' elaboration from EAT-INE database.
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Figure 8: Number of national tourist arrivals by month by commune,
2003-2010.
Source: Authors' elaboration from EAT-INE database.
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Figure 9: Number of international tourist arrivals by month, by
commune, 2003-2010.

Source: Authors' elaboration from EAT-INE database.
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Figure 10: Seasonality of international tourist arrivals by commune.
Source: Authors' elaboration from EAT-INE database.
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Figure 11: Occupancy rate in hotels, by commune, 2003-2010.

Source: Authors' elaboration from EAT-INE database.
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Figure 12: Occupancy rate in residenciales and motels, by commune,

2003-2010.

Source: Authors' elaboration from EAT-INE database.
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Figure 13: Occupancy rate in hotels, San Pedro de Atacama
province, 2003-2010.

Source: Authors' elaboration from EAT-INE database.
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Figure 14: Occupancy rate in hotels, Antofagasta
region, 2003-2010.

Source: Authors' elaboration from EAT-INE database.
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Figure 15: Number of workers in accommodation firms by month, by

commune, 2003-2010.
Source: Authors' elaboration from EAT-INE database.
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Figure 16: Temporary employment in the accommodation firms,

by commune, 2003-2010.
Source: Authors' elaboration from EAT-INE database.

46



	REFERENCES

