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FOREWORD

Official Statistics

It is with gratification that I write these introductory
words to the first issue of a statistical journal
published by the Malta Statistics Authority and the
National Statistics Office.
The satisfaction stems from seeing the interest of
these entities’ staff members and their commitment
to showcasing the knowledge and technical skills
they use in the compilation of the NSO’s statistical
products. These products are important aids to
policy makers and community leaders to formulate
the best possible decisions for shaping the future
of our country. For the individual, statistics are
important on many levels: consumption, health,
earning power and lifestyle, to name but a few.
Statistics mainly concern numbers. Perhaps users
do not always grasp the significance of the array of
methods and processes that go into the production
of these numbers. The Journal of Official Statistics:
A Collection of Papers published by the Malta
Statistics Authority and the National Statistics
Office presents the wide-ranging areas underlying
the work of a national statistical institute, also
highlighting the linkages between these areas. This
brings to the fore the different pockets of expertise
that exist within the National Statistics Office.
As a member of the European Statistical System,
Malta’s National Statistics Office is on a par with
its EU counterparts. It complies with EU statistical
legislation, employing regulated concepts and
definitions that will ultimately generate comparable
statistics across the EU bloc. Additionally, the
Office conforms to EU standards - namely the
European Statistics Code of Practice - to ensure
high-quality output. The six papers presented
in this journal shed light on the complexity of the
methodologies used, which aim to deepen users’
understanding of the statistics they use.
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In conclusion, I would like to express my gratitude to all those
involved in making this publication possible. Prof. Albert Leone
Ganado, Chairman of the Malta Statistics Authority, and Mr Etienne
Caruana, Director General of the National Statistics Office believe in
bringing out the best in their staff. Special thanks also go to Dr Ian
Cassar who chaired the Peer Review Committee, the Committee’s
members Dr Aaron G. Grech, Dr Vincent Marmara and Mr Emanuel
P. Delia, all of whom worked tirelessly in guiding the direction of
this publication. Last but not least, I applaud the authors for their
dedication in submitting their sterling work. I hope that others will
follow in the same path, making other editions of this journal a reality.

Prof Edward Scicluna
Minister for Finance and Financial Services
2020
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It gives me satisfaction and pleasure to contribute this foreword for
the first issue of this journal entitled: Journal of Official Statistics:
A Collection of Papers published by the Malta Statistics Authority
and the National Statistics Office. This is essentially an applied
statistical journal dealing with matters which concern official
statistics and its realisation has been one of my longstanding
wishes since being appointed Chairman of the Authority (MSA). In
this objective and vision, I had the full support of the Board of the
MSA. Prior to this publication the Board had already encouraged
and supported staff to contribute to the advance of official statistics
within Eurostat. I always believed that besides their undoubted
technical skill in producing official statistical releases, our staff also
have the knowledge to contribute to European statistical research.
I trust that this first issue will form part of a continuing yearly series
publication and that other members of staff at the National Statistics
Office (NSO) will show their expertise in future publications.
The contributions to the journal demonstrate how statistical thinking,
design and analyses play a vital role in all walks of life and benefit
society in general. In this regard, we welcome contributions from all
our statistical units whether engaged in economic, business, social
or data analysis domains.
Being a longstanding academic, prior to my appointment as
Chairman of the MSA, I felt strongly the importance that our graduate
staff throughout their career should actively participate in local and
international conferences and contribute to society by penning
articles in academic journals and other publications. Since I took
office in 2013, I have continuously transmitted and supported this
sentiment within the NSO.
Furthermore, I trust that this journal will demonstrate and mirror
the professionalism at the NSO. It complements other initiatives
which show the determination of NSO senior management, led by
the Director General, Mr. Etienne Caruana, to prove their capability
and dedication as well as raise confidence and reassurance in the
sterling services that the NSO provides to the statistical needs of
the country. This publication also bears testimony to the diverse
range of skills and knowledge of staff to be found within the various
units of the NSO.
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Finally, I would like to thank the authors of the papers who provided
interesting, well researched papers to this first issue. I hope that their
efforts will serve to inspire and encourage their fellow colleagues to
contribute to future issues and to thus demonstrate the wide range
of competencies within NSO staff and their eagerness to contribute
to the advance of official statistics.
I would also like to give special thanks to all reviewers, led by Dr
Ian Cassar, Senior Lecturer within the Department of Economics at
the University of Malta, who dedicated so much time and effort to
this project and ensured that every contribution was peer reviewed
and consistent in style of presentation. Finally, credit also goes
to the administrative and secretarial team who have been working
with enthusiasm on this publication as an exciting new experience
and venture within MSA/NSO.

Professor Albert Leone Ganado
Chairman
Malta Statistics Authority
2020
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As Chair of the Peer Review Committee in the editorial process, I am
honored to contribute this introduction to the first issue of Journal
of Official Statistics: A Collection of Papers published by the Malta
Statistics Authority and the National Statistics Office. The papers put
forward in this issue cover highly diverse areas in the field of statistical
research. I should like to introduce them to aid readers’ understanding
and guide their correct and effective usage.
Over the past decade the National Statistics Office has experienced
an ever-increasing production of statistical data. This, coupled with a
larger volume of statistical data being consumed on a daily basis by
the various stakeholders in the economy increases, in my view, the
importance of constantly questioning in what ways can the quality of
the data producedbe improved, and of questioning if the application
of different methodologies can add value to the overall compilation
process. Such considerations are paramount to ensure that the
various dimensions of data quality are truly adhered to. The six papers
published in this journal follow a structured scientific approach. This
not only satisfies this overall objective but crucially, also provides a
solid basis to spur on further discussion and debate.
The research objectives of the six contributions include:
●
Use of non-monetary indicators, particularly those on standard
of living and material deprivation, to examine the underlying model
structure of poverty and social exclusion in Malta. In this regard, the
author utilises three different analytical approaches.
●
Use of web scraping to collect data which is then used in
the compilation of official price statistics. Web scraping refers to
techniques to extract data from websites. The author compares web
scraping results to physical collection and assesses the pros and
cons of web scraping as an automated means of data collection.
●
Compilation of a harmonised monthly unemployment rate. The
author describes the methodology which takes into consideration
administrative data and survey data. The combination of these two
sources allows the production of one harmonised monthly rate which
is timely and serves the needs of users.
●
Application of temporal disaggregation to a statistical time
series, in this case inbound tourism data. Temporal disaggregation
is the process of transforming a low frequency time series to a high
frequency one. The authors present details of the different approaches.
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●
Application of the index number problem to the NSO’s index
of industrial production. Index numbers are measures of change that
are very useful in condensing abstract and complex elements into a
single number. The authors construct new index numbers at the lower
and higher levels of aggregation for the index of industrial production
and compare them to the current index published by the NSO.
●
Assessment of a hybrid cognitive model which uses different
probing techniques. The author tests this interviewing model to
examine participants’ responses to a non-formal education variable
of the Labour Force Survey.
The fact that these papers cover such distinct areas of research from
one another, both in terms of statistical area being studied but also in
the methodologies applied, highlights the wide-ranging capacity of
scientific knowledge held by the staff of the National Statistics Office.
To this end, I think that this journal can play a key role as a conduit
for NSO staff to undertake research aimed at gaining a deeper
understanding of specific statistical challenges and issues, which will
implicitly foster an enhanced dialogue on those issues and hopefully
also promote further research.
To conclude, I would like to thank the Malta Statistics Authority for the
opportunity given me to be the Chair of the Peer Review Committee.
I also thank the members of the Peer Review Committee, namely, Dr
Aaron G. Grech, Dr Vincent Marmara and Mr Emanuel P. Delia for
their time and dedication to ensure that the peer review process was
undertaken in a meticulous, diligent and timely manner. Furthermore,
thanks are due to the authors of the research papers who have
dedicated significant time to prepare and submit the rigorous scientific
studies included in this Issue. I am hopeful that their colleagues will
follow the same path so that this issue of the journal will be the first of
many such publications in the years ahead.

Dr Ian P. Cassar
Senior Lecturer in Economics
University of Malta
2020
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Throughout the roles I have held in the National Statistics Office
(NSO), one reflection is constant: the NSO, as the producer, compiler
and publisher of official statistics, is a natural candidate for research.
Today as Director General, I am privileged to have been one of the
believers in the first Journal of Official Statistics.
The six papers in this collection overlie a host of assets which, at the
same time, imply key responsibilities of maintenance, safeguarding,
input and respect. One asset constitutes the valuable stores of
information entrusted to this institution, which present challenges
of knowledge management and organisation, protecting data and
protecting the confidentiality of data. For this reason, the Office is
continually investing in information security measures and has in
place a set of risk assessments and procedures that are regularly
reviewed and updated.
Another asset is the framework of concepts, methods and practices
which guide the Office’s employees in their work. Even a cursory
reading of the papers in the Journal will highlight the complexity
of methodological treatments. The great majority of methodologies
used by the NSO are harmonised across the European Statistical
System and are guided by clear rules. Their use makes Malta’s
national statistical institute an equal partner in the European statistical
community and entitles it to not only use the concepts and methods
but also to contribute to their development and update.
No-one can gainsay the significance of the assets outlined above.
Yet, as Director General, I do not hesitate to express my opinion that
people are among the most important of assets. Many aspects of
people lie at the heart of the NSO’s activities and projects. First, are
its human resources. The Office attaches great value to its staff and
invests heavily in their training and well-being. Second, the people in
households and enterprises who respond to our statistical enquiries
and requests for data are prized collaborators. Third, the people
who occupy roles in entities and institutions are our colleagues and
facilitators who join us in a constant endeavour of improvement, for
example by providing the NSO with access to administrative data and
for making improvements to their collection methods, such that the
ultimate result is better-quality records for the entity itself and betterquality input to the NSO’s body of data.
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The Journal of Official Statistics will be published amid the COVID-19
situation. As professionals in their field, the world of statisticians
revolves around statistics. For them, numbers and their analysis are
what matters. Then, for the policymakers, academics, researchers
and market players, official statistics are indispensable tools, enabling
them to base their policies, research papers and business strategies
on reliable and timely facts. The trials and uncertainties brought about
by COVID-19 amply show that statistics, primarily official statistics,
are not something distant, sitting on some exalted level of their own.
On the contrary, they are close to the real world and as such, are the
business of every man, woman and child. Each and everyone of us
would do well to remember this fact.
My heartfelt thanks go to the Malta Statistics Authority, headed by
Professor Albert Leone Ganado, who believed in the Journal and
who promoted the smooth running of this joint venture between the
MSA and the NSO. I thank the authors of the papers for investing
their time and study, thus enabling the realisation of this vision. I also
acknowledge the work and commitment of the Peer Review Committee
who dedicated many hours to editorial work, as well as of those who
worked behind the scenes to put together and finalise the publication.

Mr Etienne Caruana
Director General
National Statistics Office
2020
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Cognitive interviewing impact
on non-formal education variables
in the Maltese labour force survey.

Charlene Abela 1
National Statistics Office, Valletta, Malta
2020

1

The views expressed in the article are those of the authors and do not involve the responsibility of the National Statistics Office Malta.
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Abstract: The Labour Force Survey (LFS) is a household sample survey which provides quarterly and
annual results on the employment situation of persons 15 years and over. This survey is conducted
in accordance with Council Regulation (EC) No. 577/98 of 9 March 1998 (European Council, 1988).
One of the aims of the survey is to measure the participation in non-formal education (COURATT). The
objective of this working paper is to test the use of a hybrid cognitive interviewing model on a nonformal education question of the LFS.
A hybrid cognitive model makes use of probing techniques together with the think-aloud method.
For the purpose of this study, a qualitative analysis of the cognitive interviewing data was carried out
to reveal respondents’ difficulties in answering a question on non-formal education in the LFS.
Keywords: Labour force survey, Cognitive interviewing reporting framework, Non-formal education,
Europe 2020 indicators.

Literature Review
The aim of this paper is to assess and improve the quality of the data collected for the non-formal
education (COURATT) variable in the Labour Force Survey (LFS) through the application of cognitive
interviewing.
The application of cognitive interviewing improves the quality of the questions in a survey hence
under-reporting survey issues are minimised.
This working paper follows the Cognitive interviewing reporting framework (CIRF) proposed by Boeije
and Willis (2013).
The labour force survey has been compiled in Malta since 2000. A part of the survey focuses on
participation in non-formal education (COURATT). Through the Labour Force Survey2, the National
Statistics Office, measures the respondents’ participation in courses, seminars, conferences or private
lessons outside the regular education system within the last four weeks (Eurostat, 2017).
Apart from the intrinsic value of compiling official statistics on non-formal education (COURATT)
these statistical outputs are used to monitor the Europe 2020 indicators namely; the lifelong learning
indicator (LLL) and the early school leavers indicator (ESL).
By increasing the quality of this variable, the quality of the mentioned indicators will be enhanced,
resulting in improved statistical comparability among European member states. Furthermore,
improving the quality and reliability of statistics should support better policies within the educational
sector.

2

The labour force survey and the applicable associated methodology is published on the National Statistics Office website: www.nso.gov.mt
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Method
(i) Research Design
Cognitive interviewing is used at the questionnaire development stage, however, Willis (2005) stated
that it can still be conducted at different points in time (Gray, Blake, & Campanelli, 2014).
For the purpose of this paper, the technique of cognitive interviewing was applied to the non-formal
education variable (COURATT) and two questions were presented to the participants. The original
question, as specified further down, was broad, and its clarifications were included in the adjacent
questionnaire notes. In most cases, ancillary documentation is not read out by interviewers during the
data collection process.
The revised version was divided into six detailed short questions, the primary intention being that of
improving the probability that an event will be recalled and reported (Fowler, 1995). The breaking
down of a broad question into segments also aids comprehension (Willis, 1999).
●

Original question

During the previous four (4) weeks have you attended any courses, seminars, conferences or
private lessons outside regular education?
Yes = 1; No = 2
Prior to testing, the question was re-designed, first in the English version of the questionnaire, following
the examples proposed in the LFS Explanatory notes, and subsequently also in Maltese (Eurostat,
2017).
●

Revised question

During the previous four (4) weeks have you attended any of the following courses:
(Yes =1; No=2)
(a)

On job training

(b)

Driving lessons

(c)

Private lessons

(d)

Seminars or conferences

(e)

Music, band clubs, singing, drama, dancing or sport lessons

(f)
		

Other courses (Including foreign language lessons, hobbies, art courses, health 		
courses (e.g. natal courses), CANA Movement courses)

14
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In this study, a hybrid cognitive interviewing model was applied where probing techniques were
used in conjunction to the think-aloud method (Ryan, Gannon-Slater, & Culbertson, 2012). Initially,
the respondents were asked the original question and answers were recorded by the interviewer.
The respondents were encouraged to vocalise their thought processes while answering the question
(Ryan, Gannon-Slater, & Culbertson, 2012; Boeije & Willis, 2013). Concurrently, the interviewer took
written notes of the participants’ thought processes and these were examined at a later stage (Priede
& Farrall, 2011). In this process, the researcher was able to identify the cognitive processes following
the respondents’ answers (Ryan, Gannon-Slater, & Culbertson, 2012).
Subsequently, the interviewer employed verbal probing to acquire more knowledge on the various
cognitive processes which respondents engage in to come to an answer; specifically, comprehension
and recall processes (Ryan, Gannon-Slater, & Culbertson, 2012).
In this case study, since only one question was being tested, retrospective probing was applied.
With this technique subjects were asked the probe following their answer (Boeije & Willis, 2013) to
stimulate a more realistic environment and to avoid interruption during the interview (Willis, 2006).
Moreover, a combination of probing types was used. Scripted probes developed prior to the interview
and spontaneous probes to follow-up on interesting issues that emerged during the interview (Willis,
1999). The scripted probes used were oriented towards specific cognitive processes:
1. Comprehension: What do you understand by the word courses?
2. Recall: How did you remember that?
3. Confidence and judgement: How well do you remember this?
The respondent was then presented with the revised question. The interviewer took note of the
responses and used general follow-up probes (How easy or difficult did you find this question to
answer?) to compare both questions and to determine existing issues (Castillo-Díaz & Padilla, 2013).
(ii) Participant Selection
The aim of cognitive testing is not to generalise or statistically represent a larger population. No
fixed rules are written regarding the participant selection process and the ideal sample size (Ryan,
Gannon-Slater, & Culbertson, 2012). For this study, ten (10) cognitive interviews were conducted as
proposed by Willis (2006) and participants were recruited using a non-probability quota sample. The
target population consisted of persons aged fifteen (15)years and over; to obtain a range of ages
(3: 15-30, 3: 31-50, 4: 51+), sex (4: male, 6: female), and educational levels (3: low, 4: medium, 3:
high) (Gray, Blake, & Campanelli, 2014) for differentiation purposes . Interviews were carried out in
a meeting room within the National Statistics Office (NSO) which served as a ‘laboratory’ to conduct
interviews (Willis, 1999, p. 26).
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(iii) Data Collection
In line with Willis (2006), the cognitive interviews were conducted by an experienced interviewer
knowledgeable in questionnaire design, interviewing, cognitive testing, and familiar with concepts
related to social science research. Cognitive interviewing was conducted via both pen-and-paper
interviewing (PAPI) and computer assisted telephone interviewing (CATI) modes of data collection
to replicate survey conditions. In this way, different modes of interviewing characteristics were
determined especially non-verbal communication during CATI (Gray, Blake, & Campanelli, 2014). The
interviews were not audio-recorded, however, the interviewer took notes of the respondents’ answers,
their non-verbal gestures and probes used during the interview. Prior to cognitive testing, difficulties
with the COURATT question were already evident, hence an alternative question was designed to
address the recurrent issues. Through cognitive testing both the original and the revised question
were tested. By the seventh interview, the major problems related to the question were identified
as no new themes were discovered. Following cognitive testing, the question was revised, and the
questionnaire updated for the collection of updated information. Consequently, one round of cognitive
testing was perceived to be sufficient.

Data Analysis
A qualitative analysis of the cognitive interviewing data was carried out to reveal difficulties respondents
have with the:
(i) Survey context,
(ii) Comprehending the survey questions,
(iii) Retrieving of information, and
(iv) Providing an answer to the posed question
(Ryan, Gannon-Slater, & Culbertson, 2012)
The researcher analysed both the consistencies and inconsistencies in the question response processes
by observing dominant trends across the cognitive interviews. The researcher took written notes of
the respondent’s feedback throughout the interviews and followed it up with probes to obtain more
information on the detected problems. A comparison of the respondent’s answer for both questions
(broad and revised questions) was also carried out. Initially, data was analysed by participant, and any
issues identified by the respondent were grouped into categories. The researcher then examined all
the emergent categories and looked for consistencies across participants. Eventually, the categories
identified through the cognitive process were grouped in two (2) overarching themes (Willis, 1999):
●

Theme A: Difficulty in understanding the term ˈcourseˈ.

●
Theme B: Issues with recalling participation in non-formal education in the past four
		weeks.

16
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Differences across subgroup response were also evaluated to avoid possible bias, validity and
reliability issues (Collins, 2003) The major problems identified in this study were grouped in two
themes3.
Both themes provided significant input for revising the question/s related to the COURATT variable. The
first theme related to the complexity and subjectivity of a person’s understanding of the word ‘course’
hence a better definition was required. The second theme concerned the issue of the respondents’
memory in recalling past events.
An analysis of the above two themes will be discussed in Section Five: Results.

Results
The cognitive interviews described in this paper provided an insight into respondents’ thought
processes while answering the question. This also contributed to the understanding of the difficulties
within the quantitative data concerning the COURATT variable within the LFS questionnaire.

Theme A: Difficulty in understanding the term ˈcourseˈ
An apparent issue identified with cognitive interviewing was identified during the comprehension
phase. Findings indicated lexical problems associated with the respondents’ understanding of the
meaning and the use of the terms ˈcourses, seminars, conferences or private lessonsˈ as well as the
context in which they are used in the questionnaire (Drennan, 2002). According to the LFS explanatory
notes, the scope of this question is to identify any of the following courses:
(i)

taught courses on job-related skills;

(ii)

courses or seminars provided by an external enterprise and not the employer;

(iii)

study circles;

(iv)
		

training preparation for the labour market; courses, seminar or conference provided
by trade unions or employers’ associations; and

(v)
		
		

foreign language course; art courses; piano lessons; riding lessons; driving 		
school; hobbies courses; courses for personal or social reasons and instructions or
private lessons from a teacher or a tutor (Eurostat, 2018, pp. 119-120).

Through cognitive testing, it was evident that respondents were not identifying the activities with nonformal education. On the contrary, respondents were assuming that these courses should relate to
their job or occupation, or to a formal seminar or conference. As a result, this part of the survey was
either being left unanswered or answers were provided arbitrarily by respondents.
3

Results emanating from the analysis of both themes were discussed with other statisticians working on the LFS and
the interpretation of findings and its effect on LFS data were presented to the senior management within the NSO.
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As a solution a multiple question format approach made it easier for the respondent to understand the
question’s scope and to provide a valid answer.

Theme B: Issues with recalling participation in non-formal education in
the past four weeks
The second theme under study regarded information process retrieval. Through cognitive testing
it transpired that respondents were finding it difficult to recall information to answer the question
(Ryan, Gannon-Slater, & Culbertson, 2012). When uncertain, respondents were answering ˈNoˈ;
assuming it to be the most suitable possible answer. This method of thinking is often referred to
as the closest answer category (Drennan, 2002). Hence, the adopted multiple-question approach
eased respondent’s thoughts about past experiences. It also provided a ˈcarryover effectˈ as meaning
was carried over from one question to the other (Ryan, Gannon-Slater, & Culbertson, 2012, p. 426).
The revised question started with the most understood type of course, that is on-job training, and
proceeded to other courses to set it within a context as well as to aid respondents’ recall information.

Discussion
Following the cognitive testing implemented in the final quarter of 2016 for the COURATT variable,
changes were introduced in the first quarter of 2017. As described in Section Three, the question was
re-phrased and divided into six short and detailed questions, with the aim of covering all the courses
defined in the LFS explanatory notes. A macro-level analysis on the quarterly time series data from
quarter one 2012 to quarter three 2018 was carried out to assess the impact of the new question. The
objective was to monitor and evaluate its effect and to determine the nature of change points in the
first quarter of 2017 (Selukar, 2017). In this study, JDemetra+ was used to detect the structural break
through applying the ARIMA models.
A visual inspection of the LFS non-formal education figures indicate a level shift of 24,674
persons between quarter four 2016 and quarter one 2017 (Chart 1). The statistically significant
break was determined by the automatic outlier detection (p < 0.001). Similar level shifts
were recorded for both males and females attending non-formal education (p < 0.001).
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Chart 1: The number of persons 15 years and over in non-formal education
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Participation in non-formal education estimates were also compared across different sociodemographic variables including highest level of education attained, age, proxy interviewing and
panel. For each socio-demographic variable, tests were carried out to compare the mean scores
of quarterly data before and after the implementation of the new question. Since data was not
normally distributed, the Kruskal-Wallis test was used to test the mean scores between three or more
independent groups. Test results indicated that non-formal education figures were mostly significant
for two out of three educational attainment categories. The low level of education category comprising
persons with ISCED two or less proved to be statistically significant (p = 0.031). In addition, the
medium level of education category including persons with ISCED three and four also proved to be
statistically significant (p = 0.031).
This might imply that prior to the revision, respondents were associating the COURATT question only
with job-related courses which are more prevalent among persons with a high level of education.
Furthermore, the Kruskal-Wallis test was used to check significant changes before and after the
implementation of the new question across panel data. Test results implied that the changes in the
question affected the distribution of persons in non-formal education for the first and third panel (p =
0.014 and p = 0.038 respectively).
Participation in non-formal education levels were also checked by proxy interviewing4. The Mann
Whitney U-test, a non-parametric test analogue for independent samples t-test, was applied to
compare the mean scores for direct interviewing only. Test results indicated a statistically significant
difference in the underlying distributions of participation in non-formal training for the direct interviews
4

When a person is identified to answer survey questions on behalf of the interviewee.
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between Quarter four 2016 and Quarter one 2017 (p = 0.005).
Further analysis on this variable was carried out by age group. Results from the Kruskal-Wallis test
showed a statistically significant difference in non-formal education participation (before and after
COURATT implementation) for the 15-24 and the 45+ age groups (p = 0.000). Meanwhile, test
results showed no significant changes in the 15-24 cohort who tend to participate more in job-related
courses. This further substantiates the argument that prior to cognitive testing, the COURATT variable
was mostly covering job-related training because most participants understood this question in the
context of work-related courses. Hence, there was no effect on this age group despite the revisions
in the questionnaire (Chart 2).
Chart 2: The share of persons in non-formal education by age group: 2015-2017
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An evaluation of the impact of change on education indicators related to the COURATT variable was
carried out to monitor and determine the break point of the following indicators:
1.

Early School Leavers indicator (ESL)

2.

Not in employment, education and training indicator (NEET)

3.

Lifelong learning indicator (LLL).

The automatic outlier detection test based on iterative procedures carried out for the ESL and NEET
indicators did not prove an unexpected shift in time series, hence a structural break was not reported.
LFS estimates for 2016 and 2017 show that the majority of the 15-24 age group who were attending
some form of non-formal education, were also enrolled in formal education.
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As a result, one may argue that the revised COURATT question implemented in the first quarter of
2017 had no significant effect on the ESL indicator since the majority were already enrolled in formal
education. This indicator covers persons aged 18-24 who achieved secondary education or less and
who were not pursuing further education or training.
Corresponding to this, this modification did not impact the NEET indicator, that is the number of
persons aged 15-24 who are not in employment, education or training as a percentage of total persons
within this age category.
However, the implementation of the revised multiple question in quarter one 2017 resulted in a
significant level shift break in series for the LLL indicator (Chart 3) as per the automatic outlier detection
(p < 0.001). This indicator refers to the percentage of persons aged 25-64 participating in regular
education, or in non-formal training such as courses, seminars and conferences. In the first quarter of
2017, a level shift of 4.9 percentage points was reported when compared to the corresponding quarter
of 2016. This level shift proved to be significant for both sexes (p < 0.001). The estimated change
between both data points was 4.0 and 5.8 percentage points for males and females respectively.
This suggests that cognitive testing aided the understanding of the question (Willis, 1999) and helped
the respondents to remember their participation in non-formal training (Fowler, 1995).
Chart 3: The percentage of persons in LLL
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Strengths, Limitations and Recommendations
The strongest feature of this study is the methodology used, as cognitive testing provides a
better explanation of measurement errors in surveys (Collins, 2003) and enhances the validity
of survey instruments (Hofmeyer, Sheingold, & Taylor, 2015). This method assesses whether
the study objectives are achieved and allows a better insight into the participants’ problems
which may have not been anticipated before the beginning of the data collection process.
Cognitive interviewing also verifies that respondents are interpreting the question in the same
way, hence ensuring data compatibility (Drennan, 2002). Consequently, cognitive testing
yielded higher quality data and aided the pre-testing of the new question (Collins, 2003).
Cognitive interviewing has been criticised for creating
as a ˈcognitive loadˈ is added to the respondents.
this method is that respondents are forced to think
for a longer period, which may change their final

a false and ˈartificialˈ environment
The most challenging aspect of
about the question differently and
answer (Priede & Farrall, 2011).

A further limitation is that since this is a qualitative study, it is based on the researcher’s
subjective interpretations (Drennan, 2002) and the respondents’ verbal responses
(Collins, 2003). Finally, cognitive methods developed recently, making them relatively
non-standardised; hence results should be interpreted with caution (Collins, 2003).
Based on findings generated from this study, the researcher suggests the implementation of
cognitive testing at the pre-testing stage of a survey in other social surveys. Cognitive interviewing
provided significant information on the respondents’ thought processes and questionnaire design
improvements. However, if cognitive testing is applied to all the variables in a questionnaire, it would
result in a discontinued data series. Hence, cognitive testing would be ideal prior to developing a
new questionnaire, as is the case with the implementation of the Integrated European Social Statistics
(IESS) Regulation.

Conclusion
This cognitive testing exercise was carried out to evaluate non-formal education (COURATT) estimates
in the LFS. The aim was to determine the respondents’ thought processes in answering this question
and to improve under-reporting. Findings from this study contributed to the enhancement of the
question under study and to comprehending the difficulties within the quantitative data concerning
this variable. Owing to the changes implemented in the questionnaire, a break-in-series was detected
in the non-formal education estimates and a level shift was recorded in the LLL indicator.
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Abstract: Web scraping is a technique used to extract data from websites in an automated manner.
Several National Statistical Institutes (NSIs) have carried out studies to explore this technique within
the Price Statistics domain. This paper is a pilot study conducted between July and August 2019,
whereby price data was collected from a local supermarket’s website using web scraping techniques.
Web scraping results were compared to the data collected by price collectors during the same period,
with the objective of determining the feasibility and reliability of this technique. The R software was
used for web scraping applying the ‘rvest’ package.
Keywords: Data collectors, National Statistics Office, Price indices, Price statistics, Web scraping.

Introduction
Developments in the compilation of price indices necessitate the need for a larger volume of detailed
information. Also new sources of data collection methods are being introduced to improve the quality
of price statistics (Barcellan, 2013). These new sources, coupled with the capacity of new techniques
allowing for the collection of an increased volume of price point frequency and commodities, is leading
to the modernisation of price statistics (Barcellan, 2013)
Web scraping is a technique used to extract data from websites. Data that is available on websites
can only be viewed using a web browser. However, the functionality to save web browser information
in another location, such as a local copy and in a format that makes it readily available for further
analysis, is not provided by web browsers. In view of this, the web scraping technique provides an
automated solution. This process requires a web crawler or bot to elevate data from the websites,
a process referred to as scraping. Subsequently, the data is stored onto a local hard drive. There
can be various data storage formats, albeit the most common file extensions are ‘xml’, ‘xlsx’ and ‘txt’
(Draxl, 2018). Studies have revealed an increased use of web scraping techniques applied by NSIs
to improve the quality of data used for official price statistics and to reduce the workload of data
collection (Auer & Boettcher, 2017). Web scraping in price statistics is a contemporary phenomenon
being tested by several NSIs across the European Statistical System (ESS). For example, Statistics
Austria is participating in a two-year project to automate price collection using prices advertised on
the internet. The study results indicate that the introduction of web scarping price data will cause
a level shift in the inflationary time series. The increase can be partly explained in terms of volume
analysis, as web scraping increased significantly the number of price readings used in the time
series. An estimation of efficiency reveals that web scraping is cost effective, as it has the capacity
of collecting a higher volume of price points from a wider range of commodities. Any time series
estimations benefit from an increase of data points. The study indicated that approximately 16 hours
were needed to physically collect 200 price readings when compared to approximately 4 hours to
collect 4,000 readings by means of web scraping (Boettcher, 2014). ISTAT, Italy’s NSI, also carried
out a similar study on the use of web scraping techniques for the collection of consumer electronics
prices and airfares. In this case, iMacros software was used for web scraping. This study highlighted
the importance of exploring these web scraping techniques to improve collection efficiency and data
quality (Polidoro et al., 2015). Moreover, Eurostat has also supported web scraping projects in the
Netherlands, Germany and Luxembourg (Auer & Boettcher, 2017).
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This paper studies the use of web scraping as an automated means of data collection to produce
official statistics. The pilot study aims to assess the feasibility of adopting web scraping techniques in
order to collect price data, which in turn can be used for official price statistics. To analyse and assess
the suitability of web scraping, a pilot study was carried out using this technique to collect data from
a local supermarket’s website. The underlying assumption of this exercise was to collect the prices for
the same commodities collected by price collectors from a specific establishment over a specific time
period. Statistical analysis was then performed on the two datasets for comparative analysis.
The paper also considers whether prices of the respective websites are updated in realtime. This is an important aspect of price statistics analysis as ˈonline pricesˈ must reflect ‘real
consumer prices’. Any differentiation may lead to flawed results. The Materials and Methods
section describes the techniques used for the price collection process, while the Results
section analyses any discrepancies between the online data and the data collected physically
by price collectors.
The Conclusion makes recommendations on whether web scraping
should be considered for price data collection by Malta’s National Statistics Office (NSO).
This paper studies the use of web scraping as an automated means of data collection to produce
official statistics. The pilot study aims to assess the feasibility of adopting web scraping techniques in
order to collect price data, which in turn can be used for official price statistics. To analyse and assess
the suitability of web scraping, a pilot study was carried out using this technique to collect data from
a local supermarket’s website. The underlying assumption of this exercise was to collect the prices for
the same commodities collected by price collectors from a specific establishment over a specific time
period. Statistical analysis was then performed on the two datasets for comparative analysis.
The paper also considers whether prices of the respective websites are updated in real-time. This is
an important aspect of price statistics analysis as ˈonline pricesˈ must reflect ‘real consumer prices’.
Any differentiation may lead to flawed results. The Materials and Methods section describes the
techniques used for the price collection process, while the Results section analyses any discrepancies
between the online data and the data collected physically by price collectors. The Conclusion makes
recommendations on whether web scraping should be considered for price data collection by Malta’s
National Statistics Office (NSO).
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Materials and Methods
The main theme in Roberto Barcellan’s report was the identification of web scraping techniques as
a major improvement over traditional collection methods for a consumer product group (Barcellan,
2013). Locally a similar test was executed. Web scraping was performed using the ‘rvest’ application
in R software to collect price information from a local supermarket. This package is used to parse
the contents of websites written in HTML. This is essential to traverse the supermarket’s website to
search for commodities and retrieve price data points (Kingl, 2018). To retrieve price information on
each commodity, each item’s description was used as a search string in the supermarket’s website.
Consequentially, each description was stored in an external text file.
The automation process requires that each description is read from the text file and formatted
into a search URL recognised by the website. When a match is identified, a price point is
retrieved. The ‘stringr’ package in R software was identified to construct the required URL. This
software formats several strings into the desired format. In this case, the input description was
concatenated to the search URL of the supermarket’s website (Wickham, n.d.) For the purpose
of this paper, only the first twelve iterations of the returned results were taken into consideration.
This process was carried out for each item by means of a loop. The ‘gethtml’ method, passing
the constructed search URL as a parameter to this method, was used to search for each item
(RDocumentation, n.d.).
Once the search results for each item were retrieved, the next step was to retrieve their attributes. The
expected returned attributes would be:
●

the item description contained in the website, and

●

the price and URL of the specific item.

The attribute-retrieving process involves parsing of the HTML elements. These nodes refer to elements
within the HTML Document Object Model (DOM). This technique is referred to as DOM parsing (Patel,
2018). The results were then exported into an xlxs format.
The technological process identified above, although considered an improvement over physical
collection processes, still has risks and limitations that need user consideration. One such limitation
refers to the fact that the retrieval of information is dependent on the exact match with its corresponding
HTML elements. For example, items that were on sale did not match the criterion identified herein and
therefore could not be retrieved. This limitation may hinder a price statistics study. Another limitation
of this process is that web scraping is an automated computer process, hence it will work only within
a defined set of rules. It may require continuous updating to remain an effective tool for price data
collection as retail website structures are generally dynamic and are selling tools which are updated
frequently. On the other hand, physical data collection benefits from collecting data while on site and
therfore the range of all commodities and prices are visible (Boettcher, 2014).
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Results
To determine the usefulness of web scraping, it needs to be compared to the existing traditional
methods of data collection. In this paper the price points from a local supermarket were collected using
web scraping and physical collection and a comparative exercise was compiled. This comparison
exercise was carried out between July and August 2019. Charts 1 and 2 graphically represent the
distribution by match type.
Chart 1: Distribution percentage by match type: July 2019
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Chart 2: Distribution percentage by match type: August 2019
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The results for both months show that web scraping results produced comparable readings when
compared to information collected by price collectors for approximately half of the items. Web
scraping also revealed that 19.5 per cent and 13.2 per cent of the prices for items collected during
July and August respectively were available online, but the two price datasets (i.e. web scraping vs
physical) differed. A plausible reason for the variation could be due to timing (different collection times
over the specified collection period) combined with a change in price strategy by the supermarket
outlet during the specified period.
Moreover, special offers on items cannot be captured from the supermarket’s website, as these
changes are not captured within the HTML element representing the price. Unfortunately, such
important changes only feature in the text sections of the website. This issue was also identified by
Barcellan, who explained that web scraping may be affected by special offers and seasonal sales,
however, this issue can differ across countries (Barcellan, 2013).
The implication of capturing both the price element and the website text would reduce the level of
automation introduced by web scraping and would require further manual analysis. However, for these
non-matching items, a Paired Samples t-Test was performed to determine whether the difference in
prices is significant (SPSS, 2019). This test produced a non-significant difference for July data and
a significant difference for August data. The results are presented in Tables 1 and 2. It should be
noted that the significance in the difference for August 2019 was partly due to special offers that
were not detected using the web scraping technique. Furthermore, the prices collected using the
web scraping technique are on average slightly higher than those collected through a physical data
collection process.
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Table 1: Paired samples t-test: July 2019

MEAN

N

Std.
Deviation

Std. Error
Mean

Web Prices

2.6361

36

2.17883

0.36314

Interview Prices

2.6267

36

2.24601

0.37433

Paired Differences

MEAN

Web Prices
Interview Prices

0.00944

Std.
Deviation

Std. Error
Mean

0.37452

0.06242

t

df

Sig.
(2-tailed)

0.151

35

0.881

95% Confidence Interval of
the Difference

Lower

Upper

-0.11727

0.13616

Table 2: Paired samples t-test: August 2019

MEAN

N

Std
Deviation

Std. Error
Mean

Web Prices

3.0271

24

2.28834

0.46711

Interview Prices

2.7517

24

1.95965

0.40001

Paired Differences

MEAN

Web Prices
Interview Prices

0.27542

Std.
Deviation

Std. Error
Mean

0.55445

0.11318

95% Confidence Interval of
the Difference

30

Lower

Upper

0.04129

0.50954

t

df

Sig.
(2-tailed)

2.434

23

0.023
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Another consideration is that during July and August, 32.4 per cent and 30.2 per cent of the items
collected could not be detected through web scraping. Examples of such undetected items include
cheese, poultry and meat, which are normally items purchased from specific sections of supermarket
such as the cheese and butcher counters.
The analysis demonstrated that web scraping is not sufficient to replace the traditional method of
price collection but is a useful tool to check and validate data collected by price collectors. This can
be achieved by a comparison of the online and the physical data. Another advantage of web scraping
is that it can be performed daily with minimal effort when compared to the labour-intensive and costly
physical collection methods. Another spill-over advantage is that Price Statistics Unit members
within the NSO can be alerted to changes in prices or commodities during any reference month.
Commodities tend to change over time and web scraping may be useful to the Unit manager to
determine replacement products within the basket, which need to have similar product characteristics
to the original product.
One of the disadvantages of web scraping is that website structures tend to change to meet marketing
and sales objectives. Therefore, the R script must be updated in line with the website structure.
In fact, similar conclusions were drawn between this study and that carried out by Statistics Austria.
The paper published by this NSI entitled ‘From price collection to price data analytics’, emphasises
that the main challenge encountered during web scraping is due to the frequent updates of retail
outlet websites which consequently necessitate a change in the code for data capture. Therefore,
adapting and re-programming of the web scraping scripts are a must (Auer & Boettcher, 2017).

Discussion
This pilot study has shown that web scraping cannot completely replace the system of physical
price collection, since not all items are published online and websites may not always be updated
in real-time. However, this does not imply that web scraping techniques should be disregarded. It
is being suggested that web scraping is introduced locally as a data verification tool. This exercise
demonstrated that web scraping does not require any programming skills. It requires computer
knowledge to execute the script used for data collection (Boettcher, 2014). The Barcellan report
revealed that web scraping produced the most robust results in the collection of food prices such
that this data category is being used in several countries across the ESS in the compilation of official
statistics. This contrasts with results for other groups in the Classification of Individual Consumption
According to Purpose, known as COICOP. These latter groups did not prove to be as reliable in
meeting the minimum standards of official statistics as the food prices category (Barcellan, 2013).
It has to be said that locally, web scraping for food prices did not provide the same results as Barcellan’s
study.
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Conclusion
The disadvantages of web scraping are:
●

Frequent updating of scripts; and

●

Unique scripts are needed for each outlet.

Also, physical data collection cannot be completely discarded because not all outlets have an online
presence.
Regarding the study itself, one of the major limitations was that it was limited to one outlet within the
Food sector. Web scraping could be suitable for the collection of food prices and possibly other
sectors, but a more expansive study needs to be implemented. Therefore, one of the suggested
recommendations is for the allocation of resources to conduct a more expansive case study. To cite
one country, Statistics Austria also analysed other sectors and confirmed that in the case of airfare
prices, manual data collection can be completely replaced by web scraping without undermining the
quality of the data.
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Abstract: The Labour Force Survey conducted by the National Statistics Office provides the official
employment and unemployment measures following the harmonised definition adopted by all EU
Member States. All criteria used for the LFS match international methodologies used by the International
Labour Organisation. The NSO also publishes administrative employment and unemployment data
obtained from Jobsplus.
This paper investigates the different definitions of unemployment depending on the source of data
being used, and the way statistics on unemployment are collected. The methodology developed
for the compilation of harmonised monthly unemployment rates is subsequently described. In this
regard, the computation of this indicator is based on the Proportional Denton Method which takes into
consideration administrative data on employment and unemployment (Jobsplus data) benchmarked
with Labour Force Survey data. The combination of both sources allows the production of harmonised
unemployment rates in a timelier manner, in response to users’ needs.
An overview of the methodology applied to seasonally adjust the harmonised monthly unemployment
rate indicator will also be provided. Seasonal adjustment is conducted using the indirect approach
and the main scope is to remove seasonal variations associated with the different times of the year.
Through the application of seasonal adjustment, users can compare monthly unemployment rates
between consecutive monthly periods.
Keywords: Labour Force Survey, Monthly Unemployment Rate, Benchmarking, Seasonal Adjustments

Introduction
Along with inflation and Gross Domestic Product (GDP), labour market statistics are key measures
of a country’s economy. Employment and unemployment data are vital short-term indicators for the
measurement of economic growth. Over the years, the monthly unemployment rate (MUR) became
politically influential for decision making (Eurostat, 2015).
In the local scenario, unemployment is measured from two sources, namely the Labour Force Survey
(LFS) and registered unemployment data (Jobsplus data). The methodological difference between
the two sources is not always comprehended by policy makers. The National Statistics Office felt the
need to produce a unified unemployment rate combining the two sources in a timely manner following
Eurostat’s harmonised definition.
Eurostat (2015) proposed three scenarios to calculate the MUR for harmonisation purposes across
all Member States, either directly from LFS monthly estimates, their combination or a hybrid approach
bridging two sources. Prior to 2019, Eurostat produced the MUR indicator for Malta using the hybrid
approach. In line with the introduction of new regulation requirements, namely the Integrated European
Social Statistics (IESS) Regulation, the NSO worked on its own approach for this indicator. This paper
discusses the hybrid approach adopted by Malta to calculate the MUR (Eurostat, 2015). This method,
which combines the two national sources, provides a timely and efficient response to users’ needs.
The mixed method approach is carried out in three phases:
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The backcasting of monthly non-seasonally adjusted (NSA) data

The Proportion Denton method is used as a benchmarking technique which transforms the
quarterly LFS series and produces a monthly benchmarked series using a monthly data source
(Jobsplus). The Proportion Denton Method applies one common benchmark-to-indicator, the BI
ratio (Chen, 2007). The back series is calculated up to the latest LFS quarterly data available.
b.

Monthly NSA data (nowcasting)

The forward series is a forecast of the benchmarked estimates based on the monthly movements,
without the quarterly data input. This forecast, together with the backcasted series, make up
the NSA series for the MUR.
c.

Seasonal adjustments (SA) and trend data

The NSA estimates are then adjusted to remove the seasonal pattern and thus enable month-onmonth comparison of the series. Trend data is extracted to enable predictions and projections
by policy makers.
A critical element for the approach in the calculation of the MUR is the quality issues related to the
timeliness of data dissemination. The choice of method adopted is also based on the quality standards
set by Eurostat (2015) whereby the series produced must satisfy the volatility and revisions criteria.
The paper is divided in five sections. After the introduction of the topic of official unemployment
statistics in Malta, Section One describes the different data sources used to measure employment
and unemployment . Section Two provides an account of the methods and applications applied in this
paper, specifically the methods of calculation of the NSA, SA and trend component. Section Three
refers to quality criteria used for model selection with reference made to the computer applications
used. Section Four discusses the results by comparing the three series produced and their quality
dimensions. Section Five presents the conclusions. Information on the ARIMA methodology and SA
results emanating from the ARIMA models are found in the appendices.
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Data
Since the NSO publishes two sets of labour market statistics, the variation between the two sources is
a major concern for users. The differences between the LFS and Jobsplus data mainly concern the
definitions used, data collection methods and timeliness of data output.
The LFS is an ongoing panel survey which provides quarterly statistics on employment and
unemployment together with other variables at a T+3 months lag. Based on the definitions of
the International Labour Office (ILO) labour force classification, the LFS is the official measure of
employment and unemployment across all EU Member States. The definition used divides the
population aged 15 and over in three mutually exclusive groups: (i) employed, (ii) unemployed and
(iii) inactive (National Statistics Office, 2019).
Jobsplus provides registered stock employment and unemployment data recorded at a monthly level.
The NSO publishes Jobsplus registered employment stock data at T+6 months. Full-time and parttime status is determined by the employer’s declaration (or oneself in case of self-employment) in
the engagement form, a legal requirement requested by employers upon employee engagement2
(National Statistics Office, 2019).
Regarding unemployment, Jobsplus data is published by the NSO at T+1 month. Jobsplus categorise
unemployed persons and those registering for work as follows:
● Part 1 - New job seekers who have left school, re-entrants into the labour market, or 		
individuals who have been made redundant by their former employer.
● Part 2 - Workers who have been dismissed from work due to disciplinary action, left 		
work out of their own free will, refused work or training opportunities, or were struck off the
register after an inspection by law enforcement personnel (National Statistics Office,
2019).
Chart 1 depicts the total number of unemployed persons aged 15-74 from 2005 to 2019 for the
two national data sources. Although there is an approximate discrepancy of 5,000 persons over the
years, both sources follow the same trend. The main difference in the two sources lies in the broader
definition used in the LFS. According to the LFS methodology, a person is considered unemployed if
the person is actively looking for a job in the last 15 days following the reference period, through various
methods such as answering for a job vacancy through a newspaper advert, apart from registering
with Jobsplus and being ready to start work within the forthcoming two weeks.
As from 2014 policies introduced by Jobsplus led to the widening of the gap between the two sources.
In their efforts to reduce unemployment, Jobsplus enhanced their enforcement measures against
abuse and introduced several incentives to encourage work participation such as:
● Youth Guarantee Scheme targeting the 15-24 age group
● Mature Workers Scheme targeting persons aged 45-64 and registering under
Parts 1 and 2.
2

Declaration of Commencement of Employment: https://jobsplus.gov.mt/employers-mt-MT-en-GB/fileprovider.aspx?fileId=1359
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Chart 1: Number of unemployed persons (LFS) and number of registered unemployed persons
(Jobsplus): Q1/2005-Q1/2019
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The methodology described in this paper creates a new monthly series of unemployment data,
unifying both sources to produce one monthly unemployment rate. Although the level of register data
is not directly comparable to international monitoring of unemployment and employment levels, the
month-to-month changes derived from Jobsplus can still be used as an indicator in the model. On
the other hand, the LFS provides quarterly benchmarks for employment and unemployment levels
based on the ILO definitions. Correlations between the two sources have been performed prior to the
implementation of the model. From the monthly Jobsplus data and quarterly LFS data, a total of eight
components are required to build the MUR, as shown in Table 1.
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Table 1: Data components
Age Group

Sex

Variable Name

Description

15 -24

M

M_U25

Unemployed males between 15 and 24 years

15 - 24

F

F_U25

Unemployed females between 15 and 24 years

25 - 74

M

M_025

Unemployed males between 25 and 74 years

25 - 74

F

F_025

Unemployed females between 25 and 74 years

15 - 24

M

M_E_U25

Employed males between 15 and 24 years

15 - 24

F

F_E_U25

Employed females between 15 and 24 years

25 - 74

M

M_E_025

Employed males between 25 and 74 years

25 - 74

F

F_E_U25

Employed females between 25 and 74 years

Methods and Application
The mixed method presented allows for benchmarking and the combination of a monthly and quarterly
time series to produce a more consistent trend. According to the International Monetary Fund (2001),
benchmarking has two main phases:
●
		

Construction of the historical back series to the latest data point available
(the back series)

●
		

Extrapolation of the new series to the latest monthly indicator available
(the forward series).

For benchmarking purposes, the Proportional Denton Method is used, where a common benchmarkto-indicator, also known as the BI ratio, is applied.
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Proportional Denton Method
The Proportional Denton benchmarking method, as described by Chen (2007), uses an indicator
to disaggregate low frequency into high frequency data. This method compiles a series of
monthly estimates as proportional to the movements of the short-term monthly indicator. The newly
benchmarked estimates are subject to the levels provided by the quarterly LFS data. Optimisation
through least squares is carried out subject to the condition that the average value of the three-monthly
unemployment benchmarked estimates given by Denton method (X_t ) within a quarter remains equal
to the actual quarterly value of the LFS. The Proportional Denton Method described in the Quarterly
National Accounts Manual (2001) is used as follows:
2

X
X 
min   t  t 1  , t  1,...,  3 
x1 ,... x3 
I t 1 
t 2  It
3

(1)
where

1 3q
 X t  Kq
3 3q  2
K q = level of quarterly benchmark from LFS for quarter q;
I t = level of indicator from Jobsplus for month t
X t = the derived estimate for month t
t = time
where t = 3q - 2 is equal to the first month of quarter q,
t = 3q is the third month of quarter q

β = last quarter q for which the quarterly benchmark (LFS) is available
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The Proportional Denton Method application is now a pre-installed application of JDemetra 2.2
software. The multiplicative model method was applied, where the average was considered as a type
of temporal aggregation. This monthly disaggregated series, which is used on components described
in Table 1, produces the NSA back series for employment and unemployment figures until the latest
LFS quarterly data is made available.
The forward series consists of an extrapolation of the benchmarked estimates taking into consideration
only the monthly movements. For the forward series, the Proportional Denton Method carries forward
the final BI ratio of the last benchmarked month having the last quarterly data. Effectively, the monthly
BI ratio is forecasted as being the same, from the last benchmarked monthly estimate having the last
quarterly data to the last monthly indicator available. These forecasts do not take into consideration
past trends in the annual BI ratio, hence a potential difference between the back series and the forward
series may be introduced (International Montenary Fund, 2001). In addition, upon the quarterly data
becoming available, revisions are carried out on the previously extrapolated data.
Although the previously mentioned method is a reasonable predictor, an enhancement to this
procedure can still be produced (International Montenary Fund, 2001). In fact, due to the short-term
nature of this indicator, users are particularly keen on these monthly estimates, albeit not having LFS
data available. In view of this limitation, for this study a technique proposed by the International
Monetary Fund (2001) was applied, to the effect that if the movement of the BI ratio is following a
stable time-series (ARIMA model3), then the best forecast is derived from that model.
For the unemployment components, the monthly BI ratio factors are forecasted using a seasonal
ARIMA based model. The benchmarked estimates are then derived by multiplying these forecasted
factors with the available registered monthly data values.
(2)

Xt

BI t 1 / I t 1 , for t

1

0,1,

,T

Where

X t +1 = the derived forecasted estimate for month t+1
BI t +1 = the derived forecasted estimate for month t+1
X t +1 = the level of indicator for month t+1
t

= time,

where when t = 0 = the first month following the last benchmarked monthly estimate for which the
quarterly benchmark (LFS) is available.

3

ARIMA – Auto regressive Integrated Moving Average
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As already stated, registered monthly data required for the compilation of a comprehensive employment
data set is not available in a timely manner, hence the benchmarked estimates are forecasted using
seasonal ARIMA based models. JDemetra 2.2 software is used for the ARIMA time-series model using
the Tramo/Seats application. Models are selected every quarter, in line with the publication of a new
LFS estimate. For each component, this forward series and the back series produce the full NSA time
series together with the aggregates and calculations producing the NSA monthly unemployment rate.

Seasonal adjustment
The main aim of seasonal adjustment (SA) is to remove systematic calendar fluctuations that take place
as a result of seasonal factors. This facilitates comparisons between consecutive time periods (Nau,
2014). Generally, modelling time series data refers to the decomposition of the raw series into three
components: the seasonal, trend and irregular component (Findley and McElroy, 2018). Throughout
this work, ARIMA based models4 were used for seasonal adjustment, where the methodology and
implementation details were described by Findley and McElroy (2018).
This process requires that models for seasonal adjustment are identified and updated on an annual
basis. However, the ARIMA models’ coefficients are estimated each month. The indirect approach
is used, where SA is carried out on the NSA levels of the components. As a result, the eight series
referred to in Table 1 are used. The indirect approach guarantees that the summation of the seasonally
adjusted components equates to the seasonally adjusted aggregate (Eurostat, 2018).
Nau (2014) describes practical ways for model selection, where the modelling focuses on the quality
of the ARIMA model, the stability of the adjusted series, the detection of seasonality and the revision
analysis. JDemetra 2.2 provides a wide range of measures to assess the quality, accuracy and
reliability of the time series model selection (Grudkowska, 2017). Furthermore, checks on seasonality
in JDemetra 2.2 are carried out, including the application of the Freidman and Kruskall-Wallis tests to
check the time series for stable seasonality. In addition, a combined seasonality test is used to assess
moving seasonality (Grudkowska, 2017). Following time series modelling, the trend and seasonal
components are extracted. The seasonal component provides the SA levels necessary to compute
the seasonal monthly unemployment rate.

4

Equations related to the ARIMA based models are included in Appendix 1.
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Quality assessment
The method applied to produce the MUR was assessed in terms of different quality dimensions,
namely volatility, revisions, identification of turning points and timeliness. Eurostat (2015) prioritises
two main quality criteria: volatility and revisions. These quality criteria were adopted for the total SA
MUR:
(a) Volatility: The Task Force report on the MUR published by Eurostat (2015)
recommended that volatility should be based on two tests:
●

The frequency of double large (>0.2) inversions < 5%

●
The correlation between month-on-month changes belonging to the [-0.3; 0.75] 		
		interval.
(b) Revisions: The Task Force report proposed that the revision quality indicator should be
based on two tests (Eurostat, 2015):
●

The frequency of very large revision in levels (>0.3) < 10%

●

The frequency of large revision in month-on-month changes (>0.2) < 10%.

The methodology applied to produce the national MUR has therefore been evaluated using the above
quality measures. Results of this exercise are presented in Section Four.

Data Analysis and Quality Measures
Data analysis was carried out from January 2005 to May 2019 (for all components and their aggregates).
Non-seasonally adjusted data
As depicted in Chart 2, the new NSA series was on the same level as the LFS data, mirroring the
monthly trend of the registered unemployed data series. The Denton method adopted provides
correct benchmarked estimates following the monthly pattern available within an existing quarterly
benchmark. In this way, the turning points were correctly identified while revisions were kept to a
minimum.
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Chart 2: Number of benchmarked unemployed persons compared to LFS data and Jobsplus data:
January 2005-May 2019
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It is paramount to determine the correct turning points at the end of the series, as large revisions may
weaken users’ trust in statistics5. The first revision to the data resulted from the inclusion of the most
recent LFS data in the NSA process, affecting both employment and unemployment levels. Table 2
shows an extract of the changes in the MUR with the introduction of LFS quarterly benchmarks, with
changes ranging between ±0.2. Revisions are more predominant for each individual component.

5

Based on Eurostat’s Code of Practice https://nso.gov.mt/en/nso/Pages/Code-of-Practice.aspx
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Table 2: Extract of the revisions triangle for May 2019 on the NSA estimates for the total monthly
unemployment rate
Monthly Time Series

Nov - 18
Dec - 18

Nov - 18

Dec - 18

Jan - 19

Feb - 19

Mar - 18

Apr - 19

May - 19

3.7

3.7

3.7

3.6

3.6

3.6

3.6

3.6

3.6

3.4

3.4

3.4

3.4

3.6

3.4

3.4

3.4

3.5

3.5

3.5

3.5

3.6

3.5

3.5

3.5

3.5

3.5

Jan - 19
Vintage
data

Feb - 19
Mar - 19
Apr - 19
May - 19

3.4

Further results on the quality dimension are presented in Appendix 3. The frequency of double
large inversions of the total MUR for May 2019 was 0.6% while the correlation between month-onmonth changes was within the interval specified (Appendix 3, Table A1). A high correlation close to 1
indicates that there might be a trend in the month-on-month changes, while a high negative correlation
indicates excessive volatility. A volatile series does not allow for a correct interpretation of the data and
the pattern may not be directly associated with the current economic situation.
●

Seasonally adjusted data

The ARIMA models used for the seasonal adjustment of each of the eight series are presented in
Appendix 2. An analysis of the NSA, SA and trend series was carried out by sex and age. The trend
data proves to be the smoothest series, while the SA data follows the same direction as the NSA with
a weaker amplitude, indicating a more stable series across the years.
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Further comparisons were made between two age groups: 15-24 and 25-74. Results showed that
the older age cohort series was smoother. In fact no seasonal pattern was identified for unemployed
males in the 25-74 age group (Chart 3). On the other hand, the 15-24 series proved to be more volatile
and seasonal with a high irregular component (Chart 4).
Chart 3: NSA, SA and trend component for the unemployment rate in the 25-74 age group
7.0
6.0
5.0
4.0
3.0
2.0
1.0
0.0

Trend

NSA

SA

The distinction between the two series may be attributed to the different unemployment characteristics
associated with these two age groups. The younger age cohort mostly comprises students who
enter and exit the labour market according to their plan of studies, whereas the older age group
unemployment characteristics remain stable throughout the year. Despite the seemingly high volatility
in Chart 4, the frequency of double large inversions for the SA unemployment rate in this age category
is almost negligible (Appendix 3, Table A3).
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Chart 4: NSA, SA and trend component for the unemployment rate in the 15-24 age group
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With every new observation, a moderate revision in the SA series was observed every month. However,
updates of seasonal adjustment models upon finalising annual data resulted in higher revisions in
the seasonally adjusted series. Additionally, occasional revisions occurred since LFS estimates are
aligned periodically with population figures. Quality assessment on the SA total MUR reveals that the
revisions criteria set by Eurostat were met for the total seasonally adjusted unemployment rate. When
taking into consideration all vintage points in the past three years, very large revisions in levels (the
difference in the unemployment rate between the first time it was published and six months later)
amounted to 9.2% (less than 10%) while large revisions in month-on-month changes amounted to
6.0% (Appendix 3, Table A4).
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Conclusion
This paper illustrates a unified unemployment rate, combining the two sources of unemployment
in Malta. The method applied for the MUR computation at national level indicates an accurate
interpretation of past information, along with forecast data with minimal revisions.
The NSO started to publish these rates in a monthly news release from May 2019. Moreover, Eurostat
has discontinued the production of its own MUR estimates as Malta has succeeded in incorporating
the national MUR in Eurostat’s monthly unemployment publications and databases.
Despite the methodological notes, metadata explanations, and operational manuals, the concept of
seasonal adjustment remains a challenge for the statistician to explain in simplified terms that users
can understand. The challenge is to educate users not only on the differences between the data
sources of unemployment but also on the concepts used, revisions and interpretation of results.
The proposed approach discussed in this paper is not a novelty but is optimal in solving problems
related to temporal disaggregation and forecasting. This methodology may serve as a good starting
point for model-based unemployment rate forecasts within the NSO, where further refinements and
applications are possible. A possible research topic could focus on forecasting LFS data one quarter
ahead before running the temporal disaggregation step. This method may possibly decrease data
revisions of the unemployment rate. In addition, other applications can be devised for use of this
methodology, such as geographical representation.
At present the NSO publishes the harmonised MUR, in a timely manner, at t+30 days. By computing
the MUR, Malta has managed to meet the IESS requirements two years ahead of time. But this is not
the sole achievement. Owing to its effectiveness and unified approach, the MUR indicator is pivotal
to policy makers and a vital tool for policies related to social outlook and unemployment strategy
planning.
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Appendix 1
ARIMA model for seasonal adjustments
According to Nau (2014), seasonal ARIMA model can be described as the combination of AR(p),
I(d) and MA(q) models as follows:
ARIMA = (p, d, q) x (P, D, Q)
(3)
where
p / P is the order of the Auto Regressive (AR) model / seasonal model
q / Q is the order of the Moving Average (MA) model / seasonal model
d / D is the order of differencing to make the series stationary / seasonality stationary
In more Greek terms, the Auto-regressive process of order p denoted as AR(p), is described by the
following equation:

yt  1 yt 1  2 yt  2  p yt  p  t
(4)
Where



t is white noise t ~ N 0,  2



The seasonal auto regressive process of order Q, denoted by AR(P)S, where S is the seasonal period,
is described by

yt   S yt  S  2 S yt  2 S QS yt  PS  t
(5)
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The moving average of order q, denoted as MA(q) is described by the following equation:

yt  1t 1   2t  2  qt  q  t
(6)
Where



t is white noise t ~ N 0,  2



The seasonal moving average of order Q, denoted by MA(Q)S, where S is the seasonal period, is
described by

yt   St  S   2 St  2 S QSt QS  t
(7)
Difference used to make the series stationary of order d, denoted by I(d) is described by

1 B 

d

yt  t

(8)
Likewise, seasonal difference of order D, denoted by I(D)S is described by

1 B 
S

D

yt  t

(9)
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ARIMA models for the unemployment series for May 2019
Arima model - M_U25 - [(2,0,0)(1,0,0)]

Coefficients

T-Stat

P[|T| > t]

Phi(1)

-1.4064

-22.65

0.0000

Phi(2)

0.5911

9.62

0.0000

BPhi(1)

-0.4657

-6.65

0.0000

Mu

0.7474

14.83

0.0000

Coefficients

T-Stat

P[|T| > t]

Theta(1)

0.5871

7.89

0.0000

Theta(2)

0.2558

3.44

0.0007

BTheta(1)

0.3092

4.19

0.0000

Arima model - F_U25 - [(0,1,2)(0,0,1)]
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Arima model - M_O25 - [(3,0,2)(0,0,0)]

Coefficients

T-Stat

P[|T| > t]

Phi(1)

-1.865

-17.01

0.0000

Phi(2)

1.5927

9.85

0.0000

Phi(3)

-0.6755

-8.33

0.0000

Theta(1)

-0.2145

-1.69

0.0922

Theta(2)

0.3931

3.84

0.0002

Mu

1.4556

23.06

0.0000

Coefficients

T-Stat

P[|T| > t]

Phi(1)

-0.7065

-9.88

0.0000

Theta(1)

0.9218

10.06

0.0000

Theta(2)

0.6595

5.87

0.0000

Theta(3)

0.3647

4.22

0.0000

BTheta(2)

-0.6645

-10.25

0.0000

Arima model - F_O25 - [(1,0,3)(0,1,1)]
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ARIMA models for the employment series
Arima model - M_E_U25 - [(3,0,0)(1,0,1)]
Coefficients

T-Stat

P[|T| > t]

Phi(1)

-1.5013

-19.61

0.0000

Phi(2)

0.9093

7.55

0.0000

Phi(3)

-0.1714

-2.24

0.0263

BPhi(1)

-07.952

-10.5

0.0000

BTheta(1)

-0.04585

-4.16

0.0001

Mu

2.6072

>100

0.0000

Coefficients

T-Stat

P[|T| > t]

Phi(1)

-1.7407

-23.07

0.0000

Phi(2)

1.1703

9.18

0.0000

Phi(3)

-0.3286

-4.36

0.0000

BPhi(1)

0.3957

5.13

0.0000

Arima model - F_E_U25 - [(3,0,0)(1,1,0)]
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Arima model - M_E_O25 - [(3,1,0)(0,1,1)]

Coefficients

T-Stat

P[|T| > t]

Phi(1)

-0.8199

-10.52

0.0000

Phi(2)

0.1652

1.63

0.1056

Phi(3)

0.2588

3.32

0.0011

BTheta(1)

-0.755

-13.39

0.0000

Mu

0.0003

2.34

0.0204

Coefficients

T-Stat

P[|T| > t]

Phi(1)

0.9077

-11.65

0.0000

Phi(2)

0.2523

2.4

0.0178

Phi(3)

0.2871

3.68

0.0003

BPhi(1)

-0.3007

-2.95

0.0037

BTheta(1)

-0.8038

-12.18

0.0000

Arima model - M_E_O25 - [(3,1,0)(0,1,1)]
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Quality criteria of the seasonal adjusted models

N

Seasonal

Log

Mean

BIC

SE(res)

Q-val

input MU25

173

1

1

1

-5.208

0.070

26.748

input FU25

173

1

0

0

-3.233

0.192

30.578

input MO25

173

0

1

1

-6.315

0.040

22.583

input FO25

173

1

1

0

-5.813

0.051

19.456

input MEU25

173

1

1

1

-7.868

0.018

28.282

input FEU25

173

1

1

0

-7.551

0.022

33.585

input MEO25

173

1

1

1

-11.270

0.003

25.171

input FEO25

173

1

1

0

-9.547

0.008

25.265
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Appendix 3
Quality assessment
Quality assessment on the NSA series for May 2019:
Table A1: Quality estimates for NSA data based on volatility criteria in Section Three

Frequency of
double large
inversion

Correlation between
month-on-month
changes

15 - 24

25 - 74

Males

Females

Total

%

%

%

%

%

1.8

0.0

0.0

2.9

0.6

15 - 24

25 - 74

Males

Females

Total

0.4

0.5

0.5

0.4

0.2

Table A2: Quality estimates for NSA total MUR based on Eurostat revision criteria in Section Three

%

Very large revision in levels (>0.3)

11.2

Large revision in month-on-month
changes (>0.2) <10%

5.1
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Quality assessment on the SA series for May 2019:
Table A3: Quality estimates for SA data based on volatility criteria in Section Three

Frequency of
double large
inversion

Correlation between
month-on-month
changes

15 - 24

25 - 74

Males

Females

Total

%

%

%

%

%

0.1

0.0

0.0

0.0

0.0

15 - 24

25 - 74

Males

Females

Total

0.4

0.5

0.5

0.4

0.3

Table A4. Quality estimates for SA total MUR based on Eurostat revision criteria in Section Three

%

Very large revision in levels (>0.3)

9.2

Large revision in month-on-month
changes (>0.2) <10%

6.0
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Abstract: Index numbers are measures of change and are very useful in quantifying abstract and
complex elements into one single numerical value. The method to reduce these elements into a single
number is a key debate in index number theory. This is known as the index number problem since
there is no unique way to construct such a value.
The aim of this research is to apply the index number problem to a key short-term volume indicator of
the Maltese economy - the index of industrial production.
In this empirical study, new index numbers for the index of industrial production are constructed using
different quantity indices at the lower and higher levels of aggregation. These newly constructed
indices are compared to the current index published by Malta’s National Statistics Office (NSO).
The comparative exercise involves the expression and application of the mathematical framework
used in the official compilation of the index of industrial production. The framework also explains how
the issue of product replacement, an important practical problem in the realm of quality adjustments,
is dealt with in practice.
The study emphasises the importance of the effects brought about by the choice of index technique
on the measurement of change captured by the indicator. The empirical results suggest that the index
of industrial production exhibits more volatility when an index technique is changed at the higher
levels than at the lower levels of the aggregation structure. The main limitation of the research is the
accuracy of the monthly weights used for certain weighted aggregate formulae.
Keywords: index number problem, industrial production, official statistics

Introduction
“The index number problem is typically a problem of aggregation of changes in heterogeneous
elements” (Milana, 2009).
The best method to aggregate these elements constitutes a key debate in index number theory
because there is no unique way to construct such a number. Index number techniques may be
classified into two broad categories: unweighted and weighted indices.
Unweighted indices are elementary aggregate formulae used at the lower levels of the aggregation
structure, while weighted indices are used at higher aggregate levels. The weighted indices can be
further broken down into asymmetrically weighted indices and symmetrically weighted indices. The
former ones draw weighting information from one period while the latter use weighting information
equally from two periods.
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Since there are several index compilation techniques at both levels of aggregation, choosing the best
one is an issue that should be examined thoroughly because different formulae lead to different index
numbers. Theoretically, the index number problem is a complex and controversial one. Although
various attempts have been made to identify the best formula, there is still no consensus on the matter
(Ralph, O’Neill and Winton, 2015). Moreover, even if consensus is reached, indices compiled for
official statistics may not be produced using the best theoretical methods because statistical offices
are faced with various practical issues such as timeliness and data availability.
Other factors encountered by practitioners during index compilation stage are quality adjustments.
In fact, applying theory to practice is a complex task (Ralph, O’Neill and Winton, 2015). It should
be observed that although the index number problem has received considerable attention from a
theoretical perspective, empirical studies in this area are limited (Johnson, 1996).
This paper aims to enrich existing empirical knowledge on the index number theory by constructing
the index of industrial production (IIP) for Malta using different methods at both lower and higher levels
of aggregation. These different index numbers are then compared to the official index published by
the NSO. The research also highlights the impact on the mathematical techniques used in official
statistics when statisticians deal with the issue of product replacement in the compilation of a quantity
index.
The Methodology section provides the mathematical framework of the indices used at the lower
and higher levels of aggregation. The actual technique applied by the NSO to compile the IIP is
mathematically expressed step by step. This framework is then applied in the compilation of the new
indices.
The Results section provides the empirical evidence resulting from the application of the index number
problem. It presents the results of the new index numbers and compares them to the current official
IIP.
The Conclusion brings together the main concepts of the study, highlighting limitations and discussing
avenues for further research.
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Methodology
The NSO applies two techniques to compile the IIP. At the lowest levels of aggregation, the indirect
Dutot quantity index is used as the elementary aggregate formula while at higher levels, the Laspeyres
quantity index is used as the weighted aggregate formula.
This section expresses the mathematical framework used by the NSO to compile this volume indicator.
The issue of product replacement, an important quality adjustment technique and a very difficult
problem that statisticians face in practice (Nicholson, J.L, 1967) is also incorporated and explained
in the framework. The same framework is then applied in the construction of the new indices. The
inclusion of the product replacement issue introduces the concept of the error term.
In this study, the newly constructed unweighted indices are the Carli and Jevons indices, while the
weighted ones are the Paasche, Fisher, Törnqvist and Drobisch indices. The Laspeyres and Paasche
indices are asymmetrically weighted while the Fisher, Törnqvist and Drobisch indices are symmetrically
weighted. The official index is the target index and the newly constructed indices are compared to it
to derive analytical conclusions.
Lower levels of aggregation: Unweighted indices
Dutot quantity index

●

A Dutot index at time t denoted byD0,t, is mathematically expressed as the ratio of arithmetic mean of
n product quantities classified under one CPA 2 product group, produced by n sampling units3 in the
following way:
1 n
n
q
q
i 1 i,t
													
n
i 1 i,t
0, t
n
1 n
q
qi ,0
i 1 i ,0
n i1

(1)

qi,0 is the production quantity of product i at base period 0 and

where:
		

qi ,t is the production quantity product i at period t

This is the direct method of the Dutot quantity index compilation. This method calculates
the index number at time t in one direct step by comparing the quantity at time t with
the quantity at time 0. However, in practice the NSO uses an indirect approach to
calculate the Dutot index number at time t. This involves multiple steps given below:
												
D
D 0 D 1 D 2 D t 2 D t 1
0,

0, 1

0, 2

2

0, 3

0, 1

0, t

CPA stands for Classification of Products by Activity and is an official statistical classification used by the NSO.
In the IIP, a CPA product group refers to products that are categorized under a 6-digit CPA code.

3
The IIP is calculated using a combination of three methods; the physical quantities (PQ) method, the hours worked method (HW) and
the deflated turnover (DT) method. The notation throughout the paper refers to the PQ method. In the case of the HW method and the DT
method, the n quantities correspond to the hours worked and turnover of n sampling units that are classified under a NACE category.
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 q above is an index number (von der Lippe, 2007) at time τ which
 q
is re-referenced to its preceding period τ - 1 in the following way:
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Even though the direct and indirect methods are equivalent i.eD0, t  D0, t the latter method is
preferred because it caters for the issue of product replacement between weight updates.4
Suppose product j (classified under a particular CPA code) which existed at time 0 no
longer exists at time t and must be replaced by another product jI (classified under the same
CPA code). In such a case, the two methods will no longer be equivalent to each other i.e.
0,t = 0 ,t and an error term  0 emerges depending on the time τ at which the replacement product
takes place (von der Lippe, 2001 and UNSD, 2010). Mathematically this is expressed as:
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 0 < 1 it means the production quantity at time t where t > τ relative to the production quantity at

time
t = 0, in reality should have risen less than the 100
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percentage change. This is

because the higher levels of production quantity at time t are due to the different nature of the product
jI replacing the product j. Thus, a current-period adjustment is made and the production quantity at

time t is adjusted. If  0 > 1, it is the other way round.

Using this method, comparability between two adjacent periods is achieved by applying the concept
of 'like with like'. This approach is possible because data is available for both products j and jI at time
ττ . This is called the overlap method (UNSD, 2010).
4
The IIP is rebased every 5 years as governed by the Short-Term Statistics (STS) regulation.
By rebasing it is meant that both the reference base and the weight base are updated. Thus, weights are updated every 5 years.
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Carli quantity index

●

The Carli quantity index is mathematically expressed as the arithmetic mean of n quantity relatives
corresponding to the n product quantities classified under one CPA product group in the following
way:

q
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 qi ,0 

The quantity relative 

Q i0,t ,

(4)

is calculated indirectly in order to cater for
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If product j is replaced by another product jI at a point in time between 0 and t, for example time

τ , 0j,t ≠ 0j,t and the quantity relative can be mathematically expressed in the following way:
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Qj

In this case, the Carli index number at time t is calculated by taking the arithmetic mean of the n
quantity relatives in the following way:

1
n
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j
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The Carli index differs from the Dutot index because the replacement of product adjustment occurs
at the individual product level rather than at the product group level. The reason being the different
nature of the elementary aggregate formula. In the Dutot index, the quantity relative is calculated
on the CPA product group aggregate while in the Carli index, the quantity relative is calculated at
sampling unit level.
●

Jevons quantity index

Analogously the quantity relatives associated with the Carli index, as discussed above, can also be
aggregated using the Jevons index. The Jevons quantity index is mathematically expressed as the
geometric mean of n quantity relatives corresponding to the n product quantities classified under one
CPA product group in the following way:
1

q, n
														
(8)
J 0,
q
i 1
i ,0
n

q,

The quantity relatives

in the equation above, are calculated indirectly in order to cater for the
qi ,0
replacement of products issue in the same manner they were calculated for the Carli index.
The Jevons index number at time t is then calculated by taking the geometric mean of the n quantity
relatives in the following way:
j
													

n Q1
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Q j Q 0n
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Higher levels of aggregation: Weighted Indices
●

Laspeyres quantity index

To compile indices at higher levels of aggregation, the Dutot index numbers at different CPA product
group levels are aggregated to measure the volume change at the industry (NACE division) level.
For the Maltese IIP, a Laspeyres quantity index at time t denoted by Lt is used. This index can be
mathematically expressed as the weighted sum of quantity relatives in the following way:
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where wi,0 is the relative share that product group i contributes to the total value of output of the
industry 5 at the base period 0.

pi 0qi0

wi 0
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 in the equation above are substituted with one of the elementary
 qi0 


In practice the quantity relatives 

aggregate index numbers. In the case of the IIP, these are the Dutot index numbers
official construction of the IIP, the Laspeyres quantity index at time t is given by:

0,t . Thus, in the
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Higher levels of aggregation, including the total IIP, are calculated in the same manner by using the
Laspeyres quantity index numbers from the previous aggregation level.
Paasche quantity index

●

Similar to the Laspeyres index discussion above, the Dutot index output can be aggregated using the
Paasche index which can be mathematically expressed as the weighted harmonic mean of quantity
relatives as follows:
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The notation throughout the higher levels of aggregation sub-section refers to the PQ method. In the case of the HW method and the DT
method, i refers to the NACE division and wi,0 is the relative share that NACE division i contributes to the total index of industrial production.
5

At higher levels of aggregation i refers to the NACE division rather than the product group and wi refers to the relative share that NACE
division i contributes to the total industry.
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In the official IIP, the Paasche quantity index at time t is given by:
1

n

1
P0,
w,
													
(13)
D0,
i 1
●

Fisher quantity index

The Fisher index is calculated as the geometric mean of the Laspeyres index and Paasche index. It
can be mathematically expressed as:
													 (14)

F  L
●

0,

Drobisch quantity index

An alternative way to reconcile the Laspeyres and Paasche indices is by taking the arithmetic
mean of the two indices. This is the Drobisch index and is mathematically expressed by:
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Törnqvist quantity index

Lastly, the Dutot index numbers can be aggregated using the Törnqvist index which is mathematically
expressed as the weighted harmonic mean of quantity relatives in the following way:
wi ,0 wi ,
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The weights used in this index are the arithmetic means of the relative share that product group i
contributes to the total value of output of the industry at the base time period 0, and the relative share
that product group i contributes to the total value of output of the industry at the current time period t.
The Törnqvist quantity index at time t is given by:
n
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Results
This section presents the empirical results obtained when the mathematical framework and index
calculation techniques discussed in the Methodology section were applied. The first part focuses
on the indices used at the lower levels of aggregation and compares the officially published Dutot/
Laspeyres with the Carli/Laspeyres and Jevons/Laspeyres index outputs.
The second part focuses on the indices used at higher levels of aggregation and compares the
officially published Dutot/Laspeyres with the Dutot/Paasche, Dutot/Fisher, Dutot/Törnqvist and Dutot/
Drobisch outputs.
Lower levels of aggregation: Unweighted indices
Chart 1 compares the three different elementary aggregate indices: the Dutot index, the Carli index
and the Jevons index. All indices use the Laspeyres index formula at the higher levels of aggregation.
Chart 1: The elementary aggregate indices: Dutot, Carli and Jevons indices with 2015=100
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In order to provide some measure of the performance of these indices, they are compared against a
target index. The official IIP using the Laspeyres index with Dutot elementary index numbers is chosen
as the target index, in order to see which index closely approximates it. The comparison is made by
using the average monthly percentage difference for the years 2015-2018 between the target index
and the alternative indices (Armknecht and Silver, 2012). The difference between the target index
and the Carli/Laspeyres index is -0.26 while that between the target index and the Jevons/Laspeyres
index is -0.02. This means that the Jevons/Laspeyres is a closer approximation to the official Dutot/
Laspeyres than the Carli/Laspeyres.
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Higher levels of aggregation: Weighted indices
The analysis in this sub-section is split into two parts. The first part compares the official Dutot/
Laspeyres with the newly constructed Dutot/Paasche and Dutot/Fisher indices. This comparison
helps establish the relationship between the price and quantity relatives used in the IIP. The second
part compares the Dutot/Laspeyres with the Dutot/Drobisch and Dutot/Törnqvist. Chart 2 shows the
Laspeyres, Paasche and Fisher indices calculated with the Dutot index numbers as the elementary
aggregates.
Chart 2: The weighted indices: Laspeyres, Paasche and Fisher indices with 2015=100
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Chart 2 reveals that the Fisher index lies between the Laspeyres and Paasche indices. This will always
be the case due to the mathematical nature of the Fisher formula and thus the latter two indices will
always act as its upper and lower bounds. The differences between the Laspeyres and Paasche
indices are due to the more frequent updates of aggregation weights prevalent in the calculation of
the Paasche index. This is especially pronounced in 2016, where the weight (calculated using the
Gross Value Added) of a specific NACE Division changed significantly.
In general, the Laspeyres index will be the upper bound and the Paasche index will be the lower
bound (Johnson, 1996). This generalisation is stated by the Theorem of Ladislaus von Bortkiewicz, to
the effect that if the price and the quantity relatives have a negative correlation, then L0,t > P0,t , and
inversely if the price and quantity relatives have a positive correlation then P0,t > L0,t .
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A negative correlation means that the prices and quantities move in opposite directions, indicating
a demand-oriented market which is a more frequent situation in the economy (von der Lippe, 2007).
This is the reason why, in general, the Laspeyres index will be the upper bound.
However, as depicted in Chart 2, this is not always the case. The results show that during certain
periods, the Laspeyres index was the lower bound. In such cases, there was a positive correlation
between the price and quantity relatives, indicating a market where the consumer is unable to react
to rising prices by reducing consumption (von der Lippe, 2007).
The next results compare the Laspeyres, Drobisch and Törnqvist indices calculated with the Dutot
index numbers as the elementary aggregates. This is shown in Chart 3.
Chart 3: The weighted indices: Laspeyres, Drobisch and Törnqvist indices with 2015=100
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Chart 3 shows that the same gap depicted in Chart 2 during 2016 is also present when the comparison
is made between the target index and the Drobisch and Törnqvist indices.
The average monthly percentage differences between the target index and the alternative indices
that were computed for the lower levels of aggregation are also computed for the higher levels of
aggregation. Given that the Fisher and Drobisch indices are different means of the Laspeyres and
Paasche indices, they will naturally be closer to the Laspeyres index. Hence, they are not directly
compared to the Törnqvist and Paasche indices. Instead, the Törnqvist and Paasche indices are
compared to each other, as are the Fisher and Drobisch indices.
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The average monthly percentage difference between the target index and the Törnqvist index is -1.30
while that between the target index and the Paasche index is -2.85. This means that the Törnqvist
index numbers are closer measures of change to the current Laspeyres index than the Paasche index
numbers.
The average monthly percentage difference between the target index and the Fisher index is -1.50
while that between the target index and the Drobisch index is -1.44. This means that the arithmetic
mean (Drobisch index) of the Laspeyres and Paasche indices is a closer measure of change than the
geometric one (Fisher index).
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Discussion and Conclusion
This paper sought to contrast the official index formula used in the compilation of the IIP with
possible alternatives. It revealed which alternative provides the closest match to the official IIP.
The results show that at the lower levels of aggregation, the Jevons/Laspeyres index produced results
closest to the target index while at the higher levels of aggregation, the closest indices were the Dutot/
Drobisch and the Dutot/Törnqvist.
The results from the study also suggest that although there is volatility in both levels of aggregation
when the index formula is changed, the IIP seems to be more sensitive to a change in a weighted
aggregate formula used at the higher levels of aggregation than a change in an elementary aggregate
formula used at the lower levels of aggregation.
The results of this research indicate that a change in the index formula contributes to material
differences and are in line with the conclusions of similar studies mainly involving price indices. These
include studies by the Australian Bureau of Statistics (Johnson, 1996), Statistics Canada (Huang,
Wilamaratne and Pollard, 2015) and the European Central Bank (Gabor and Vermeulen, 2014).
These results do not indicate that the current index number formula needs to be changed. Rather, they
highlight the differences that exist between the different formulae. This argument was also mentioned
by Statistics Canada where a recommendation to change an index formula could not be implemented
based on the empirical results alone (Huang, Wilamaratne and Pollard, 2015).
Furthermore, it must be noted that timeliness of data is a significant limiting factor in official statistics.
In practice, not all indices can be calculated in a timely manner due to data availability issues. Such
issues include the availability and accuracy of the current period weights, which was also the main
limiting factor in this research. Through this study, the NSO has obtained valuable information on the
results of different index number techniques other than the officially published Laspeyres index.
In addition, future research could consider the covariance of the Theorem of Ladislaus von Bortkiewicz
to further analyse the relationship between price and quantity relatives. Further analysis could also
be made on the error term where the impact of the error term size on the index numbers could be
studied.
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Abstract: The aim of this paper is to apply the method of temporal disaggregation on the series of
inbound tourism as proposed by Boot, Feibes and Lisman (1967) (BFL) to be able to apply statistical
seasonality analysis on the aforementioned time series. Temporal disaggregation is defined as the
process of transforming a low frequency (LF) series such as an annual or quarterly time series, into a
high frequency series (HF) such as a quarterly or monthly time series. Approaches such as the BFL
are purely mathematical and so they are the least suggested methods. In this paper, given we have
an indicator series, we make an adjustment to cater for the seasonality of the indicator series while
using the BFL. We present the matrix details of the BFL and the adjustment. Finally, this approach is
compared to the Modified Denton (1971) and the Chow-Lin (1971) methods.
Keywords: low frequency, high frequency, temporal disaggregation, time series, seasonal, sinusoidal
wave, industrial production and Harmonised index of consumer prices.

Introduction
Statistical analysis often necessitates the need of a high frequency time series. The absence of a high
frequency series may limit research analysis. In such circumstances the objective of the researcher
is to make use of a robust method of transforming low frequency data (annual, quarterly) into high
frequency data (quarterly, monthly).
The absence of high frequency data may be due to various reasons such as but not limited to, (i) survey
collection difficulties (such as respondent burden), (ii) low survey participation and (iii) exorbitant
collection costs. Nowadays, data from registers is also being utilised by researchers through legal
provisions. Such data may also be subject to low frequencies.
National Statistical Institutes (NSIs) often opt to collect data in low frequency and transform it into a
high frequency format. This transformation is generally referred to as ˈTemporal Disaggregationˈ.
Temporal disaggregation methods can be categorised as purely mathematical or as methods that
depend on another high frequency time series, often referred to as an indicator series. Methods that
are purely mathematical include the Sandee-Lisman (1964) and Boot-Feibes-Lisman (1967).
Alternative methods that depend on another high frequency time series include the Modified Denton
(1971), Chow-Lin (1971) and the improvements by Litterman (1983) and Fernández (1981). For other
models and approaches that serve to convert data frequency, one can refer to guidelines on temporal
disaggregation, benchmarking and reconciliation (Bikker et al., 2018). Similarly, Islam (2009) was a
study on the performance of the Chow-Lin and Fernández using Italian gross domestic product (GDP)
data.
Statistical methods that rely purely on mathematical constraints tend to miss some important
information such as seasonality. This is where an indicator time series comes into play. The seasonal
component of the indicator series is extracted and introduced to the BFL output. Finally, the result is
adjusted using a half iteration of the RAS procedure (Lahr and de Mesnard, 2004). We call this method
the Seasonal BFL.
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The Materials and Methods section features the BFL theory when changing a quarterly time series
to a monthly time series. This follows the method used by Boot, Feibes and Lisman (1967) and the
methodological procedure of introducing seasonality to the BFL output.
In the Results section the seasonal BFL and the plug-ins available in JDemetra+ (CROS - European
Commission, 2019) are applied to different time series. The starting point is the consideration of
a monthly time series and its conversion into a quarterly time series. This is important to produce
an ideal outcome. The low frequency series is transformed into a high frequency series using the
software mentioned above. The outputs are then compared with the ideal time series.
In the Conclusion, the results are discussed together with suggestions on how to improve seasonal
BFL.

Materials and Methods
In 1964 Lisman and Sandee pioneered a method which transforms low frequency data (annual) into
high frequency data. The efficacy of this method is due to the ability to work with multiple constraints.
Namely the sum of quarterly figures should, for each year, equal the given yearly total; if the yearly
totals in three consecutive years are (t 1 , t 2 and t 3 ), the quarterly figures for year 2 are the same but
in reverse order from what they would have been had the yearly totals been (t 3 , t 2 and t 1 ); if yearly
total in three consecutive years rise by equal steps (t 2 – t 1 = t 2 – t 3 ), the quarterly figures for year 2
rise by equal steps, the quarterly values during year 2 should lie on a sinusoidal wave (Boot, Feibes
and Lisman, 1967).
Analysis of the Sandee and Lisman method reveals that it is subject to a major limitation. The method
fails to give a value for the first and last years in the data, as a result of the construction utilised.
In 1967 Boot, Feibes and Lisman put forward an improved mathematical methodology of extrapolating
high frequency data from low frequency data. Their method minimises the sum of difference of squares
between successive high frequency values, under the constraint that the respective high frequency
terms add up to the respective low frequency term3.
Basing our paper on this methodology, given quarterly values t 1 ,…,t n, formulate the problem as the
original work (1967) with the difference of having 3n instead of 4n. The reason is that Boot, Feibes and
Lisman executed a transformation process from annual data into quarterly data, while in this paper,
the statistical application is the change from quarterly into monthly data.

mi
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3k
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where xi stands for the i high frequency term. The Lagrangian equation can be formulated by

3n
i 2

xi

xi

n

2
1

k 1 k

tk

3k

x

(1)

i 3k 2 i

After differentiating with respect to xi and equating to 0 for		
i 1, 2, 3 , 3n we obtain 3n equations
with 3n + n unknowns. The problem can be formulated using matrix algebra as follows:
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 transpose of  J multiplied
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a 3n ×1 vector of required monthly values;  is a n × 1 vector of Lagrange multipliers; 3n×1 is a 3n ×
1 vector of zeros
J*and
X = T is an n × 1 vector of quarterly values.


Solving equation (2) we get

B*X = J  *I

(3)

J*X = T

(4)

Hence,		 X  B1 * J  *I . Substituting this in equation (4), one obtains J*B * J *I  T. The values of
1
*T
J*B1 * J   *T . Finally, to find the monthly values,
J**BX
B11*
*BJJ1**JII 
the Lagrange multipliers can then be found
by

J

T
1
use X  B1 * J  *  J*B1 * J  *T
1



Upon inspection, one notices that the column and row summation of  add up to 0. This implies
that  is a singular matrix, hence equation (2) cannot be solved. A solution can be found by using
the theorem below:
Theorem (Rouché-Capelli). Consider Ax = b, with coefficient matrix A and augmented matrix [A│b].
The sizes of b, A and [A│b] are m × 1, m × n and m × (n + 1), respectively; the number of unknowns
is n. Then the following summarise the possibilities for solving the system:
1.

Ax = b is inconsistent (i.e., no solution exists) if and only if:
rank (A) < rank ([A | b]).

2.

Ax = b has a unique solution if and only if:
rank (A) = rank ([A|b]) = n.
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Ax = b has infinitely many solutions if and only if:
rank(A) = rank ([A|b]) < n.

The possibility of a solution exits if the rank of 𝔹   and  the  rank  of   B|J  I  are  equal. A  necessary 

condition for the veracity of this statement is that the sum of columns of  B|J I  are 0. Hence, this
implies that



nn

33»»ii  00

(5)

ii11

To find the solution indicated by the Rouché-Capelli Theorem, remove the last row and column in
matrix 𝔹   and  rewrite  equation  (3)  as
(6)

B* * X*  J* *I  K

*
*
* B
 X
O33n
J first
n1 - 1 rows and columns of , 
where  are
the
3n - 1×
is the vector  x1 ,.., x3n 1  and  is

 

I last
T  The vector  counters a problem that arises when removing the
the matrix J without
Onn  the
 column.
last column of  . A - 2 belonging to equation
was removed. This must be re-introduced for the





xn

1

problem to be solved effectively. Let  be the matrix with 1’s on the diagonal, -1 on the super diagonal
and 0 otherwise. It should be noted that

B* = 2Z *Z

(7)

Furthermore, the inverse of  is the matrix having the  i, j  entry
th

  *J

X*  B*

1

*

*I  K



1
 3n  max{i, j}
2

From equation (6),
(8)

Using equation (8), the elements x1 , , x3n 1 can be expressed in terms of the Lagrangian coefficients
, n and x . Finally, we add  x1 , , x3n 1 in n groups, where on one hand they are equal to t and
1,
k
3n
on the other hand they are equal to a linear combination1 , of,» kn and x3n for 𝑘k ෛ 1, 2, 3, , n This gives n
equations with n + 1 unknowns. Using equation (5) one gets n + 1 equations with n + 1 unknowns. In
matrix form this can be written as
 H 6   I   T 

  
 H  6  0 I x3n T   0 

    
 6 0   x3n   0 

where  is a matrix or order n × n with
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J*B *Jand
*I  T were pre-defined
In equation (9), the vector 6 consists of a 1 × n elements all equal to 6. Vectors
earlier. The matrix  differs from the matrix in Boot, Feibes and Lisman (1967) for reasons already provided.
Solving equation (9), it is possible to obtain values for 1 ,, n and x3n. The application of the latter in equation
(8) results in the solution for x1 ,., x3n1. This concludes the method introduced by Boot,Feibes and Lisman.
1



B1 * J  *I
The following methodological procedure is the process to determine the seasonal BFL. Given X,let
 be a high frequency indicator series with seasonal component ∇ Induce the seasonal component of the
indicator to the BFL output by *∇ . Let Y  X*   y1 , y2 ,, y3n  . It should be noted that that y3k 2  y3k 1  y3k  tk for
every k 1, 2, 3, , n

As a result, proportionality adjustments are applied to the RAS method (Lahr and de Mesnard, 2004).
Essentially, this implies that the quarterly discrepancy is allocated between the method and the actual
data in a proportional way.
Mathematically this allocation is translated as follows:

y1

y1

t1 y1
, y2
y 2 y3

t1 y2
, y3
y1 y 2 y3

t1 y3
y1 y 2 y3

y3n

y3n

2

tn y3n
y3n 1

y3n

Now we obtained a disaggregated time series    y1 , y2 ,, y3n  from the BFL method and the seasonal
component of an indicator time series. In the next section we use the seasonal BFL and compare it to
the BFL, Modified Denton and the Chow-Lin methods.

Results
National Statistics Office (Malta) and Eurostat websites were the data sources used in this paper.
The data used is the monthly inbound tourists (2012-2017), imports and exports - trade data (20132017), industrial production index and the harmonised index of consumer prices. The disaggregation
procedure is applied on inbound tourists and import and exports data; the industrial production index
and the harmonised index of consumer prices (HICP) are the indicator series. In this section we apply
the methods discussed above and compare the results obtained.
We start by considering inbound tourist and export-import data as high frequency time series
(monthly). These are changed to a low frequency time series (quarterly). The low frequency time series
is disaggregated using the methods mentioned in the Introduction. The outputs are then compared to
the already known high frequency time series using several tests.
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Generally, the application of this approach reveals information to the researcher that is not normally
available to the user. This provides a good idea of how the methods fare when compared to each
other and the actual data.
The comparison is done through the Pearson correlation coefficient test and the root mean square
error (RMSE). The latter is used to compare how well a model fits the original data.
The lower the RMSE coefficient, the better the result, with a value of 0 indicating a perfect fit.
The Pearson correlation coefficient tests whether two variables are linearly related. A value of 0
indicates that no relationship is present between the variables while a result of 1(-1) signifies perfect
correlation.
Chart 1a: Inbound tourists using industrial production indicator
Inbound Tourists/ Industrial Production
350000
300000
250000
200000
150000
100000
50000
0
1

4

7

10

13
Actual

16

19

22
BFL

25

28

31

34 37

Seasonal BFL

40

43

46 49
Denton

52

55

58 61

64

67

70

Chow Lin

As indicated earlier, most often the monthly time series is unknown. However, to produce a good
comparison, we consider a monthly time series and change it into quarterly time series. Within this
context, the original monthly time series will be considered the ideal case. The disaggregated time
series shall be referred to as the observed series. The Pearson correlation coefficient r shall be
calculated and its statistical significance will also be tested.
Our analysis starts with a graphical analysis of the results obtained when the BFL, Seasonal BFL,
Modified Denton and the Chow-Lin methods are applied to inbound tourist and trade data (imports
and exports), using the industrial production and the HICP as indicators.
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Chart 1 illustrates the results obtained when the BFL, Seasonal BFL, Modified Denton and the ChowLin are applied to Inbound Tourism using the Industrial Production and HICP as indicators.
Chart 1 also shows the ideal time series and the results obtained when the BFL, Seasonal BFL,
Modified Denton and the Chow-Lin methods are computed. In both cases, the resultant patterns did
not produce a perfect match but nevertheless similar patterns.
Chart 1b: Inbound tourists using HICP indicator
Inbound Tourists/ HICP
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Chart 2: Trade imports (EU28) using industrial production and HICP as indicators
Trade(Imports)(EU28)/Industrial Production
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Disaggregating a time series using the BFL is a process totally independent from the seasonality procedure as
outlined in Section Two.
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Chart 2 depicts the result obtained after treating a non-seasonal time series. Clearly, in this case, the
methods obtained varying results when compared to the original time series. Various peaks in the
original time series are not captured by all models.
Chart 3: Trade exports (EU28) using industrial production and HICP as indicators
Trade(Exports)(EU28)/Industrial Production
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Chart 3 also shows a time series which is not seasonal. The actual data varies from the outputs obtained
by all applicable methods (BFL, Seasonal BFL, Denton and Chow-Lin). Statistical significance tests
on all applicable methods were produced. For the purpose of this paper, the Pearson Correlation
Coefficient r and the t-test or p-value were selected to perform quantitative analysis. The root mean
square error (RMSE) was used to determine the most robust method.
InboundInbound
Tourists
(2012 - 2017) (NSO) Indicator: Industrial Production
Tourists (2012-2017) (NSO)
Indicator: Industrial Production

Method

r

t

P-Value

RMSE

BFL

0.962

29.2930

0.0000

16677

Seasonal BFL

0.961

29.0690

0.0000

16768

Chow-Lin

0.957

27.4450

0.0000

17752

Modified Denton

0.950

25.5100

0.0000

18892
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Indicator: HICP (Eurostat)

Indicator: HICP (Eurostat)

Method

r

t

P-Value

RMSE

BFL

0.962

29.2930

0.0000

16677

Seasonal BFL

0.964

30.1230

0.0000

16235

Chow-Lin

0.965

30.6720

0.0000

16073

Modified Denton

0.961

29.2470

0.0000

16699

Table 1 demonstrates inbound tourist data using the industrial production and HICP as indicators. A
high r value was obtained in all four methods. The t-test indicates whether r is statistically significant,
hence if t > 1.994. Clearly in all cases, this is true, so the Pearson correlation coefficient is statistically
significant. Alternatively, statistical significance can be checked by assessing if the p-value is less
than 0.05. When using the RMSE, the BFL provided the best result when using the industrial production
as an indicator.
However, when using the HICP as indicator, the Chow-Lin produced the best result. The tabulation
indicates that the Seasonal BFL produced the second-best result when applying both the industrial
production index and the HICP as an indicator. It should also be noted that results for BFL and seasonal
BFL were similar when applying the industrial production index as indicator. Minor divergences were
reported when using the HICP as indicator.
The next procedure is the application of the methods to non-seasonal time series. This will facilitate an
understanding of how the Seasonal BFL compares to the BFL, Modified Denton and Chow-Lin.

Table 2: Comparison between methods and real data:Trade (Imports)Trade
(EU28)
- 2017)
(Eurostat) Indicator: Industrial Production
(Imports)(2013
(EU28) (2013-2017)
(Eurostat)
Indicator: Industrial Production

Method

r

t

P-Value

RMSE

BFL

0.696

7.3730

0.0000

56286

Seasonal BFL

0.700

7.4740

0.0000

55914

Chow-Lin

0.635

6.2600

0.0000

60893

Modified Denton

0.700

7.4700

0.0000

55935
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Indicator: HICP (Eurostat)

Indicator: HICP (Eurostat)

Method

r

t

P-Value

RMSE

BFL

0.696

7.3730

0.0000

56286

Seasonal BFL

0.700

7.3730

0.0000

55927

Chow-Lin

0.701

6.4710

0.0000

55885

Modified Denton

0.697

7.4000

0.0000

56185

The Pearson correlation coefficient (r ) has decreased compared to inbound tourist data. This
indicates that the methods are producing an output which differs from the ideal time series. Chart
2 confirms this; all approaches fail to capture peaks (between points 23-29 and 35-41). To check
whether the value of r is statistically significant, we check that t > 2.002. This is quite plainly the
case, confirming a linear relationship between the methods and the ideal time series.
The RMSE determines the best method from the four under review. When using the industrial
production index as indicator, the Modified Denton and the Seasonal BFL provided the best result.
The Seasonal BFL produced a slightly better result than the Modified Denton, while the worst result
is obtained from the Chow-Lin method. The BFL and Seasonal BFL resulted in similar outcomes in
this case.
On the other hand, when using the HICP as indicator, the Chow-Lin produced the best result while
the Seasonal BFL differs slightly from it. Again, the values of r differ slightly when using the industrial
production index as an indicator. Given that t > 2.002, the outputs are statistically significant. The
RMSE estimation reveals minor differences between the Seasonal BFL and the Chow-Lin method.
However, the BFL and Seasonal BFL produced similar results.

Table 3: Comparison between methods and real data\;Trade (Exports)Indicator:
(EU28)
(2013 - 2017) (Eurostat) Indicator: Industrial Production
Industrial Production
Trade (Exports) (EU28) (2013-2017) (Eurostat)

Method

r

t

P-Value

RMSE

BFL

0.525

4.6930

0.0000

39624

Seasonal BFL

0.564

5.2040

0.0000

38392

Chow-Lin

0.442

3.7500

0.0000

42390

Modified Denton

0.552

5.0380

0.0000

38797
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Indicator: HICP (Eurostat)
Indicator: HICP (Eurostat)

Method

r

t

P-Value

RMSE

BFL

0.525

4.6930

0.0000

39624

Seasonal BFL

0.526

4.7140

0.0000

39569

Chow-Lin

0.534

4.8120

0.0000

39322

Modified Denton

0.520

4.6370

0.0000

39762

The value of r has decreased significantly compared to the previous cases. When using the industrial
production index as an indicator, the Seasonal BFL produced the best result. From the property that t
> 2.002, the value of r is statistically significant. In this case, the RMSE estimator shows that the BFL
and Seasonal BFL differ considerably. The least plausible result is once again obtained by the ChowLin.
Again, the Chow-Lin produced the best result when using the HICP as indicator. The value t > 2.002
signifies that the value of r is statistically significant. The RMSE estimator also indicates that the
Seasonal BFL obtained the second-best result when compared to the other methods. In this case, the
BFL and Seasonal BFL generated slightly different results. This concludes the section on graphical
and quantitative analysis. Overall, some positive results were obtained and a justification for the use
of Seasonal BFL can be made.
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Conclusion
National Statistical Institutes face disaggregation issues and are discussing how new methods can
improve official statistics. The results obtained in this study indicate that there is enough evidence
to consider the Seasonal BFL when disaggregating a time series. In six empirical examples, the
Seasonal BFL obtained a positive result twice. In four cases, Seasonal BFL performed slightly
better than BFL. The Seasonal BFL had positive results when using the industrial production as an
indicator (Table 2, Table 3). On the other hand, when the HICP was applied as an indicator series,
the Chow-Lin produced the best results on two occasions.
It should be noted that the methods that rely on an indicator series could produce some varying
results depending on the indicator chosen. Furthermore, Seasonal BFL could easily be affected by
the adjustment that occurs after inducing the seasonal component. Also, several adjustments can
be introduced when using this method. For example, changing the RAS procedure to some other
balancing technique (Lahr and de Mesnard, 2004) and instead of only considering the seasonal
component, one can apply the seasonal component and the irregular component on the BFL output.
Finally, for future research, it is interesting to apply this method to other European and international
data. Furthermore, one can analyse the results obtained in the first difference of the time series
instead of comparing it to the actual time series. It is also possible to compare this method to other
temporal disaggregating techniques not discussed in this paper.
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Abstract: Primarily, literature on the estimation of poverty is very much dependent on monetary
indicators, for example household income. By means of this indicator, it is possible to measure the
living standard of people and therefore deduce estimations of poverty. The main aim of this paper is to
use non-monetary indicators, particularly the indicators of living standards and material deprivation,
to study the underlying model structure of poverty in Malta. Another aim is to analyse and explain
poverty through the structure of the model, without the need to refer to monetary variables. The data
utilised for this study is the Survey on Income and Living Conditions (SILC) of Malta for the year 2017.
This paper utilises the following three analyses to examine the underlying model structure of poverty
and social exclusion in Malta: the exploratory factor analysis (EFA), the confirmatory factor analysis
(CFA) and the structural equations modelling (SEM). Exploratory factor analysis is used to identify
the underlying latent variables within the data structure of SILC 2017. Confirmatory factor analysis
is subsequently utilised to confirm the latent structure proposed through EFA. Lastly, the structural
equation modelling examines the relationships among the latent variables confirmed through
confirmatory factor analysis.
Keywords: EU-Survey on Income and Living Conditions (EU-SILC), Exploratory Factor Analysis,
Confirmatory Factor Analysis, Structural Equation Modelling.
Abbreviations: (AGFI) Adjusted Goodness-of-Fit Index, (CFA) Confirmatory Factor Analysis, (CFI)
Comparative Fit Index, (EFA) Exploratory Factor Analysis, (EEC) (European Economic Community),
(EU) (European Union), (GFI) Goodness of Fit Index, (IFI) Incremental Fit Index, (KMO) Kaiser Meyer
Olkin, (NFI) Normed Fit Index, (NNFI) Non processor for LISREL, (NS0) National Statistics Office,
(RFI) Relative Fit Index, (RMSEA) Root Mean Square Error of Approximation-Normed Fit Index, (SILC)
(Survey on Income and Living Conditions), (SEM) Structural Equation Modelling, (SRMR) (Standardised
Root Mean Square Residual) and (TLI) (Tucker Lewis Fit Index).

Introduction
Studies in various countries rely primarily on the variable of household income to analyse the living
standards of the people and to identify the poor. Nevertheless, there is an increasing interest in nonmonetary data for the purposes of studying poverty. As pointed out by Atkinson et al. (2002) and
Marlier et al. (2009), such non-monetary indicators are being used at European Union (EU) level.
Research in European countries on poverty departs from a description of people in poverty by
Townsend (1979) when their resources are so seriously below those commanded by the average
individual or family they are part of, that they are, in effect, excluded from ordinary living patterns,
customs and activities. The European Union (EEC 1985 p.24) defines people in poverty as ‘persons
whose resources are so limited as to exclude them from the minimum acceptable way of life in the
member state in which they live’. The sole use of income to measure poverty levels within a country
provides policy makers with only monetary information relating to different population cohorts. It omits
totally the social implications of poverty, such as why poverty exists and the conditions of those
experiencing this reality. As argued by Townsend (1979), non-monetary indicators can help researchers
to both derive and validate an income poverty threshold in terms of deprivation of everyday items and
activities, that at a point in time, are deemed to be essentials.
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As highlighted by Nolan (2010), non-monetary indicators of deprivation have been widely utilised in
measuring poverty in various European countries. These studies include research works of Muffels
and Dirven (1998) using Dutch data, Hallerod (1995) with Swedish data, Kangas and Ritakallio
(1998) for Finland, Bohnke and Delhey (1999) for Germany, and Tsakloglou and Panopoulou (1998)
for Greece. Nolan (2010) adds that non-monetary indicators can aid researchers to point out the
multidimensionality of poverty and social exclusion.
EU-SILC is a survey covering four main topics: (i) people at risk of poverty or social exclusion, (ii)
income distribution and monetary poverty, (iii) living conditions, and (iv) material deprivation. These
four areas provide estimators for different facets of the same problem – poverty.
The indicator: People at risk of poverty or social exclusion is an estimate of at risk of poverty or social
inclusion/exclusion. Income distribution and monetary poverty examines poverty risk of working
individuals as well as the distribution of income. Living conditions is associated with characteristics
and living conditions of households, characteristics of the population by different breakdowns, health
and labour conditions, housing conditions and childcare-related indicators. The section of EU-SILC
dedicated to material deprivation is associated with analysis of economic strain, durables, housing
deprivation and the state of one’s living environment.
This paper makes use of indicators from the material deprivation section only. The paper’s scope is to
measure poverty without any reference to income indicators. Hence, it logically follows that EU-SILC
material indicators are used as these capture the state of poverty by estimating deprivation. The latter
term refers to persons living in poverty due to inability to be in possession of what is considered
by most people to be a necessity to function in a society2 . The survey question in EU-SILC is as
follows:
Indicate whether or not your household possesses [the item]. If you do not have [item], please
indicate whether you a) would like to have it but cannot afford it or b) do not have it for other
reasons.
This question format was asked for the following material deprivations items: telephone; car; colour-tv;
computer and washing machine. Moreover, for some other items, the format of the question is:
There are some things many people cannot afford even if they would like them. Can I just
check whether your household can afford these if you want them?
This question was asked for the following items: Keep your home adequately warm; pay for a week’s
annual holiday away from home; replace any worn-out furniture, eat meat, chicken or fish every second
day; and face unexpected financial expenses. Furthermore, for other items the question was:
●

Does this dwelling have the following amenities?

The amenities in this regard were: bath and indoor flushing toilet. For any remaining items, the question
was:
●

Do you have any of the following problems with your accommodation?
2

https://ec.europa.eu/eurostat/statistics-explained/index.php/Glossary:Material_deprivation
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This question was asked for the following items: too dark, not enough light; leaking roof/damp walls,
floors etc.; noise from neighbours or from the street; pollution, crime or other environmental problem
and crime, violence or vandalism in the area.
The main objective of this study is to analyse the factor structure underlying the rating scores of
the non-monetary items existing in EU-SILC 2017 dataset by means of exploratory factor analysis
(EFA), confirmatory factor analysis (CFA) and structural equation modelling (SEM). EFA accounts
for patterns of correlations existing amongst the observable variables in terms of a smaller number
of latent variables. In other words, EFA identifies the latent traits that influence the rating scores
provided to the items. Once the factor structure is determined by EFA, the CFA model is fitted to verify
the pattern of the factor loadings, the number of underlying dimensions (factors) and any covariances
between the factors. Once CFA confirms the latent structure, the SEM model is fitted to assess the
relationships between the latent variables. SEM is a statistical techniqu e that assesses unobservable
latent traits. It includes a measurement model that defines latent constructs using several observable
variables and a structural model that assigns relationships between the latent variables. Kaplan
(2000) describes SEM as ‘a class of methodologies that represent the hypotheses involving the means,
variances and covariances of the observed data in terms of a smaller number of structural parameters
which are defined by means of a hypothesized underlying model’. The links between constructs of a
structural equation model can be estimated using the statistical software AMOS (2006 version 7).

Methodology
The theory presented in this paper follows Kaplan (2000) theory. This theory was also applied in my
Master of Science thesis entitled ‘Analysing SEBD using structural equation modeling and multilevel
modeling’ (2015), University of Malta.

93

06

Using non-monetary indicators to
analyse poverty and social exclusion in Malta

Official Statistics

The Factor Model
Let X be a set of p observable random variables with mean vector μ and variance-covariance matrix
∑. Suppose that  Λ  is a (p x q) matrix of factor loadings, η  is a q-random vector of latent factors and ε
is a p-random vector of error terms. If q < p, the q-factor model holds for X and is provided by:
(1)

X − μ = Λη
› + ε.
Consequently, these assumptions are imposed on η and ε

Cov η,ε

0

EVaηr η
Cov
ε
· E εI and
Varη,µ

0
Ψ

E η

E ε

Va r η
·

I and Var µ

(2)

Ψ

where Ψ is a diagonal matrix with diagonal elements Ψii and 0 is the null vector/matrix. Under an
Explanatory factor analysis model, ∑ is associated to Λ and Ψ by the following equation:

£∑= ΛΛ' + Ψ.

(3)

As a result, the variance of X can be divided into two main parts. One component contains the
variance explained by the factors while the other component contains the unexplained variance. If
σ
isii is the variance of random variable X i and ij
Λ ij , then one can note the following equation:

σii

q
j 1

ij

2

Ψii

(4)

2
where  i 1 ij , which is referred to as ‘the communality’, provides the variance of X i which is
shared with the other variables through the common factors. The specific variance Ψii describes the
variability of X i which is not shared with the other variables. Furthermore, it is important to observe
that ij 2  Cov( X i , j ) which indicates the extent to which the i th observable random variable
Xi
___depends
on η j .
q
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The Structural Equation Model
The general Structural Equation Model consists of two models:
i.
ii.

the measurement model; and
the structural model.

The measurement model is obtained using CFA, while the latter model is achieved through SEM. CFA
tests how well the observable variables represent the smaller number of latent variables. Additionally,
CFA confirms the number of the underlying dimensions of the factors as well as the pattern of the
factor loadings which are achieved during the exploratory step. The major steps in conducting CFA
are model specification, model identification, model estimation, model evaluation and, if needed, model
re-specification. Consequently, the CFA model is defined by the following equation:

X Λxζ σ

(5)

where X is the vector of observed variables, ξ is the vector of latent variables, Λ x is a matrix of
coefficients describing the effect of the latent variables on the observed variables, and δ is the vector
of measurement errors. All variables in X and ξ of model (5) are assumed to be written as deviations
from their means. Moreover, σ is considered to be uncorrelated with ξ. Furthermore, it is also assumed
that E (δ) = 0 and E (ξδ’).
Every column of Λ x gives the factor loadings of a particular latent variable. Also, the element
th
th
________
Λ x ij specifies the load of the i variable on the j factor. Under a CFA model, the varianceij
covariance matrix of X is described by the following equation:

£∑= Λ x ΦΛ'x + θσ

(6)

E
'
where Φ is the variance-covariance matrix of the latent factors ζ and θ
is the variancecovariance matrix of the measurement errors σ. It is important to note that if it is the case that if the
parameters are known and the model is correct, then the population variance-covariance matrix will
be replicated exactly.
The model presented in equation (5) considers only one set of latent variables which is described
by ζ. The model allows for the use of both exogenous and endogenous latent variables. A variable
is said to be exogenous if its causes lie outside the model. This means that it is not caused by some
other variable in the model. By contrast, a variable is endogenous if it is determined by variables
within the model; however, it is only partially explained by the model. If both types of latent variables
are considered, then it follows that the model explained in equation (5) needs to be redefined in order
to include the endogenous variables η Let Y represent the p-vector of observed dependent variables.
The measurement model for Y is given by:
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Y = Λ Y η +µ
ε

(7)

where η is considered to be a an m-vector of endogenous latent variables, ΛY is a (p x m) matrix of
model coefficients linking both η and Y and ε is a p-vector of errors terms for Y. Therefore, all variables
in both Y and η of model (6) are assumed to be expressed as deviations from their means. Additionally,
it is assumed that is uncorrelated with η and that E(ε) = 0 and E(ηε') = 0 . As a result, the variancecovariance matrix of Y will take the form of the model represented in equation 6. Consequently, the
structural equation for the latent variable model is provided by the equation:

·η = η
· + Γζ +¶
ζ

(8)

where η is an m-vector of latent endogenous variables, ζ is a n-vector of latent exogenous variables,
Γ is a (m x n) coefficient matrix for the latent exogenous variables,  is a (m x m) coefficient matrix
for the latent endogenous variables and ζ is an m-vector of errors (also known as disturbances). It is
important to note that there are a number of assumptions underlying the structural model defined in
(8) as follows:
●

The model assumption is that the matrix (I - ) exists and is non-singular;

●

The error terms ζ i s are uncorrelated with the exogenous variables in ξ; E ( i )  0

●

ζ i is homoscedastic and not auto-autocorrelated; and

●
The structural model comprises two variance-covariance matrices: Φ is an (n x n)
		variance-covariance matrix of the latent exogenous variables ζ i and Ψ is an (m x m)
		variance-covariance matrix of the error terms

Data to which the Methodology was Applied
EU-SILC 2017 (Maltese data) is analysed in this paper. The EU-SILC is an annual survey conducted
by the National Statistics Office (NSO) amongst persons who reside in private households in Malta
and Gozo. This survey is carried out under EU regulation (EU No. 1177/2003). As highlighted in News
Release 059/2018 referring to EU-SILC 2017, the gross sample was 4,639 private households of which
148 were found to be ineligible for the survey (i.e. addresses which do not exist anymore, addresses
which could not be found, addresses which were not of private households, permanently vacant
households or non-private households). As a result, 4,491 private households were approached for
the survey. 3,902 successfully completed this survey, resulting in a household response rate of 87
per cent. In total, these 3,902 households equate to 10,148 residents of which 8,755 were aged 16 or
more.
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In general, for the purpose of analysis EU-SILC (Malta) data was recoded into a binary format; either
‘yes’ or ‘no’. Answer possibilities, such as ‘No do not have the item’ and ‘No other reason’ were
recoded as ‘no’.
An exception was made for the question: ability of making ends meet. Data was left as originally
reproduced in the 2017 survey. In the data verification stage, one case had a missing value for
the item entitled ‘Ability to keep the household warm’. For this missing value, a manual imputation
was executed by selecting cases similar to this respondent, such as having a dwelling which is an
apartment or flat in a building with less than 10 dwellings and having four rooms in the dwelling. Most
of these respondents answered with a ‘yes’.
Table 1: Variable codes of SILC 2017 and their meaning
Variable Code

Variable Label

HH040

House maintenance

HH050

House warm

HH081

Bath or Shower

HH091

Flushing toilet

HS040

One-week holiday

HS050

Afford meat/chicken every other day

HS060

Unexpected expenses

HS070

Have a telephone

HS080

Have a colour TV

HS090

Have a computer

HS100

Have a washing machine

HS110

Have a car
Replacing worn-out furniture

HD080
HS160

Problems with dwelling

HS170

Noise pollution

HS180

Pollution, crime and environmental problems

HS190

Crime, vandalism and violence
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The approach employed was to assign a value of 1 if the ‘no’ option was provided by the respondent
and a value of 0 in case of the ‘yes’ option, except for the items HH040, HH160, HH170, HH180 and
HH190. These were reverse coded and assigned a value of 1 if the answer was ‘yes’ and a value of 0
if the answer was ‘no’. As a result, a total score was created. This total score is the sum of all the items
being considered; implying the higher this score, the poorer the corresponding private household and
vice-versa. As shown in Table 2, by using the facilities of the statistical software SPSS, it was found
that most of the respondents had a total poverty score ranging between 0 and 4. Only 0.1 percent had
a high total poverty score of 12.
Table 2: The percentage of total poverty score

Total Poverty Score

Per Cent (%)

0

17.3

1

21.6

2

19.1

3

15.8

4

10.7

5

7.7

6

3.6

7

2.2

8

1.1

9

0.7

10

0.2

11

0.1

12

0.1
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Data Analysis and Results
The main aim of this paper is to analyse how many underlying factors fit the Maltese EU-SILC 2017
dataset adequately. Exploratory Factor Analysis, Confirmatory Factor Analysis and Structural Equation
Modelling were utilised to identify the best model fit. EFA was carried out using SPSS software whilst
CFA and SEM were carried out using AMOS software (2006 version 7).

Exploratory Factor Analysis (EFA)
Exploratory factor analysis was used to assess the factorial validity of the chosen non-monetary
items of the EU-SILC 2017 dataset and to identify the number of latent dimensions underlying this
dataset. The Kaiser Meyer Olkin (KMO) value gives an indication of the relative compactness of the
correlations; this was found to be equal to 0.72, which exceeds the 0.5 threshold value. Moreover,
the Bartlett’s test of sphericity, which tests whether the correlation matrix is significantly different from
the identity matrix, yielded a p-value of (0.000) which is less than the 0.05 level of significance. Both
results indicate a latent structure within the chosen non-monetary items of the EU-SILC 2017 dataset
and that EFA is essential to reveal the latent factor structure.
Table 3 displays the factor loadings of this three-factor model. Stevens (2002) suggested a threshold
value of 0.3 to 0.4 for these factor loadings when the sample size exceeds 150 observations, and the
number of variables should be greater than 10. As the sample is greater than 150 and there are more
than 10 variables, our model fits Stevens’s (2002) recommendations. In this study a cut-off value of 0.3
was utilised to load items on the dimensions.
Factor 1, representing the dimension consumption deprivation, comprises five items: HH050 (house
warm), HS040 (one-week holiday), HS050 (afford meat/chicken every other day), HS060 (unexpected
expenses) and HD080 (replacing worn-out furniture).
Factor 2, representing the dimension housing facilities, comprises the following three items: HS090
(have a computer), HS100 (have a washing machine) and HS110 (have a car).
Factor 3, representing the dimension neighbourhood environment, comprises three items: HS160
(problems with dwellings), HS170 (noise pollution) and HS180 (pollution, crime and environmental
problems).
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Confirmatory Factor Analysis (CFA)
A three-factor CFA model was then fitted to the sample using the Maximum Likelihood estimation (MLE)
technique. The fitted model defines the relationships among the consumption deprivation, housing
facilities and neighbourhood environment dimensions while removing some of the assumptions posed
in EFA. Once a model was specified, the t-rule was used to assess whether the model is identified.
The initial three-factor CFA model designed from the values obtained in Table 3 is displayed in Figure
1.
Figure 1 displays the path diagram of the three-factor CFA model. The path diagram shows the
relationships between the three dimensions and their relationships with the 11 observed items. This
initial three-factor CFA model was adjusted following an analysis on the errors. Only the error correlation
between E9 and E10 were retained. This is because their p-value was found to be less than 0.05. All
the other error correlations depicted in Figure 1 were removed since their corresponding p-value was
found to be greater than 0.05. Moreover, the correlation between the Housing Facilities Factor and
the Neighbourhood Environment Factor displayed in Figure 1 was removed since its corresponding
p-value was found to be greater than 0.05.
Consequently, Figure 2 depicts the second model of the three-factor CFA model with the corresponding
MLE estimates.
The t-value for the best model fit was 26. The reason is that the t-value is less than the 0.5q (q+1) = 66
criterion; implying the identification of the three-factor CFA model. The resulting parameter estimates
of lambda-x, phi-paths and theta-deltas were all found to be significant since the corresponding
z-scores exceed 1.96 for all observed variables.
The Consumption Deprivation factor respectively explained 65.7% ,61.7%, 42.6%, 41.8% and 40.3%
of the variances of the items (i) face unexpected financial expenses, (ii) one week annual holiday,
(iii) keeping home adequately warm, (iv) afford meat or chicken every other day and (v) replacing
worn-out furniture. The Housing Facilities factor explains 75.2% and 65.4% of the variance of the
item computer and car respectively, and the Neighbourhood Environment factor explains 60.3% and
40.2% of the variance of the item crime, violence or vandalism in the area and noise from neighbours
or from the street respectively.
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Table 3: The factor loadings of three factors obtained through Varimax Rotation
Variable
Label

Consumption
Deprivation
Factor

Housing
Facilities
Factor

Neighbourhood
Environment
Factor

HH040

House maintenance

0.24

0.14

0.19

HH050

House warm

0.40

0.14

0.05

HH081

Bath or Shower

0.01

0.15

-0.02

HH091

Flushing toilet

0.06

0.02

0.01

HS040

One-week holiday

0.61

0.08

-0.10

HS050

Afford meat/chicken
every other day

0.42

0.04

0.04

HS060

Unexpected expenses

0.67

0.08

0.01

HS070

Have a telephone

0.10

0.21

0.00

HS080

Have a colour TV

0.02

0.14

0.03

HS090

Have a computer

0.18

0.68

-0.04

HS100

Have a washing
machine

0.06

0.33

0.01

HS110

Have a car

0.17

0.63

0.01

0.34

0.23

0.08

0.13

0.02

0.10

HD080
HS160

Replacing worn-out
furniture
Problems with
dwelling

HS170

Noise pollution

0.04

0.01

0.69

HS180

Pollution, crime and
environmental problems

-0.01

-0.02

0.59

HS190

Crime, vandalism and
violence

0.09

-0.02

0.35
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Moreover, all the fit indices did exceed their threshold values, indicating a good model fit. According to
Steiger (2007), Hu and Bentler (1999), Mac Callum et al. (1996) and Kline (2005), a good fit is achieved
if CFI ≥ 0.95, TLI ≥ 0.90, RMSEA ≤ 0.06 GFI≥ 0.90, NFI ≥ 0.95 and SRMR ≤ 0.07; an acceptable fit is
achieved if CFI ranges between 0.90 and 0.95 and RMSEA ranges between 0.06 and 0.08. The fit
indices of this second model were the following: CFI (0.964), GFI (0.99), AGFI (0.984), NFI (0.956), IFI
(0.964) and RFI (0.941) all exceed their threshold values indicating a well-fitted model. Moreover, the
Hoelter’s Critical N (1037) exceeds the 200 cut-point and the RMSEA value (0.033) is less than the
0.07 threshold value suggested by Steiger (2007). All these fit indices satisfy their threshold criteria,
which indicate that this second three-factor CFA model (Model 2) fits the data well. Consequently,
Model 2 is considered as the final three-factor CFA model.

Structural Equation Modelling (SEM)
A three-factor structural equation model was also fitted on the dataset using AMOS to investigate the
relationships between the latent variables. Essentially this involves regressing latent variables on one
another.
Figure 2 displays the path diagram of this three-factor SEM model, which displays the relationships
between the three factors (Consumption Deprivation, Housing Facilities and Neighbourhood
Environment) and their relationships with the 11 observed items. Once the model is specified, the t-rule
was applied to verify that the three-factor SEM has model identification and the model parameters
were estimated using MLE procedure.
Figure 3 displays the initial path diagram of the three-factor SEM model. The CFI (0.72), GFI (0.934),
AGFI (0.898), NFI (0.714), IFI (0.72) and RFI (0.634) do not all exceed their threshold values, indicating
a plausible fit. Furthermore, the Hoelter’s Critical N (166) does not exceed the 200 cut-point and the
RMSEA value was (0.09), which is greater than the 0.07 threshold value suggested by Steiger (2007).
All these indicate that the SEM model does not fit well and further confirms that the three-factor model
displayed in Figure 2 is the chosen model.

Conclusion
The study supports the three-factor CFA model for the underlying Maltese EU-SILC 2017 dataset which
is displayed in Figure 2. SEM was also investigated, but the produced model is deemed to be less
suitable when compared to the three-factor CFA model. As suggested by the model, the underlying
presence of factor structure of the Maltese EU-SILC 2017 dataset consists of the Consumption
Deprivation, the Housing Facilities and the Neighbourhood Environment factors. The corresponding
variables as extrapolated from EU-SILC (Malta) for 2017 provide a solid basis to identify poverty in
Malta: (i) cannot keep their home adequately warm, (ii) affordability of a one-week holiday abroad, (iii)
a meal with meat or chicken every other day, (iv) facing an unexpected financial expense, (v) replacing
worn-out furniture, (vi) having a car, (vii) having a washing machine, (viii) having a computer, (ix)
noise pollution from neighbours or from the street, (x) pollution, crime or environmental problems and
(xi) crime, violence or vandalism in the area resided in.
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The statistical analysis concludes that non-monetary variables can provide a valid understanding of
poverty in Malta. This study can help decision makers to understand the social dimensions of poverty
and to devise policies towards the continued reduction of poverty in Malta.

Conclusion
The study supports the three-factor CFA model for the underlying Maltese EU-SILC 2017 dataset which
is displayed in Figure 2. SEM was also investigated, but the produced model is deemed to be less
suitable when compared to the three-factor CFA model. As suggested by the model, the underlying
presence of factor structure of the Maltese EU-SILC 2017 dataset consists of the Consumption
Deprivation, the Housing Facilities and the Neighbourhood Environment factors. The corresponding
variables as extrapolated from EU-SILC (Malta) for 2017 provide a solid basis to identify poverty in
Malta: (i) cannot keep their home adequately warm, (ii) affordability of a one-week holiday abroad,
(iii) a meal with meat or chicken every other day, (iv) facing an unexpected financial expense, (v)
replacing worn-out furniture, (vi) having a car, (vii) having a washing machine, (viii) having a computer,
(ix) noise pollution from neighbours or from the street, (x) pollution, crime or environmental problems
and (xi) crime, violence or vandalism in the area resided in.
The statistical analysis concludes that non-monetary variables can provide a valid understanding of
poverty in Malta. This study can help decision makers to understand the social dimensions of poverty
and to devise policies towards the continued reduction of poverty in Malta.
The main limitation of this paper is that it focuses on analysing the underlying model of the SILC data
of one year only, the year 2017. Future research on this subject may involve analysing Maltese SILC
data of various years. This may result in different models for different SILC datasets. If one manages
to fit a model for each year of SILC data, one can then analyse the different scenarios of non-monetary
indicators of poverty and social exclusion in Malta for various years. Also, this may allow researchers
to compare the non-monetary indicators of past years with recent years. This will show how the nonmonetary indicators change over time. Furthermore, one can also compare the confirmatory factor
analysis model fitted to the Maltese SILC data with the models fitted to other EU countries’ SILC data,
provided that the same year is taken into consideration. This will enable researchers to analyse the
dissimilarity existing in the models fitted and contrast the non-monetary indicators to analyse poverty
and social exclusion of the Maltese data with that of other EU countries. Another suggestion for future
research could be restricted the SILC data to cover only those who are a risk of poverty only. This will
shed a light on the different factors contributing to such situation. Additionally, another application for
future research is to analyse the SILC data of those persons who are classified as at risk of poverty but
are not materially deprived and compare them with the rest of the Maltese population who are not at
risk of poverty. By this application, researchers can analyse the relationship which may exist amongst
being at risk of poverty and being materially deprived.
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Figure 1: Initial Path diagram of the three-factor CFA Model (Model 1)
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Figure 2: Final Path diagram of the three-factor CFA Model (Model 2)
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Figure 3: Path diagram of the three-factor SEM Model (Model 3)
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