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Trends Econometric Models: A Review of the Methodology

1. Introduction

The need to monitor progress toward the Millenndevelopment Goals (MDGs) at the country,
regional and global levels, has refocused attergioithe importance of developing adequate indisator
and expanding data coverage. The collection, ptamuand dissemination of comparable international
statistics continue to be a major challenge foiraérnational agencies. The first step is settitepdard
concepts and definitions that can be applied, aededevant, to all countries. The second is bogdhe
capacity of government departments to collect,eissate and analyze labour market data that conform
to these standards. The final step involves maliegbest use of the data available to conduct relsea
and analysis and to provide a basis for effecti@iaformed policymaking. A particular challengetliis
regard lies in producing regional and global aggteg for MDG indicators in the presence of
inconsistent data across countries, and of misdeig for some countries. Solid methodologies are
necessary to address these issues in the shorttdnite working towards the longer-term ideal of
complete, comparable and regularly collected data fall countries.

During the past decade, the Employment Trends &frtite International Labour Organization’s
(ILO) Economic and Labour Market Analysis Departten collaboration with other departments, has
made intensive efforts to compile and analyze agtievel labour market information, and to produce
complete dataset of comparable cross-country statiSThe results of these efforts are compilethin
Key Indicators of the Labour Market (KILM) databdsEhe KILM is a significant collection and review
of labour market indicators, allowing in-depth aisé of labour market conditions at both the countr
and regional levels. To complement available datd expand data coverage, the Trends Unit has
developed a number of econometric models to prodgtenates of labour market indicators, including
labour force patrticipation rates, unemploymentsatbe share of workers in different sectors and by
status in employment, and the share of the workimgr in total employment, among others. A crucial
element of the Trends Econometric Models is thehoutlogy used to address the ‘missing data
problem’.

1.1 Measuring progress towards the MDGs

Several inter-agency and expert meetings on MDGcatdrs highlighted the difficulties and
challenges in preparing regional and global figdoegshe MDG indicators. In response to these comge
the ILO commissioned a report to identify key metblogical issues and best practié€Ehe report,
which was considered at the second meeting of tbmmiittee for the Co-ordination of Statistical
Activities (CCSA) held in Geneva in September 20@@ntified a diversity of practice for measuring
progress towards the MDGs at the regional and gjlebels by the UN agenciésThe report found that
UN agencies often use different methodologies, @diyeinvolving some imputation technique, to
address the missing data problem and to produdenecaggregates, but few agencies provide a éetail
description of the methods they use. Although adied methodology is not necessary, and indeed may
not be desirable as the MDG indicators themsehay onsiderably in terms of both statistical

! http://kilm.ilo.org/KILMnetBeta/default2.asp

2 Holt, T. “Aggregation of National Data to Regioraid Global Estimates” Report prepared for the Ciitamfor
the Coordination of Statistical Activities, Gene$gptember 2003

3 UNSD (2003) Inter-agency and Expert Meeting onldviihium Development Goals Indicators, held in Gendo-
13 November 2003 — Report of the meeting” E SA/SIAT.92/6, December 19, 2003




properties and data availability across countrie @ver time, “differences of practice ought tobased
on rational statistical criteria” (Holt, 2003).

1.2 Development and evolution of the Trends Econometric Models and
methodologies

Because statistics are fundamental to its workmisgion, the ILO has made considerable efforts
to expand data collection and improve its methofispmducing statistics. In 1999, the ILO’s
Employment Strategy Department commissioned a stdidsarious methods of producing regional and
global estimates of key labour market indicatorise Tesulting papépublished in 2000, presented and
assessed two approaches: 1. Imputation methodssfwnation in the presence of missing data, and 2.
Indirect or small area estimation. These approaaheslescribed in section 2. The paper concluldiad t
the best approach to generating regional and glestinates consisted in treating the problem as a
missing data problem. The recommended methodoleag used in a follow-up repdrpublished in
2002, to produce regional and global estimateddor key labour market indicators: the labour force
participation rate, the employment-to-populationtiosa the unemployment rate and the youth
unemployment rate.

The methodologies and approaches used in the TEecwisometric Models have been updated,
reviewed and revised over the years, and documémtsslreral publications, including Crespi (20043 a
Kapsos (2007). In addition, these methodologiese Haeen evaluated internally within the ILO, and
externally in the context of evaluation studies oussioned by the ILO of its statistical activitiand
procedures. A list of studies is provided by Bilsbay and Mayer (2007).

1.3 Purpose and structure of the report

The aim of this report is to describe the curr¢atesof the methodologies and procedures used in
the Trends Econometric Models, to assess theseodwtyies in light of existing best practices, daod
identify strengths and areas for improvement.

This report is divided as follows: The next sectdmscribes the main approaches considered by
the ILO Trends Unit to deal with the problem of geating regional and global aggregates in the peese
of missing data, namely small area estimation tieglas, and treating the problem as a ‘missing data
problem’. The third section provides a brief litewe review on ways to address the missing data
problem. Section 4 presents a key Trends econameiodel, the Global Employment Trends (GET)
model. It describes the model’s evolution, emphagithe approaches used to deal with missing values
This section also describes modifications and exb&s of the GET model since the onset of the 2008-
2009 economic crisis to increase the model’s fléigand capacity to reflect the rapidly evolvitegour
market situation. The section also describes thinadelogy developed to forecast unemployment rates
over the short- to medium run, during the postigniecovery period, and to provide insights abbet t
potential duration of the labour market impact loé crisis at the regional and global levels. Secko
assesses the methodologies presented in the psesémtion based on common criteria and compliance
with best practices; and the final section concbudéh a proposal for the way forward.

* Schaible, W. (2000) “Methods for Producing Estirsdter Selected Key Indicators of the Labour Market”
Employment Paper 200Q/tternational Labour Office, Geneva.

> Schaible, W. and Mahadevan-Vijaya, R. (2002) “Wantl Regional Estimates for Selected Key Indicatbthe
Labour Market” Employment Paper 2002/3Bternational Labour Office, Geneva.



2. Generating regional and global aggregates

Two approaches have been considered within the tih@ddress the problem of generating
regional and global estimates in the presence s§img (non-reported) data for many countries: Tis¢ f
approach is treating the problem as a missing platblem, and the second, as a small area estimation
problem (Schaible, 2000).

2.1 Small area estimation or missing data problem?

Small area estimation is a technique used by wherséample size of a geographic area, or of
another sub-national ‘domain’ (e.g. demographicugjas too small for a direct estimator to produce
reliable estimates. Alternative estimators are ubadl “increase the effective sample size and dsere
the variance using data from other domains andtfoe periods through models that assume similarities
across domains and/or time periods” (Schaible 2@08). Theseindirect estimators are commonly
referred to as ‘small area estimators’, becausedngains of interest are often geographic aret®ugh
this need not be the case. The term ‘small’ refethie sample size of the domain, rather thandacsthe
of the domain’s population. Small area estimatoesadso referred to as ‘local area’, ‘small domaisub
domain’ estimators, among other terms.

While direct estimators use values of the varialdefterest from the time period of interest
only, and from units within the domain only, inditestimators use values of the variable of intérem
another domain and/or time period. This is oftemeddhrough a regression model using auxiliary
variables that are known for the domain and timeopeof interest. Examples of indirect estimators
include the mean of an entire sample of the unévassan estimator for the mean of a specific dorfzain
‘domain indirect’ estimator), or the mean of a damsample in a previous period as an estimatothfer
mean of the domain in the current period (a ‘timéiriect’ estimator). For the estimators in these tw
examples to be unbiased, the variable of interasttrhave the same expected value for the specific
domain as for the population as a whole (for thenao indirect estimator), or the same expectedevalu
across time periods (time indirect estimator).

Commonly used small area estimators include syrgthetic estimatorwhich uses the sample
mean of observed values in post strata acrossoatlohs to impute for the unobserved values in the
domain® Post strata are created by subdividing the samsileg a variable that is correlated with the
variable of interest. Note that a synthetic estonatin be a domain indirect estimator, a time eudir
estimator, or both a time and domain indirect estim Indirect regression estimatorgse auxiliary
variables, but differ from direct estimators inttttzey use data from other domains or time periodbe
regressions. Composite estimators (combining tmthsyic and regression approaches) have also been
developed (Schaible, 2000).

Schaible (2000) presents characteristics of intgsttmators, and some problems associated with
their use. For small area estimation methods todeel to generate regional and global KILM estimates
the sample of reporting countries must constituteepresentative, random sample of the overall
population of countries, which is not the case @eetion 4.1.3).

One way of framing the problem is to consider esmion as consisting of two ‘strata’: one
consisting of reporting countries, and one of ngperting countries. Standard methods for estimdtion

® The synthetic estimator is similar to a post #teat estimator (see Section 3.1.2). However, wiiile post
stratified estimator would use the sample mearbstoved values in the post strata and the domainterest only,
the synthetic estimator uses the sample mean efads values across all domains.



the presence of missing data such as weightingnputiation can then be tested and used to generate
missing values for the non-reporting countries.

2.2 The missing data problem

Missing data problems can take a number of forrash sas when the sample to be used in
estimation is incomplete, or when only a subsethef sample data is available for estimation. In the
survey analysis and social sciences fields, thesingsdata problem is often due to ‘non-response’.
Missing data or non-response arises when the ejulata are not available for a unit of observation
(unit non-responge for some elements or a sub-set of the data fania of observationitem non-
responsg or — in the case of a longitudinal dataset —wthata are not available for a unit of observation
during a wave of the survey, or for some yeaave non-responke

Different methods are used to deal with the difietgpes of non-response. In general, methods
of dealing with unit non-response involve using pAng weights to adjust the sample to account for-n
response. Iltem non-response methods depend onatfable of interest, and often involve imputing
values into the data record. Regression methodk,nast of the methods presented in Section 3, are
generally considered to be item non-response methbde difference in approach is largely due to
practical considerations however, as developingdinstment method for each variable (when the datas
consists of a large number of variables) would iregsignificant resources. For this reason, when th
dataset includes a limited set of variables, thsindition is less meaningful and both types of rodsh
should be considered (Schaible, 2000).

2.2.1 Missing data structure and mechanisms

Different types of missing data structures or me@ras necessitate different treatments. On the
one end, there are damaissing completely at random (MCARYhich means that the probability of
response (or reporting probability) depends neithrethe variable subject to non-response (the bigria
for which data are missing) nor on any other vde@alMCAR is a very strong assumption, and usually
does not hold. A less restrictive assumption i tialatamissing at random (MARWwhich holds when
the probability of response does not depend owahiable subject to non-response, but dependstar ot
variables (observable characteristics), such ttmtrnvieve condition on these variables, the dependemcy
longer holds, and the response probability candmsidered random. A common procedure to correct for
sample selection bias when data are MAR involvasguseights that are set as the inverse probalafity
selection or inverse propensity score (Kapsos, 2007

MCAR and MAR missing data mechanisms can be corgidégnorable’, because under these
assumptions, the incomplete sample can be condidepresentative of the population, and the usual
estimation methods can be used. If the missing al&aot missing at random (NMARNeaning that the
probability that data would be missing is relatedhe nature of the variable itself (and neither ARC
nor MAR hold) then the missing data mechanism @n‘ignorable’, and standard estimation methods
cannot be applied. When data are NMAR, it may bssitde to identify covariates that impact on the
response probability, such that the MAR assumpigoplausible. In other words, although the MAR
assumption may not hold, it is often possible teeha ‘workable approximation’ of this assumption.
Unlike MCAR, which is testable using the observathgdthe MAR assumption usually cannot be tested.
Nevertheless, the impact on the imputed estimaibi@s departure from the MAR assumption may be
small, in which case MAR-based procedures mayhstilisable (Durrant, 2005).



2.3 Considerations in addressing the missing data problem
2.3.1 Whether or not to impute

While the need to generate regional and globaleagdes to measure progress towards the MDG
indicators has been established, a lack of consemsnains with regards to the best approacheseto us
given the problem of missing data for some coustria particular, there has been an ongoing debate
around whether, as a matter of principle, imputagbould be done at all (Holt, 2003). In generatin
regional averages for MDG indicators, some agenesesonly data from reporting countries. With this
approach however, users are likely to interpreintie@sures as summarizing the situation for all t@m
in the region, including non-reporters. For thi;sen, it may be argued that although explicit
imputation has been undertaken, in reality, whejoreal and global aggregates are producedinalicit
imputation has taken place. In other words, “impliccountries with missing data have a (collec}ive
imputed value equal to the regional or global meg&itlt 2003, p.6). When data are missing for adarg
country, such as China for example, which wouldehawmajor influence on the regional average, it may
make sense to produce a summary measure that egdiid country, and to clearly inform users not to
implicitly interpret the regional measure as indhgdthe country in question. This approach has the
disadvantage of producing aggregate measuresrthidss representative due to the exclusion oflalyi
influential country.

If we accept that some form of imputation (implicitexplicit) always takes place when regional
and global aggregates are produced, then the gndstcomes not whether or not to impute, but rather
what form of imputation should be used. Imputatltas many benefits, including the possibility of
recreating balanced datasets and using the comésp estimation procedures, and efficiency gains
from larger sample sizes (Durrant, 2005). Thanhdpesaid, it is important to be aware and transgaren
about the limitations of the imputation procesg] mavoid treating imputed values as ‘real’ oravlisd
values.

2.3.2 Implicit and explicit imputation

In the context of the work of international orgaatinns, an important issue to consider is whether
or not to report the values that are imputed faliviiual countries, and what to set as a thresfold
terms of share of reported data) to publish théored estimates (Holt, 2003). When the values iragut
for countries are published as such, with an exttag note about the methodology employed to preduc
them, the process is referred to as explicit imjmta In this case, the imputed values that aem tised
to generate regional and global averages are fieaant’, and countries for which data are imputad c
have some oversight on the imputation process atwbme. Furthermore, the summary measures can be
replicated by the users, other forms of aggregateombe applied, and the data can be used forssaly
with other country-level statistics.

In the case of implicit imputation, country-levehputed values are used in regional and global
averages, but the imputed values themselves, anthéithodology used to obtain them are not published
This often occurs when the imputed data have jpaliimportance’, such that individual countriesyma
refuse to have imputed data published in lieu efdbtual values. It may also be the case that mput
values are not accurate enough to be publishedwtrg-level values, yet they are adequate forinse
constructing regional and global estimates.

In the context of ILO Trends Econometric Models,pited data that are more politically
sensitive, such as the unemployment rates prodogékde GET model, are not published at the country
level, but are used to construct regional and dlagregates. Some other imputed data are published



such as labour force participation rates producethb Labour Force Model. Whether or not country-
level imputed data are published, the ILO Trend#& dpproach is transparent in that the methodology
used for imputation and an explanation of the ugder assumptions and empirical basis are made
available to users in easily accessible publication

3. Addressing the missing data problem: A literature review

The missing data problem has been the subject ek@msive literature, primarily in the fields of
survey analysis, market studies and social scies®earch. The choice of methods for dealing with th
problem is often a function of the data availabhel ghe purpose of the analysis (Durrant, 2005)s Thi
section presents the common methods, and disctiespsos and cons of the different approaches.

3.1 Common Methods

One way of dealing with missing data is to igndreand conduct the analysis using only the
available data. In dealing with item-non resporsepmmonly used method éaise deletioror listwise
deletion which involves discarding observations with ingdete information (item non-response), and
conducting the analysis on the complete data orttys is a default approach used in many statistical
programs. Case deletion aadailable case analysisnother method that uses only observed unitsan t
analysis have a number of drawbacks. Using compleservations only, decreases the sample size, and
therefore the statistical power of any estimatiommealyses conducted. Missing data are also a dause
concern because the incomplete sample could bepresentative’ or ‘unbalanced’ as the units foralhi
data are available could have different charadterfsom those for which data are unavailable. As a
result, the sample estimates of the variable efé@st are likely to be biased (Schaible, 2000).

3.1.1 Simple imputation methods

A basic form of imputation, deductive methods, imes using logical relationships between
variables to derive a value for the missing iterurf@nt, 2005). For instanceatios can be used to
preserve a relationship between variables. Foaiwst in the GET model, the ratios of female ancemal
unemployment rates to the total unemployment na&aised in imputing data for unemployment rate sub-
components for years when only the total rateseperted (see Section 4.2.1).

A common form of deductive methods risean substitutignwhich involves using the sample
mean of the observed values of a variable to imputgssing value. The underlying assumption behind
this method is that the expected value of the bgiaf interest for the non-responding units (non-
reporting countries) is equal to that of respondinds (reporting countries). This is a strong agstion
that is rarely verifiable. Mean substitution occimglicitly when regional averages are generated using
reporting countries only, but are interpreted gwesenting all countries in the region, includingnn
reporters. In such a case, the missing valuesssgreed to be equal to the sample mean of the @ukerv
values, although this is not explicitly stated.

A variation of this approach is to impute the ‘slasean’ for missing values, where classes are
defined based on explanatory variables (Durrarais2Mean methods distort the distribution of tla¢ad
Although the mean is preserved, the variance ahéraaspects of the data distribution are affected
(Durrant 2005, Hu, 1998, Schafer and Graham, 2082gcifically, a ‘spike’ is created in the datettedt
mean of the observed values, and the variancedsrastimated (Engel 2003, Buhi et al, 2008). This
affects the correlations and other relationshipia/éen the variable for which data was imputed ahédro
variables (Schafer and Graham, 2002; Buhi et &80
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3.1.2 Post stratification: correcting for non-response bias

Post stratification from the complete sample to pogulation, a commonly used technique to
reduce the variance of estimators, involves digdihe sample into ‘cells’ or ‘post strata’ by usiag
variable or variables that are correlated withwagable of interest, constructing weights withatk post
strata to adjust the sample, and using the weigbdetble values to estimate the population valué Th
technigue can be adapted to correct for non-regpoias.

In post stratification from the incomplete to themplete sample, the cells or post strata are
referred to as ‘weighting cells’ or ‘adjustmentlsel A “non-response adjustment factor” weight is
constructed within each adjustment cell. For examjhle weight can be obtained by dividing the numbe
of complete sample units by the number of inconeptetmple units (Schaible, 2000). The non-response
adjustment weight is then multiplied by the invecdehe probability of selection to generate theafi
sample weight. The population total is then estadaas the sum of the weighted values over the
incomplete sample. This method amounts to imputiegmissing values by using the (weighted) sample
mean within each adjustment cell or post strata. tRis post stratified estimatoto be unbiased, the
expected value of the variable for which data issinig should be a constant within each post strgjum

E[Yyl=n; viej

If the variable used to create the adjustment ¢gltelated to the variable of interest, then this
assumption is more likely to hold, and is lessrigtbte than the assumption required for the univisd
sample mean described in section 3.1.1. to be brased estimator (i.e. that the expected valudef t
variable of interest for reporting and non-repagtaountries).

3.1.3 Regression imputation

Regression imputation, like post stratificatiorydlves the use of one or many auxiliary variables
that are correlated with the variable of interesd available for all units in the sample. Insteddising
the auxiliary variables to create cells and imgbtecell mean for missing values, however, the lguyi
variables are used as independent variables irssigns (Schaible, 2000). Specifically, the pararset
of the model are estimated using the incompleteptamata (dependent and independent (auxiliary)
variables for all units). The estimated parameteesthen used with the auxiliary variables to methie
missing values.

Regression imputation is a parametric approach, aray therefore be sensitive to the
misspecification of the regression model (Durrd2@05). Indeed, if the auxiliary variables are not
appropriately selected, the model could have weakigtive power. Because the values imputed using
regression methods are predicted values, ratharabtal, observed values as with some other msthod
(e.g. hot deck methods described below), thereriskethat these predicted values would be probtiema
or unlikely to be observed in reality. Regressimputation also affects the data distribution, beeau
imputed values lie on the regression line, causirighrinkage to the mean” phenomenon, and therefore
underestimates the variance (Hu, 1998). Furthermibeeause imputed variables are predicted as a
function auxiliary variables only, the statisticalationship between them could be artificiallylanéd
(Durrant, 2005)

3.1.3 Hotdeck, cold deck and nearest neighbor imputation

Hot deckimputationmethods assign value from a record with an obskeiteen (the ‘donor’) to a
record with a missing item (‘the recipient’) frommet same source. Various hot deck methods diffen fro
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one another based on the selection of the ‘domorthe simplest case, the donor is randomly seafecte
from the overall sample. Alternatively, the doner delected at random within ‘imputation classes’
defined using observed auxiliary variables (e.goggaphic proximity, demographic group). Thus,
missing data for a recipient is substituted wittadaom a donor that has similar characteristidge Tact
that the imputed data are always “actually occgrrialues” is an advantage of this approach, paatilgu
when dealing with data that are skewed in some waytuncated (Durrant, 2005). These methods are
generally non-parametric, or semi-parametric, do remuire distributional assumptions. Hot deck
imputation may require a large sample size howdwegnsure that the number of times the same ‘donor
is used is limited, such that the data distribufgonot unaffected and the variance is not undienastd.
Cold deckmethods are similar to hot deck methods, excegtt ttie donors are selected from another
source, such as an earlier survey or historical (Bthaible, 2000).

A similar method to the hot deck/cold deck approaghere the donor is selected such as to
minimize a specific ‘distance’ which is a functiaf auxiliary variables, is thenearest neighbor
imputationmethod ordistance function matchin@.alton, 1983; Lessler and Kalsbeek, 1992; Rartcour
1999; Chen and Shao, 2000 and 2001, and Durrad,) 20

A special case of nearest neighbor imputation, ehbe distance is defined based on the
predicted values from a regression imputation moidebredictive mean-matching imputatidhittle,
1988; Heitjan and Little, 1991; Heitjan and Landi®94; Durrant and Skinner (2005); Durrant 2005).
One form of predictive mean-matching is when hatkdenputation within classes is used, but “classes
are defined based on the range of predicted valimes the imputation model” (Durrant, 2005).
Predictive mean-matching is a composite method ttahbines elements of several approaches
(regression, nearest neighbor and hot deck impufatit is “a semi-parametric method, which makss u
of the imputation model but does not fully rely ih and is therefore assumed to be less sensitive
model misspecification than regression imputat®chenker and Taylor, 1996; Durrant 2005).

3.1.4 Multiple and fractional imputation

The methods listed above generated one imputed falueach missing value. With multiple
imputation and fractional imputation, a random itapion method generates several values for each
missing item. WitHractional imputation missing values are imputed through repeating#ime random
imputation method several times. This approachwallceducing “the random component of the variance
of the estimator arising from imputation” (Durr&@05).

With multiple imputation (MI) several missing values are also imputed througpeated
imputations that are independent realizations efdistribution of the missing values conditionaltbe
observed values (referred to as ‘proper multiplputations’) (Rubin, 1987). The aim of this appro&h
to account for the uncertainty regarding the ttudg, unobserved missing values. Ml allows generating
several complete datasets to be used with stand@i@ analysis techniques, and that can then be
combined or averaged to obtain a single overafiratice or point estimate (Durrant, 2005). Diffee=nc
between the results obtained based on the différaptitations can be used as a measure of the
uncertainty due to the missing data. An advantddélas that it is possible and relatively easydiotain
“an approximately unbiased estimator of the vagdnssing this approach (Durrant, 2005).

" Specifically, according to Rubin’s formulae (19®p, 76-81, presented in Durrant, 2005) if a pestimate of the
parametep is written as:

M
Z 0, form=1,..,M

m=1
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Obtaining such a variance estimator is significamécause standard variance estimation
techniques are known to be inadequate in the ptessinimputation. In particular, non-MI methodsden
to underestimate the variance of estimators bynfailo account for the higher variability due tonno
response and imputation. Durrant (2005) arguesitredequate adjustments are made to the standard
variance estimators to reflect the additional \ailiy, then it is also possible to correctly estita the
variance of an imputed estimator under single vahgkfractional imputation.

3.2 Practical applications: Approaches of other international agencies

While the literature deals largely with non-resporia surveys, where the individual non-
respondents are usually not identifiable, MDG iathics data are missing for countries and years Fe
UN agencies provide a detailed description of tlethmds they use to address the missing data problem
or to construct regional and global aggregates. éVew datasets held on the United Nations Statistic
Division (UNSD) websitk have all “been subject to different amounts of umagion before being
deposited” (Holt, 2003).

To address the challenges posed by estimating ofoltiality (MDG 4) when data availability is
limited, the Inter-agency Group for Child MortaliBstimation was formed in 2004. The Group, which
consists of experts from the United Nations ChikseFund (UNICEF), The World bank, the World
Health Organization (WHO), and the United Nationg®ation Division (UNPD), was tasked to produce
country, regional and global estimates of leveld &mends in childhood mortality and enhance the
capacity of countries to produce timely and rekabhild mortality estimatesWhile several methods
have been investigated and compared (see Silverannd€ousens, 2008), the Inter-agency Group favors
‘a spline-based approach’ to estimating child mibytdor each country, which involves the following
steps: 1. Assigning a weight to each observationnfaint or under-five mortality rate. The weight
assigned depends on a several factors such asutee of the data point, the number of data pdiots
each source, and the age-group of the sample,edledts the level of accuracy associated with ta,d
and the representativeness of the sample on whigléased. 2. The rate of change in infant or tHfide
mortality is allowed to shift over time. For eachtbe two variables, moments when such shifts occur
(referred to as ‘knots’) are defined using the gresil weights (every time the sum of weights for
successive observations reaches a multiple ofdigating that there are sufficient data pointsustify a
different slope). 3. A model allowing for the shiiftslope is estimated by weighted least squanesdoh
of the two variable&’ Current values are therefore obtained as a re$ultend extrapolation. 4. The

where M is the number of imputations undertakeng &), is the variance associated with each of the
f,, estimators, then, theithin-imputation variancean be computed as:

M
_ 1 A
G =) Gy
m=1

Thebetween-imputation varianaan be computed as:

M
B =t (B 6)°
=12, 0n 0
m=
Theoverall variance estimatean be computed as:
L = 1\ =
T=G+ (1 + M) B
where (1+1/M) is an adjustment factor. Note th& frmula may not be appropriate depending oretenator in
guestion, and on the multiple imputation processy(A996, Kim and Fuller, 2004; Neilsen, 2003; gdl, 2000;
Durrant, 2005).
® http://mdgs.un.org/unsd/mdg/Default.aspx
? http://www.childinfo.org/mortality_igme.html
' The model is as follows:

~
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resulting datasets are examined to identify an@aalind the weights adjusted accordingly. 5. Theaino

is re-run using the revised weights for each oftthe variables. The two resulting sets of estimates
compared, and the more consistent of the two i$. Kége corresponding values of the second indicator
are then derived using a ‘model life table’ (setetragency Group for Child Mortality Estimation,®q).
This methodology results in country-level estimatest are different from countries’ official stdits,

but also that are not directly comparable with phevious years’ estimates (since estimates aretepda
annually, incorporating newly available data whicén affect past trends and extrapolated values).
Changes in “estimates from one year to the next mafigct increased knowledge of the situation nathe
than actual changes in mortality rates, which tenchange little from one year to the next” (Inégyency
Group for Child Mortality Estimation, 2007, p. 35Fhe resulting child mortality database includes
detailed information on the data sources and melbggl used for producing estimates for the specific
countries, which are indicative of the level of artainty associated with the estimates. For the8200
estimates, a methodology was developed to adjesmibrtality estimates for countries severely aédct
by HIV/AIDS.' Regional and global estimates of child mortalitgy produced and disseminated only if
data are available “for at least 50% of the regiothe total population of the countries consideréd

The WHO-UNICEF Joint Reporting Forum (JRF) use danpethods to impute missing values
for countries that reported data for some yearg dating the time period of interest to generatgiaeal
trends in vaccine financing indicators. Specifigalfor the first indicator, which measures whether
countries (WHO members) have a line for purchasamgines used in routine immunizations — a binary
(yes/no) indicator — the trends are extrapolatesbthaon a simple assumption, that once the couatsy h
the budget line in question, it will likely contiauo have it in the future (such that if the lalsserved
value was “yes”, missing values for subsequent syeeould be imputed as “ye$*.For the second
indicator (percentage of all expenditures on rautimccines financed using government funds), the
dataset was cross-checked and completed using catsmpevided by countries, while some missing
data were imputed using a similar method than w¥ed used for the first indicator (for instanceaif
country reported 0% or 100% for most years, thersdhsame values were entered for the years with
missing values).

The World Bank uses five methods of aggregatiompfoducing World Development Indicators
(WDI), ranging from no imputation for missing vatuéaking sums of available data only) to simple
imputation methods of group mean or median sulbigtituand composite methods involving deductive
elements (using ratios and relationships) and imyi{proxy) variables? Specifically, (1) missing values
are not imputed, and aggregates are simply the cluawvailable data. (2) Aggregates of ratios are
generally calculated as weighted averages of théadle data (including available data that may et
presented in the relevant table), using the denatmirvariable (e.g. size of the population whenrdti
is a share of the population) or another indicatariable as a weight. These aggregates are only
calculated if the missing data account for less thahird of the value of the weights in the benaHm
year. Aggregates of ratios are in a few cases leadzli as the ratio of group totals, where grouplsot
may have been imputed using another method. (3)refgges of growth rates are also generally
computed as weighted averages, with a few exceptidmere they are calculated from time series of

x—k, ifx=k
G = fo+ Bx+ Therble—kis+ e where =k, = f 1 FEZ
wherey is the childhood mortality rate,is the yeark,, ..., k; are theK knot moments (see Silverwood and
Cousens, 2008; Inter-agency Group for Child Magdtistimation, 2007).
M http://www.childinfo.org/files/Detailed_Informatiomn_Methodology 2008.pdfccessed Oct 22, 2009).
'2 http://www.childinfo.org/mortality_methodology.htrthccessed Oct 22, 2009).
 http://www.who.int/immunization_monitoring/routinefmunization_financing_2004.pdfAccessed Oct 22,
2009).
4 The World Bank, permanent URL site for aggregatides:http://go.worldbank.org/AGKBM7SPO0
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group totals. Note that when means of availabla dagroups are used for aggregates, the missingva
are assumed to have the same average as the kvdigd. (4) The median values of available dataf o
sub-sets of the available data, are sometimes tosexpresent aggregates. (5) Another method ingolve
using a proxy variable for which data are availdblethe benchmark year (2000) to impute for migsin
values for that year, and using the relationshigvben the sum of available data and the total énydar

of the previous estimate to impute missing valwww/érd and backward from 2000. Proxy or auxiliary
variables used to compute the WDI aggregates iechh@ total population, and the Gross National
Income (GNI), exports and imports of goods andisesy and sectors value added (in U.S. dollars).

In general, the simpler the methodologies usednoute for missing data, the stricter the data
requirements in terms of coverage. The World Bampwitation methods vary in their level of simpligity
and accordingly have a defined threshold of misslata beyond which aggregates are generally not
calculated. In particular, aggregates are not coetpifi missing data account for more than: a tbirthe
potential observations in a given year (for metHgd a third of the potential observations in the
benchmark year (method 5); a third of the valuaeifghts in the benchmark year (method 2); halhef t
observations in a period (method 3). For the foordthod, aggregates are generally not calculatealt#
are missing for more than half of the large costfwith a population of more than 1 million). Theare
exceptions, however, when aggregates are calculted though these thresholds are not met, for
instance when missing values are deemed to be smadit to have a significant impact.

4.  The Global Employment Trends (GET) Model

The Global Employment Trends (GET) model was deyedo to provide estimates —
disaggregated by age and sex — of unemploymentiogment, status in employment, and employment
by sector. The model output is a complete datasdata for 178 countries. The country-level data ar
then aggregated to produce regional and globahasts of key labour market indicators, including th
unemployment rate, the employment-to-populatione,rasectoral employment shares, status in
employment shares and the share of workers in ralbhe employment.

This section details the methodology used in th& Gtedel to produce unemployment estimates,
emphasizing the missing data imputation process. Mbthodologies used to impute missing data and
provide regional and global aggregates of the dtidicators are not presented here, but are baséeo
same principles.

A key theoretical underpinning of the GET modelDikun’s law, according to which there is a
negative relationship between movements of the pleyment rate and changes in real GDP. This
empirical relationship is established in macro-ernit theory, and constitutes “a major part of every
traditional macro-model as the aggregate supplyecis derived by combining Okun’s law with the
Phillips curve” (Stogner and Stiassny, 2000). Télatronship between changes in the unemploymeat rat
and in GDP growth is used in the context of the GRddel to impute missing unemployment rates
(section 4.2.2), and to forecast unemployment raes the short- to medium-run (section 4.3).

4.1 Considerations in developing the GET model

While a large number of countries report unemplaytmates for a limited number of years only
(wave non-response), and a few countries do nartrememployment figures at all (unit non-response)
there are additional issues pertaining to the tedonnemployment rates that need to be accounted fo
First, some countries do not report informationhvihe required level of detail (item non-respongey.
example, while unemployment rates are requiredhfertwo sexes and the two age categories (youth and
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adult workers), some countries only report thel toteemployment rate. Second, even if informatiors wa
reported with the appropriate level of detall, gigant differences remain among reporting coustrigot
only in terms of their labour market conditionst biso in terms of their data collection and preoes
mechanisms (Crespi, 2004).

4.1.1 Initial data selection

The first consideration with respect to the GET mlpds for all Trends Econometric Models,
pertains to the selection of the data to be useddmmodel. In order to ensure that the data coedain
the original dataset are comparable, and therefamebe used to construct regional and global agtgeg
analysts from the Employment Trends Unit examireeitiitial dataset, to identify breaks in the series
Kapsos (2007) lists four causes of data ‘non-coatgbity’ in the context of the Trends Labour Force
model: Survey type, age-group coverage, geograghierage and other causes, such as the inclusion or
non-inclusion of military conscripts in the laboforce, differences in the survey reference period,
variations of national definitions of the key coptss etc. These same causes are examined in thexton
of the GET model, and the following selection cidefor the inclusion of unemployment rates were
established accordingly:

1. Data SourceWhen data are available from various sourcesdéte selected for inclusion in
the GET model are preferably taken from a Labourc&durvey (LFS) or a Household
Survey (HS). If LFS data are not available, altdweasources, such as Population Census
data, are considered for inclusion, if the dataf@on to ILO standards and guidelines, and if
they are consistent with the existing series.

2. Age group coveragd-or the purpose of the model, the youth laboucdaconsists of the
economically active population aged from 15 to 24rg, and the adult labour force consists
of the economically active population aged 25 abdva. The age groups covered by the
reported data must be sufficiently comparable accosintries.

3. Geographic coverageOnly national (not geographically limited) laboaorarket data are
included in the GET modél. There are typically large differences between araad rural
labour markets, such that data corresponding ty arban or only rural areas are not
representative of the overall labour market siaratof a country. Data with limited
geographic coverage are not comparable acrossr@sjrdnd are inconsistent with data from
benchmark files such as GDP.

4.1.2 GET model benchmarks

In addition to country-reported labour market imf@tion, four key datasets are used as
benchmarks for the GET model: 1. Population datataken from the United Nations World Population
Prospects (UNWPP) Revision Database; 2. Labourefoestimates are taken from the ILO’s
Economically Active Population Estimates and Priigaxs (EAPEP) Databas&and are the result of

!5 In some cases, observations on limited geograpiias are included if the coverage is sufficieatignparable to
national data. For instance, for some years, dataAfgentina pertaining to 28 or 31 urban agglortiers are
included, because some 90 per cent of Argentinafgilation lives in urban areas. Trends Unit analystferred
including these data over allowing the model toegate data for Argentina, given the size of thentguand its
influence on regional aggregates.

'® See Kapsos (2007) for a description of the Trenalsour Force Model and methodologies used to estimat
regional and global trends in labour force parttign, including the method used to correct foreptial sample
selection bias.
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collaborative work between the ILO’s Bureau of Btats and the Employment Trends Unit; 3. Economic
growth estimates and projections from the Inteamati Monetary Fund (IMF) World Economic Outlook
database; and 4. Per capita GDP adjusted for psirchgower parity (PPP) data are taken from the
World Bank’s World Development indicators (WDI) dbase.

Benchmark data are used at various stages in tAen@iglel. For instance, GDP growth and per
capita GDP are variables used in regressions tairohtnemployment rate estimates. Labour force
estimates are multiplied by the unemployment raterates generated by the model to obtain nominal
unemployment figures, which are then used to coenprdgional and global aggregates. For this reason,
is essential to use reliable and frequently updbtetthmark data. The estimates generated by thelmod
can only be as reliable as the benchmarks on whahare based.

4.1.3 Analyzing the missing data structure

A key consideration is the ‘missingness’ patternnoechanism of the data. If non-reporting
countries (countries with missing values) are stiglly different from reporting ones, then thenpde of
reporting countries cannot be considered a randepresentative sample of the total population (all
countries). In the context of the GET model, migsitata (unemployment rates) cannot be said to be
missing completely at random (MCAR). Whether or motountry regularly compiles and releases
unemployment rate and other labour market datardkpt® a large extent on the capacity of its siedils
agency and/or labour department, both in termpérise and of resources available to conductuabo
force surveys. In other words, the probability tlmtcountry will have complete and consistent
unemployment rate series depends on its institatioapacity and on its financial and human resajrce
which in turn depend on its level of economic amgtitutional development, social stability, etc.

Therefore, the probability that data would be nmigdior a country (or conversely, the country’s
reporting probability) is likely to depend on obsarle country-specific characteristics (variables f
which data are available for both reporters andmegorters), such that, if we account for theséabdes,
missing data can be considered missing at randowR(M For instance, depending on its level of
economic development, or its institutional chamasties, one country may be more likely than anotbe
report unemployment rates. However, within a grofisimilar countries’ (countries at the same legEl
economic development or with the same type of tutidhal characteristics), it is quite possiblettha
missing data are MAR. In other words, countries beanassigned to imputation groups, based on a
variable or set of variables, such that within éhaaputation groups, the data can be considered MAR
and MAR-based techniques can be used.

To develop the Trends Econometric Models, severdliary variables were evaluated, including
geography as represented by sub-regions; populatza and the Human Development Index (HDI),
which is a composite index based on GDP per capitacational attainment, and life expectancy and
GDP per capita adjusted for purchasing power p&tifyuxiliary variables were used in determining
appropriate imputation groups, and also as indep@ndariables in regressions. The relationships
between auxiliary variables and the variable ofrie$t can be verified through correlations, sinpbts
and other diagnostics.

4.2  Addressing missing data in the GET model

To deal with the issues mentioned above, the GEThadelogy involves two stages. First,
country-specific imputation techniques are usedld¢al with the missing sub-components, when total

" Geography and the HDI as auxiliary variables werluated in an unpublished ILO Report, “Regiomal a
World Aggregate Estimates”, by Maria Jeria Cacét998)
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unemployment and sub-components data are avaftab#®me years (wave non-response), or when total
unemployment data are available but sub-componata d@re not available for some years (item non-
response). These techniques preserve the richnegsigd by the heterogeneity of the data and ensure
consistency of the imputed values with the existiogntry-level statistics.

Second, weighted regressions are used for impotatiben observations (total and sub-
component rates) are missing for some countries samde years (unit and wave non-response). To
control for the heterogeneity underlying the datanel data estimation techniques are used. The two
stages are described in detail below.

Although some of the imputation approaches desgritere for unemployment rates are used for
other variable$ in the GET model, for simplicity, this section Wilocus on the imputation of
unemployment rates.

4.2.1 Stage 1. Country-level imputations

A key consideration throughout the model is keegingsistency between total unemployment
and its different sub-components. To ensure thisistency, dottom-upstrategy is used, whereby the
primary unit of analysis is the lowest possibleadgregated sub-component (youth male unemployment,
adult male unemployment, youth female unemploymehijt female unemployment).

Stage 1a. Imputing missing unemployment sub-components, when total unemployment is
reported (item non-response)

Many countries report total unemployment rates,douhot provide the data disaggregated by sex
and by age group. Figure 1 shows the average resptes for total unemployment rates and for
unemployment rate sub-components by region inrfhili (pre-imputation) dataset over the 1991-2008
period®® For instance, response rates for the total ungmpat rates are almost 5 times as high as
subcomponent response rates in the Middle Eastpsalr times as high in North Africa, and
approximately twice as high in South Asia and Sab&an Africa.

The first phase of the imputation process involeguting data for the missing unemployment
sub-components, when total unemployment ratesepated. Simple imputation methods are used at this
stage, which essentially consist of using the imiahip between the total unemployment rate and the
unemployment rates for the sub-components fromsyeadth complete observations (observations on
both unemployment rates and sub-components) téhfllgaps for years when sub-components are not
reported.

¥ Specifically, missing per capita GDP data is impuer each country using GDP growth and populagoswth.
In the absence of either variable, missing pertagpDP values are replaced by the sub-regionabgeeof the per
capita GDP.

9t is important to note that while the percentafjeeal observations is rather low, 150 out of t@8ntries have at
least one reported unemployment rate in at leastyaar between 1991 and 2008 (see Appendix 1)., Bamse
information on unemployment rates is known forwhst majority of countries in the dataset.
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Figure 1 Total unemployment rate and unemployment rate sub-components average response rates before imputation
(1991-2008)
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The specific procedure for this stage has evolwat the years. The approach first used (when
the GET model was initially developed) consistedhef following (Crespi, 2004): For countries thavé
reported unemployment sub-components for some yderselationship between the total unemployment
and the sub-components from these years is usitittee gaps for years when sub-components are not
reported, but total unemployment rates are repoB8edcifically, for years with ‘complete observaisg
the ratio of sub-components to the total are costhuthe median value from these computed ratios is
then used to impute the sub-components for thesyieawhich they are missirf§.When information on
sub-components is missing for all years for a cgurat similar procedure is applied, but with théas
and the adjustment factor computed at the sub-maglevel.

The approach currently used at this stage of th& @&del involves computing the following
ratios of the sub-components to total unemploynfént:

Y:
Ry = ltk/Yit

2 The unemployment rate, the dependent variableruatysis is censored at the interval [0,1]. ADasequence,
simple linear interpolations can result in out-afige imputed values. To prevent this, the unempbmygmnate is
logistically transformed before the imputations arelertaken. Accordingly, the adjustment factohe (tatios of
sub-component to total unemployment) are defined ddferences. The transformed dependent variable
(unemployment rate sub-component) is defined as:
yT = ( Yitk )
i = In 1=yt
wherey; is the observed unemployment rate for sub-compokeim countryi and periodt. The transformed
independent variable (total unemployment rateefinéd as:
Yl'g — ln( ylt )
11—y
wherey;, is the observed total unemployment rate in coundryd period. An adjustment factor is then defined as:
AF; = Med (Y, — Vit
When the total unemployment rate is observed (abks), this adjustment factor is used to recovemissing
unemployment rate for sub-compon&nas follows:
Vi, = AF + Y] V Yf), = missing
2 This procedure and other procedures currently irséte GET model were last revised in 2009 by Jdihel
Pasteels, ILO Consultant.
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wherey;; is the observed unemployment rate for sub-compdqgem countryi and period. This ratio is
first calculated for the male unemployment sub-congmt k = male unemployment rate). Three
measures based on this ratio are then computedndlae of the ratio over the entire time period for
which data are availabl&(), and the mean of the ratio over three periodsmbee distant period pre-
1996 R;,), an intermediate period from 1996-20R1(, and the recent post-2001 peridt);). A final
ratio is finally constructed as a weighted averafjthe mean over the entire time period and thermea
during most recent period for which it can be citad:

33 X R;+ 0.67 X Ri3 if Ri3 # missing
33 x R;+ 0.67 X R, if Ri3 = missing and R;, # missing
33 X Rj+ 067 X R;; if I?B,ﬁiz = missing and R;; # missing

AN N
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o oo

i
i
i

The final ratio is then used to recover the missing-componerk, in this case, the male unemployment
(M) rate:

Yiem = Ri X Yy

Thereafter, the nominal male unemployment figuredmputed using the imputed rate and the labour
force as:

Uy = Yim X LFy
The nominal female unemployment rate is calcul&teu total and male nominal unemployment:
Up= Ur— Uy

The missing female unemployment sub-componentis thcovered using this residual unemployment
and the female labour force:

o U
Yir = F/LFF

This procedure results in an increase in the aeeragponse rat&sfor the male and female
unemployment sub-components of 4 percentage pfuintdorth Africa and for South East Asia and the
Pacific, 3 percentage points for East Asia and @antral and South Eastern Europe and the
Commonwealth of Independent States (CIS) and lep&ge point for Latin America and the Caribbean
(see Figure 4.)

The same procedure is repeated to impute the ndalk @nd female adult unemployment sub-
components when only the adult unemployment ratvélable, and the male youth and female youth
unemployment sub-component when only the youth gh&yment sub-component is available. This
procedure concerns a limited number of observatiand results in an increase in the average respons
rates for the male youth, male adult, female yarttl female adult unemployment sub-components of 2
percentage points for North Africa only (for thesason, in Figure 3, changes in response ratesraped
together with changes that occur at stage 1b).

Compared with the initial approach, the new procedas the following advantages: adult and
youth unemployment rates, when available, are ussdad of the total unemployment rates to impute
the four missing sub-components. Using the lowessible disaggregation level (in this case, youlth a
adult unemployment) results in efficiency gains, rasre information is utilized, and a stronger

*> An increase in the percentage of non-missing dateferred to as an increase in response ratasgifoat this
paper.
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relationship can be expected to hold between disaggjon levels that are closer together. Furthezmo
calculating female unemployment as a residual, resstonsistency between total unemployment and its
sub-components. The new procedure also gives meightto recent observations of the relationship
between unemployment sub-components and total uogmpnt, thus accounting for a potential trend in
this relationship over time.

Stage 1b. Imputing missing national and sub-component unemployment rates when these are
available for some years only (wave non-response, missing values across the time dimension)

While the previous part dealt with imputing sub-qgaments data for the years when total
unemployment rates were reported, this part adeseshe problem of missing national (total)
unemployment rates and sub-component unemploynages when these are available for some years
only (wave non-response).

This part involves filling in missing data alongettime dimension. It requires examining the
evolution of the unemployment rate over time, whidbpends on structural factors (e.g. sectoral
composition of employment) as well as cyclical fast(e.g. economic growth). Therefore, a procedure
that accounts for the effects of both these factsrsised. Two imputed values are obtained, each
accounting for one of the two components. The fingbuted value is then produced as a weighted
average of these two values.

Part 1. Structural component

Structural factors can cause a shift in the uneympémt rate over time, which is not attributable
to the economic cycle. This part of this procedwieich takes into account the structural aspewgtlires
using a moving average method to impute missingegmbetween data points that are one or two years
apart. For each of the total unemployment rate ar@mployment rate sub-components, missing values
are imputed as follows:

- Yiiii + Y
S _ M lf Yl.t_land Yit+1 * miSSing

it — 2
or,
~ Yieo + Y}
Y5 = (ltzz—ltﬂ) if Yi_q = missing, but Y444 and Yy;_, # missing
or,

Vs = (Ylt_l-;—ylt“) if Yip1 = missing, but Y;;_1 and Y, # missing

As a result of this procedure, missing values fwhesub-component are filled in across the time
dimension, as: 1. The simple average of the valu¢ghe year immediately preceding and that of tsary
immediately following the year with the missing ebgtion, 2. The simple average of the value two
years before and the value one year after thewigtathe missing observation, and 3. The simpleage
of the value one year before and the value twosya#ter the year with the missing observation. The
underlying assumption is that structural factoedl¢o shifts in unemployment rates at certain |goimt
time. A moving average method allows the lineandrén the movement of unemployment rates (the
slope of the trend line) to vary over time, refiegtthese structural changes.
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Part 2: Cyclical component

The second part of the procedure, which accountghie cyclical component of changes in
unemployment, uses a country unemployment-elagtigiproach to impute missing total unemployment
rates. For each countwith more than six years of reported unemploymates the following regression
is run:

Y= a+ BG + €

whereY, is the annuathange in unemployment rataend G, is the annuathange in GDP growthA
country-elasticity is then obtained as:

§i =p= i
TR a6,
A regional elasticity is defined as the medianh&f tountry-elasticities within each regi@n

fp=Med(&) Vi€ER

Missing values are then generated as:

5C _
Yie = Yieeq X

) Gyt
+ ($r X 100)]

Note: if the values generated through the elagfcipproach are below the lowest observed valtieein
dataset, then these values are replaced by thanhormvalue.

Alternative methods that do not impose a paranietasticity) have been tested, such as simple
interpolations of the unemployment rates. Howetleese methods were found to have drawbacks, and
were not used. In particular, interpolations gawees out of bound results when there were few redort
unemployment rates.

Part 3: Combining structural and cyclical components

Finally, the structural and cyclical components esenbined to produce the imputed value that
will replace the missing data across time. For ties where the growth-employment linkages are
weaker, such as oil or mineral export-dependentiti@as, a large discrepancy can be expected between
the structural and cyclical component. In suchsecthe cyclical component is not accounted fahén
final imputed value. The deviation between struadtand cyclical components is measured as:

The imputed value is generated as:

1 if max (6;;) > 0.15

05 otherwise for each country i }

Ye= 003+ (1-6)7g¢ where); = {

Thus, for countries where a large discrepancy gxistween structural and cyclical components,
the imputed value relies entirely on the structwmamponents (moving average approach, no use of
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auxiliary variables). For countries where the dipancy is small, the imputed value is a simple ayer
of the two components.

This procedure results in an increase in the ageragponse rates ftotal unemployment rates
by 4 percentage points for North Africa and for Sdharan Africa, 3 percentage points for Latin
America and the Caribbean, South East Asia an@#oéic, and the Middle East, and 2 percentagetpoin
for East Asia and South Asia (see Figure 2). Respaates for male and female unemployment rates
increase by 4 percentage points for North AfricaeBcentage points for South East Asia and thedfiPaci
Latin America and the Caribbean, the Middle East Snb-Saharan Africa, and 2 percentage points for
East Asia and South Asia (see Figure 4). For adults youth unemployment rates, and for the lowest
level of disaggregated components (male youth, radldt, female youth and female adult), response
rates increase by 7 percentage points for Latinigaeind the Caribbean and North Africa, 6 peraggnta
points for South Asia, 3 percentage points for Bash and for Central and South Eastern Europetaad
CIS, 2 percentage points for South East Asia amd Rhcific and for Sub-Saharan Africa, and 1
percentage point for the Middle East and for therddeped Economies and the European Union (EU)
(see Figure 3).

Stage 1c. Filling in missing sub-components data, when total unemployment rates are now
available for more years (item non-response)

The previous phase allowed filling in missing vauacross the time dimension for total
unemployment and unemployment sub-components, whese were available for some years. Because
more data are now available on total rates andubrcemponent rates, a ratio method, similar to the
procedure used in Stage 1.a., can now again betoggdduce additional missing sub-component values
A square root transformation is applied to the uplegment rate datZ. The transformed sub-component
and total unemployment rates are defined respdginge

Yite = \Yitk and Yi = v Vit

wherey;; is the observed unemployment rate for sub-compaden countryi and period, andy;; is
the observed total unemployment rate in coungmyd period.

A ratio is then defined as:

T
Ry = Vit T
Yit

** A square root transformation, just like a logistansformation, prevents the imputation model figenerating
out of bound (negative) unemployment rates.
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Figure 2 Total unemployment response rates at various stages of the imputation process
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Figure 3 Sub-component (YM, YF, AM, AF) response rates at various stages of the imputation process
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Figure 4 Male and Female unemployment rates - response rates at stages of the imputation process
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Figure 5 Adult and Youth unemployment rates - response rates at stages of the imputation process
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Two measures based on this ratio are then compiltednedian of the ratio over the entire time
period for which data are availablg;{), and the median of the ratio over the recent @66t period
(Rix3). A final ratio is finally constructed as follows:

0.3 X Ry + 0.7 X Rys for years = 2001,if > 3 data points available for this period}

Ry = {
t Rix for years < 2001, and years = 2001 if < 3 data points available

The final ratio is then used to recover the missinlg-componerk:
Vik = Ry X Ve

These ratios are first calculated at the countrgllevhen sufficient data are available. Otherwise,
they are calculated at the sub-regional level,ianlde case of insufficient data at the sub-rediteael,
they are calculated at the regional level.

This part results in an increase in the averageores rates for the lowest level of disaggregated
components (male youth, male adult, female youthfamale adult): by 24 percentage points the Middle
East, 21 percentage points for North Africa, 1&cpstage points for Latin America and the Caribbean
16 percentage points South East Asia and the Pat8ipercentage points for Central and South Easte
Europe and the CIS, and for East Asia, 8 percentaggs for South Asia, 7 percentage points for-Sub
Saharan Africa, and 3 percentage points for theeldped Economies and the EU (see Figure 3).
Response rates fonale and female unemployment ratieg 6 percentage points for the Middle East and
1 percentage point for Sub-Saharan Africa (seerBigl. Finally, for adults and youth unemployment
ratesresponse rates increase by 23 percentage pointdlitttde East, 21 percentage points for North
Africa, 19 percentage points for Latin America dhd Caribbean, 15 percentage points for Central and
South Eastern Europe and the CIS and for SouthASaatand the Pacific, 8 percentage points for Bout
Asia, 7 percentage points for East Asia and Sula®ahAfrica, and 3 percentage points for the
Developed Economies and the EU (see Figure 5).

Stage 1d. Filling in missing data through interpolations (wave non-response, missing values
across the time dimension)

The last phase of the country-level techniques limgofilling in missing values along the time
dimension once again, to obtain as complete ashpessdataset before regression analysis is pagadr
The unemployment rate data are logistically tramséal and then interpolated in four steps. Note that
interpolations at this stage do not result in deib@und results, because of the logistic transfdionaof
the unemployment rates, but also because morepdatiés are now available (due to the imputations
from the previous stages). The transformed sub-oompt and total unemployment rates are defined
respectively as:

Y, =1In (—y”k ) and Yl =In (—y” )
itk 1-Yitk i 1-yit

wherey;; is the observed unemployment rate for sub-compdgen countryi and period, andy;; is
the observed total unemployment rate in counttgd period. The following four-step procedure is then
applied:

1. The total unemployment rate is interpolated ushegfbllowing equatiorfor each countrywith
the annual change in GDP growth ) as the independent variable (therefore, auxiarjable):
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vvr-yvr . .
YT =—FXx(G;,— G, )+ YT

t Gb _ Ga ( t a) a

wherea < t andb >t represent the closest points to t, for which uriegmpent rates are
observed.

2. The four sub-component unemployment rates arerimituerpolatedor each countrywith the
total unemployment rate used as the independeiatlar

T T
ka B Yak

Y=~
-

XY — YD)+ Y,

3. The total unemployment rate is interpolated based linear time trend:

YT_ YT
V=22 x(t— to)+ Y]
tb_ ta

4. The four sub-component unemployment rates arermititerpolated based on a linear trend:

Yor — Yax
Y = P— X (t; — ta) + Yai
b a

This part results in an increase in the averageores rates fatotal unemployment ratdsy 54
percentage points in the Middle East, 29 percenpaggs for Sub-Saharan Africa and for South A2&,
percentage points for Central and South Easterodgeuand the CIS and for Latin America and the
Caribbean, 21 percentage points for South East Asththe Pacific, 17 percentage points for North
Africa, 11 for East Asia, and 5 for the DevelopambEomies and the EU (see Figure 2). This procedure
also increased response rates forftlie sub-component unemployment rates42 percentage points the
Middle East, 26 percentage points for Sub-Saharfaicaddand for South Asia, 25 percentage points for
Latin America and the Caribbean, 21 for North Adrid8 for South East Asia and the Pacific, 14 for
Central and South Eastern Europe and the CIS, rlBdst Asia, and 4 for the Developed Economies and
the EU (see Figure 3).

4.2.2 Stage 2. Regression Imputation

This section addresses missing unemployment dateg doth the country and time dimension
(unit and wave non-response) for all sub-compondiite most significant issue that arises in thistext
is that of the ‘missingness’ structure of the déta.previously explained, if non-reporting courdrigre
statistically different from reporting ones, thdre tsample of reporting countries cannot be consitar
random, representative sample of the total popmatif this is the case, weights can be used irelpan
regressions to diminish the influence of counttieg are less similar to non-reporting countriesséu on
a set of covariates), and to increase the influefceountries that are more similar. As a restig t
weighted sample resembles more closely the theatgtopulation than the unweighted sample did.

As explained in section 4.1.3, missing data indbetext of the GET model cannot be considered
MCAR. Within each sub-regional group, however, limigsdata can be considered MAR and the
corresponding imputation methods (e.g. weightedessgjons) can be used. Weighted panel regressions
are therefore used for all sub-regions with thesjiids exception of Europe and Major non-Europe, for
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which there are no missing observatiéhgor the latter two sub-groups, unweighted pangtessions
are run for each of the four unemployment sub-carepts, as follows:

Yi. = a;+ BG+ € where i e SR,and 1991 <t < max year

whereY;,, is the logistically transformed unemployment ratd-componentg; is the country fixed-
effect, G, is the annual rate of GDP growth for couritnBR is the sub-region (in this case Developed
economies in Europe, and Developed economies noopE) andnax year is the latest year for which
data are available. Note that the GET model isva’‘Imodel; the time dimension of the panel dataset
expands to include additional data as these datante available. The 2009 runs of the model included

data for years starting in 1991 through 2008.

For all other sub-regions, weights to be used grassions are constructed as the ratio between
the proportion of hon-missing observations in tampgle, and the reporting probability attached tchea
country in each year. The reporting probabilitiess @stimated using a logistic regression, condiibon
a set of covariates or country-specific charadiesis Specifically, following Horowitz and Manski
(1998), each observation in the dataset is charaeteby a vectofy;;, x;t, Wi, i), Wherey is the
outcome of interest (the unemployment rate)s a set of covariates that determines the vafuihe
outcome, andv is a set of covariates that affects the probahilitthe outcome being observed. Finatly,
is a binary variable indicating a missing respaaséollows:

- _{ 1 if ireports
7 0 if iismissing

The essence of the problem is estimating conditierpectations of the unemployment rates of
the formE[g(y;¢)|xir € A] whereg(.) is a specified real-valued function of outcome Arid a specified
set of values of the covariateg . Thus,r;; = 1 indicates that the sél;;,x;;) is fully observed, and
r;; = 0 indicates that data gn; are missing. The vector of covariates, which vgagk observed, is used
to compute weights in order to balance the obsesaetble of countries. The covariates used in thé GE
model include the following country-specific varied economic growth, population size, per capita
GDP and membership in the Heavily Indebted Poom@i@s Initiative (HIPCY> On average, reporting
countries tend to have higher per capita GDP amggtgopulations than non-reporting countries.

An index value that determines whether or not antgureports data is defined as a linear
function of the covariates, as follows:
T =Wyl + &

where each country reports if this index valuedsitive:

r :{ 1 lfT;;>0
i 0 otherwise

A country’'s probability of reporting unemploymerarcbe written as follows:

Pi=P(ry=1) = P& > —w'yt6) = 1 - F(—w'y6)

% For these two sub-regions no observations areimgissince 2000, and very few observations are mis#i
previous years. Observations missing in previoassyare filled in earlier imputation stages (Seeémlix 2).

% HIPC membership is included because one of théidatipns of the initiative is that national stéitis offices in
HIPC countries are required to collect fuller inf@tion and to strengthen their data capabilities.
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whereF is the cumulative distribution function ef; , which is assumed to be symmetric. Therefore, a
country’s probability of reporting unemployment damwritten as:

P; = F(w';6)

The functional form of depends on the assumption on the distributioh®fetror terng;;. In the GET
model, the error term is assumed to have a logisicibution:

exp (W';6)

F(w',6) = —2 0 w0)
Wud) = T ey wnd)

A logit model is therefore estimated. The likeliddoinction can be written as:

ri=1 ri=0

Predicted response probabilities for each counteythen computed, and used to construct weights
defined as:

P(ry=1)
P(rit = 1|W’itl 6)

Sit(w) =

These weights are therefore computed as the ratiwegoroportion of non-missing observations
in the sample, over the reporting probability gttt to each country in each year. Thus, the higher
reporting probability relative to the sample, tbevér the weight assigned to a country. For thisoea
the weights serve to diminish the influence of ddes that are less similar to non-reporting caestr
(based on the set of covariates), and increasmflience of countries that are more similar. Asult,
the weighted sample resembles more closely tohberetical population than the unweighted sample
did. Table 1 provides the results from the loggressions to estimate the response probabilit@smest
sub-regions, per capita GDP and population sizefawed to be highly significant in determining
response probabilities.

Table 1 Determinants of response probabilities

Eastern North Africa
Europe & South East Central South Subsahara & Middle

Baltic CIS Asia America America Africa East
Per capita GDP ++ ++ ++ + ++ ++
GDP Growth - +
HIPC ++ + ++
Population + ++ ++ ++ ++ ++
Constant -- -- -- - -- --
Observations 300 240 280 323 228 840 380
Pseudo R-squared 0.7069 0.2253 0.3476 0.8921 0.2534 0.0738 0.1202
LR Chi-square 174.3 74.9 128.8 143.3 36.7 79.4 52.7

Coefficient signs are given. Double signs indicated significance at 1%. Single signs indicate significance at 10%.

Once the weights are computed, the conditional @=agiens of the unemployment
rates E[g(y;c)|x;: € A], can be estimated by the weighted avei@gey, s(w;:)g(y;.) whereN; is the
set of reporting countries.
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In order to preserve the unobserved heterogengttyeovarious countries, panel data techniques
are used. Specifically, a fixed-effects equatiospiscified as:
Yh. = a; + X' B+ & whereie SR,and 1991 <t < maxyear
whereYl, is the logistically transformed unemployment rstie-componenty; is a country fixed-effect,
andx';; is a set of covariates including GDP growth rate, dar regions where there is clear evidence of

structural break, some time dummf@$SR is the sub-region, amdax year is the latest year for which
data are available.

This model can also be written as:
YT = Xﬂ + a1d1+ 0(2d2 + ...+ aNlle + €
whered; ...dyq are country dummy variables for the set of repgrtiountries.

The fixed-effects model controls for all the coyrgpecific factors that influence the
unemployment rate. The panel regressions are rtireaub-regional level (imputation classes corfist
sub-regional country groupings) for all sub-regiexsept for the two developed economies sub-groups
(EU and non-EU), using the weights constructed hia previous step. Before being used in the
regressions, the weights are normalized as foflows

. s(wir)
s(wi)* = Ss(w) N,

Once the models are estimated, they are used fputation and prediction, and generate a
‘complete dataset’, which can then be used to er&ub-regional and regional aggregateShe
complete regression results are provided in AppeBdi

This stage results in increased response ratdbddour sub-component unemployment rabgs
60 percentage points for Sub-Saharan Africa, 44gmage points for Central and South Eastern Europe
and the CIS, and for South Asia, 37 percentagetpdim South East Asia and the Pacific, 33 for Nort
Africa, 29 for East Asia, 27 for the Middle Eashda6 percentage points for Latin America and the
Caribbean (see Figure 3). The male and female eatgghe total unemployment rates are then obtained
by aggregating the sub-components, resulting ionaptete dataset. This stage resulted in an incliease
the average response ratestfial unemployment ratdsy 54 percentage points for Sub-Saharan Africa,
33-35 percentage points for South Asia, South Bash and the Pacific Central and South Eastern
Europe and the CIS, and North Africa, 29 percentamats for East Asia, 15 percentage points for the
Middle East, and 6 for Latin America and the Cagidnb (see Figure 2).

% For Eastern Europe, and the Commonwealth of Imitégret States, two subregions that include manysitian
Economies, observations prior to 1995 are treaiferently, to take into account the economic titos period.

%’ This is done automatically in Stata, by using thalgtic weights regression option.

% The standard errors are also computed. Howevesgtlare underestimated because they do not aduouthie
uncertainty associated with the estimation of tked effects.
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4.3 Economic Crisis and Unemployment

The impact of the economic crisis that began in8260 labour markets worldwide has been
widespread and severe. To monitor the rapidly detting conditions and reflect the increased lefel
uncertainty, the GET model, which was initially d&ped to provide annual estimates of unemployment
rates had be extended, made more flexible, andbéas run more frequently. This section describes th
modifications made to the model to enable it totaapthe adverse break in the historical trends of
unemployment rates caused by the crisis, and twepsothe most recently available information owlab
market developments.

Figure 6 Revisions of Real GDP Growth Estimates and Projections (October 2008 - October 2009)
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Figure 6 illustrates the frequent revisions madeth®y International Monetary Fund (IMF) of
GDP growth estimates and projections, publisheithéir World Economic Outlook (WEQO) publications
and updates. The forecast for world growth in 26@8h was 3 per cent in October 2008, fell to 95
cent in January 2009, was revised down to negdti®eer cent in April, and to negative 1.4 per dant
July. In the most recent WEO update, released tolige 2009, the IMF estimated negative growth af 1.
per cent for 2009. The significant volatility inogvth projections reflects a high level of uncertain
regarding the economic outlook, and implies undetasurrounding estimates based on these
projections, such as the GET unemployment estimates

Because the IMF growth data constitute a key beackior the GET model, the model was run
using the new data when they became available GHE model was run four times since the end of 2008
(for the January 2009 GET, the March 2009 WomerES Ghe May 2009 GET Update, and finally in
July for the KILM 6" edition, published in September 2009). Additiopathe model will be run in
November for the January 2010 GET.

4.3.1 Unemployment Scenarios
During the first half of 2009, when limited laboorarket information (monthly and quarterly
unemployment rates) were available, and considenaitertainty remained as to the extent and duratio

of the crisis, the ILO Trends Team estimated themyioyment rate for 2009 using three different
projection models (scenarios). At the time, a pesttmate was not produced, partly because ofattye |
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degree of uncertainty surrounding the economic ttoferecasts that constitute a basis for the
unemployment rate projections.

Scenario 1

The first scenario simply uses the historical feteghip between economic growth and
unemployment at the country level between 19912848, and applies this relationship to the latiht |
GDP growth projections for 2009. The values for 20fxe generated by the fixed effects panel
regressions used to impute missing values fronGtE& model (see section 4.2.2).

Scenario 2

The second scenario is generated on the basis otlitionship between economic growth and
unemployment during the worst observed economicntianm in each country. Specifically, for each
country, a ratio corresponding to the ‘unemploymaig elasticity during the worst economic downturn
for each of the two sexes)(is computed as:

o
¢ AG;,

andj € {—1,0,1,2}; s € {Male, Female}

whereAG;, is the largest annual drop in GDP growth duringtfi@l and 2007 period (the corresponding
year is identified as;)) and AY;j is the largest increase in unemployment rate dbatirred within one
year before the crisis to two years after the rifietweent; _;) and t;(4,)) for men and women
respectively. Note that positive elasticities aeplaced by @° The elasticity is then used, with the
projected change in GDP growth in 20@47{,5_9) t0 Obtain the projected change in male and female
unemployment rates in 2009, as follows:

AY3g_00 = & X AGiog_go
The male and female unemployment rates in 2009h=ambe obtained as:
?if)‘a = Yiog + A?if)s—w

Note that positive GDP growth rates in 2009 aretse®, such that the projected male and female
unemployment rates in 2009 for countries projetteldave positive economic growth that year are kequa
to their unemployment rates in 2008. In other wpidsscenario 2, by construction, male and female
unemployment rates in 2009 will be at least as hgtheir unemployment rates in 2008.

The male and female youth unemployment sub-compgenare then obtained using the
relationship between the male or female youth urieynpent and the male or female total unemployment
rate, adjusted by a multiplier that captures thiationship during the worst downturn period expeced
by each country. Specifically, a multiplier for baaf the two sexes is constructed as follows:

y,s
ﬁis: fiSO — yY;‘O /Ylf)
y S
Riyy  Yiop/Yioy

# Cases where unemployment has decreased in timesoobmic crisis (where the ‘crisis unemploymerie ra
elasticity’ is positive) are considered exceptiorsther than representing a solid relationship betwthe two
variables (unemployment and growth).
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This multiplier is used to adjust the ratio of matefemale youth unemployment and the male or femal
total unemployment rate in 2008, and used to esirtiee youth unemployment sub-components in 2009
as follows:

725 = (R? x Ripg) X ifo

The nominal male and female unemployment figurestiaen calculated using the labour force figures;
the male and female adult unemployment figuresoatained as a residual, and the corresponding rates
calculated using the labour force figures.

Scenario 3

Scenario 3 is generated by taking the worst obgeyear-over-year increase in each country’s
male and female unemployment rates and assumea 8iigghtly higher increase (by a multiple of 1.1)
would happen simultaneously in all developed caestrand that half of the largest observed increase
would occur for developing economies in 2009. Tagonale for a different multiplier for developing
countries is that the impact of the crisis on depilg economies in terms of unemployment is likely
be less severe and to lag the crisis impact onloleed economies. Finally, the youth and adult sub-
components are computed using the same method ssefioario 2.

Figure 7 Evolution of unemployment scenarios for 2009
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Source: Trends Econometric Models (January, Maviay, and July 2009).
The three unemployment scenarios: Results

The three unemployment scenarios were constructeary different assumptions, and were not
meant to provide a range for unemployment rateeptimjns, in the sense of a confidence intervalratou
a point estimate. At the country level, while sademd generally produced the lowest bound (theisris
impact on labour markets has been unprecedentedtv®bserved period for these countries, such tha
the historical trend likely underestimates the gctgd unemployment rates for 2009), the higheshdbou
was provided by scenario 3 for most countries arahario 2 for others. At the global level however,
scenario 3 always produced the highest projectednptoyment. Figure 7 presents the evolution of the
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global unemployment scenarios during the first b&2009. All three scenarios were shifted upwaasls
new information became available.

4.3.2 Incorporating the latest monthly and quarterly data

To monitor the rapidly deteriorating conditionsndily Labour Market Information (LMI) is
needed. This information is not always availablevéner, and the time required for data collection,
processing and dissemination varies across coantfimmong the 178 countries included in the GET
model, 67 countries produce monthly or quarterlgraployment rates. Some of these countries, such as
the United States, Canada and the Republic of Kgrdalish monthly unemployment rates within a week
following the end of each month. The majority of El@mber states release their monthly unemployment
rates 31 days after the end of each month. For shes countries, such as Sri Lanka and the Republi
of Macedonia, there is an average three monthsbitgveen the collection and dissemination of
unemployment rates.

By the last quarter of 2009, as economic growtledasts were less volatile, and more LMI
became available (up to 9 monthly or 3 quarterlgmployment rates), a new approach was developed to
provide a point estimate for the 2009 unemploymate based on the most recently available data. For
countries that do not produce monthly or quartarlgmployment rates, or for which these rates wete n
yet available for 2009, a point estimate was gdndray the Global Employment Trends (GET) model,
using the historical relationship between unempleytrand economic growth at the country level.

Developing the new approach required examining tk&tionship between countries’
monthly/quarterly unemployment rates and their reggb annual rates. While most national statistical
offices generate annual unemployment rates as ge®maf the quarterly unemployment rates, weighted
by the quarterly population levelsor as a simple average of monthly unemploymergsrasome
statistical offices present the rate of a spe¢sfianple’ month or quarter as the annual rfateherefore,
for most countries, obtaining a point estimate fte 2009 annual unemployment rate when
unemployment rates are available for some but tlothea months/quarters of the year, requires
estimating the missing (remaining) monthly or gesyt rates, and averaging over the 12 months or the
four quarters (observed and estimated rates). Ggimtdes that present a sample month or quarterast
the annual unemployment rate, this rate is taketh@point estimate for 2009 if it is availaBfdf the
sample month or quarter unemployment rate is nailade, but unemployment rates for previous
months or quarters are, then the country’'s unempboy rates are estimated for the missing
months/quarters, and the point estimate is prodasedn average of all monthly/quarterly figures for
2009 (using the new approach).

Estimating the unemployment rate for the remainimgnths or quarters of 2009 (months or
guarters for which unemployment rates have nobgeh reported) is done as follows:

% This approach is used for the annual unemploymates in the Eurostat database. Specifically, dnnua
unemployment rates for EU countries are generatedvarages of unemployment rates from the quartety
Labour Force Survey (LFS), weighted by the quayrtpdpulation levels.

31 For instance, Chile uses the November monthly (atemoving average rate), Colombia uses the July
rate,Thailand uses the Quarter 3 rate, EcuadorJanthica use the Quarter 4 rate, and Indonesiatlusesugust
(semi-annual) rate.

%21n October 2009, at the time of writing, the saenplonth unemployment rate was available and usétegsoint
estimate for two countries only (specifically thdyJunemployment rate for Colombia, and the Q2 upsleyment

rate for Singapore).
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1. Monthly/quarterly rates are projected forward usmdinear trend over the period since the
beginning of the global economic crisis (from Segter 2008 or 2008 Q3 to the most recent
month/quarter). Because the labour market impattie@Economic crisis has been unprecedented
for most countries, the trend is calculated over ghst-crisis period, rather than over a longer-
term, historical period. This is due to the fdwttthe evolution of unemployment rates in the
months following the onset of the current crisis Hallowed a pattern that is significantly
different than that of previous years, as is ilatgd in Figure 8 for the United States and Mexico.

2. Monthly/quarterly rates are projected forward usirignear trend over a short-run period (the last
three months or the last two quarters for whicladae available).

Two annual unemployment rate estimates are themirwut as simple averages of all the
monthly/quarterly rates for 2009 (each annual estinis an average of the observed rates and oatbe
estimated in 1. or 2. above). Thereafter, the timaual estimates are averaged to produce a finaladnn
estimate. The underlying assumption is that forcalintries, the likelihood of either the short-teom
long-term trend persisting for the remaining mor@dh2009 is equal. The two annual estimates ard use
to construct the lower and upper bound of a confidanterval around the 2009 point estimate.

When monthly/quarterly data are available for alemployment sub-components, the missing
rates are estimated for male unemployment, femakmployment, male youth unemployment and
female youth unemployment. Male adult and femalgtathemployment rates are then generated as a
residual. When monthly/quarterly total or youth mpéoyment data disaggregated by sex are not
available, the total or youth total unemploymemésare estimated instead.

Figure 8 Monthly, quarterly and annual unemployment rates (2004-2009)
United States Mexico
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Sources: U.S. Bureau of Labour Statistics, Mexiostiluto Nacional de Estadistica y Geografia (INE@hd
OECD.Stat

For the rest of the countries, for which monthlygaarterly unemployment data are not available,
the estimate provided by scenario 2, based ondbetg/’'s employment elasticity during a crisis pelri
(as described in section 4.3.1) is used as thd petimate for 2009 for most countries, with theeption
of a few countries for which scenario 1 (basedhenhistorical trend) is used. The rationale hertbas,
for most countries affected by the crisis, a cleagak in the historical unemployment rate series is
expected to occur in 2009, such that scenario ékjected to provide a more accurate estimate of the
2009 unemployment rate than the estimate basetieohistorical trend alone. For these countries, the
lower and upper bounds of the confidence intervaliiad the 2009 point estimate are constructed as
follows: The country-level standard deviation oé ttnemployment rate over the 1998-2008 period is
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calculated, along with the ratio of this standaedidtion to the 2009 predicted unemployment ratee T
ratio is used to determine the significance lewval the confidence interval around the 2009 point
estimate. Countries for which we have limited réafa tend to have very low ratios (caused by stable
estimated unemployment rates). The lowest sigmitiedevel (20%) is ascribed to these countriessého
with ratios less than 0.06) in order to widen tbafence interval around the estimates and acleuiyd
higher uncertainty associated with labour marketd@oons in these countries. For most (approxinyatel
80 per cent) of the countries in the sample, watios between 0.06 and 0.20, inclusively, a sigaifce
level of 50% is applied. For countries with thehwggt ratios (historical standard deviation gregian
20% of the 2009 unemployment rate), a 80% signifiealevel is ascribed, resulting in a narrower
adjusted confidence interval.

4.4 Forecasting unemployment over the short-term - an extension of the GET
model

In the context of the recent economic crisis, th®'s Employment Trends team was asked to
develop a methodology to forecast unemploymenthi ghort- to medium-term. Following previous
economic crises (mainly crises that occurred indl@yed economies) there has been a lag of several
years between the resumption of economic growtlon@mic recovery) and the recovery of labour
market conditions, a phenomenon often referredstumemployment rate stickiness’. The methodology
developed and presented in this section allowtafmsur market recovery to follow a different pattand
occur at a different pace across countries andmegiThe unemployment rate forecast for 2010 was
obtained using the historical relationship betwaeamployment rates and GDP growth during the worst
crisis/downturn period for each country between1188d 2005, and during the corresponding recovery
period.® This was done through the inclusion of interactenms of crisis and recovery dummy variables
with GDP growth in fixed-effects panel regressiorSpecifically, the logistically transformed
unemployment rate was regressed on a set of ctesriacluding the lagged unemployment rate, the
GDP growth rate, the lagged GDP growth rate, (tee df) per capita GDP, and a set of covariates
consisting of the interaction of the crisis dumragd of the interaction of the recovery-year dumnithw
each of the other variables.

4.4.1 Defining crisis and recovery

The worst crisis/downturn is defined as the largiesp in GDP growth experienced by a country
during this period. The crisis period is compriggédhe span between the ‘crisis year’ (yeg) and the
year when growth reaches its lowest level followthg crisis ‘turning point year’ (yeat,), before
starting to climb back to its pre-crisis level. Tiezovery period is comprised of the years betwben
‘turning point year’ and the year when growth resuto its pre-crisis level, (yegs).>* Appendix 4 lists
the crisis year, turning point year, and recovergnfor each country.

A crisis dummy variable and a recovery dummy vdeatere constructed as:

c ={1 for tp <t; <ty
i 0 otherwise

% The period during which the crisis could have oetiwas limited to 1991-2005, to ensure obsermativer at
least 3 ‘recovery years’

34 Specifically, a GDP index is constructed whichelon the value 100 the year before the sharpesibeic
downturn experienced by a country, defined as siscyiear. The crisis year dummy takes on the vdudor the
crisis year and the following years until the GDEex reaches its lowest point (minimum or “turnpaint”) before
returning to its pre-crisis level. The recovery dayntakes on the value “1” for the years between“thening
point” year and the year when the GDP index rettorits pre-crisis level.
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r _{1 for til <ti Stiz
i 0 otherwise

In order to project unemployment during the ‘cuttemcovery period, the crisis-year and
recovery-year dummies were adjusted based on th@nfng definition: A country was considered
“currently in crisis” if the drop in GDP growth aft 2007 was larger than 75 per cent of the absolute
value of the standard deviation of GDP growth dter1991-2008 period and/or larger than 3 percentag
points.

4.4.2 The regression model

As in the GET model, preserving the heterogendityonintry data is key, panel data techniques
were used. The regression model was specifiedllas/fo

Y = a; + %581 + Cie X' itB2 + Tie X it B3 + i where i € Group ,and 1991 <t < 2005

whereY, is the logistically transformed unemployment ratgis a country fixed-effecty’;; is a set of
covariates including the lagged unemployment rde,GDP growth rate, the lagged GDP growth rate,
(the log of) per capita GDP;;_x',, is a set of covariates consisting of the intecactf the crisis dummy

with each of the covariates if;; andr;,_x';, is a set of covariates consisting of the intecacof the
recovery-year dummy with each of the covariates'jin

Using the above regression equation, separate pegedssions were run across three different
groupings of countries, based on: 1. Geographiximity and economic/institutional similarities, 2.
Income level®, and 3. Level of export dependence (measured psrisxas a percentage of GDP).
Results from these regressions are provided in Aqligeb.

The rationale behind these groupings is the follgwiCountries within the same geographic area
or with similar economic/institutional characteigstare likely to be similarly affected by the jsand
have similar mechanisms to attenuate the crisisaétnpn their labour markets. Furthermore, because
countries within geographic areas often have sttoade and financial linkages, the crisis is likéby
spill-over from one economy to its neighbour (€gnada’s economy and labour market developments
are intricately linked to developments in the Uditates). Countries of similar income levels dse a
likely to have more similar labour market institms (e.g. social protection measures) and similar
capacities to implement fiscal stimulus and othelicpes to counter the crisis impact. Finally, &g t
decline in exports was being the primary crisimgraission channel from developed to developing
economies, countries were grouped according to the¢l of exposure to this channel, as measured by
their exports as a percentage of their GDP. Theahpf the crisis on labour markets through theoeixp
channel also depends on the type of exports (fleetatl sectors of the economy), the share of daenest
value added in exports, and the relative importaria@omestic consumption (for instance, countrilkes |
India or Indonesia with a large domestic marketesess vulnerable than countries like Thailand and
Singapore). These characteristics are controllebyasing fixed-effects in the regressions.

* The income groups correspond to the World Bankrimegroup classification of four income categorised on
their 2008 GNI per capita (calculated using theagtinethod): low income countries (LIC), $975 osJdswer

middle income countries (LMIC), $976 - $3,855, uppeddle income countries (UMIC), $3,856 - $11,986d

high income countries (HIC), $11,906 or more.

% The export dependence-based groups are the falipwiighest exports (exports0% of GDP), high exports
(exports <70% but50% of GDP), medium exports (exports <50% H2H% GDP) and low exports (exports <20%
of GDP).
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To minimize the impact of imputed data from the GHEWdel on the forecasts, separate
regressions were run on a sub-sample of countiithsl or more real data points (out of a maximdm o
18 possible observations) to obtain coefficientstf@se countries. For the other countries, regness
were run on the entire sample.

In addition to the panel regressions, country-leregressions were run for countries with
sufficient data. The OLS country-level regressiomduded the same variables as the panel regression
with the exception of per capita GDP. The finaljpetion was generated as a simple average of the
estimates obtained from the three group panel segmes and, for countries with sufficient data, the
country-level regressions as well.

A confidence interval around the 2010 projectiogasstructed in the same way as for the 2009
point estimate for countries for which no monthly quarterly unemployment rates are available (see
section 4.3.2). Specifically, countries are dividadthree groups based on the ratio of the standard
deviation of their unemployment rate during the 828908 period to their 2009 unemployment rate
estimate. A lower significance level (and therefarwider confidence interval) is ascribed to coestr
with lower ratios to reflect the higher uncertairagsociated with labour market conditions in these
countries. This methodology can be adapted to deowmedium-term (up to 5 years) projections. The
confidence intervals would increase to reflect ghbr uncertainty with respect to labour market
conditions in all countries in the longer run.

5. Methodology assessment and evaluation

The ILO commissioned a report to identify key metblogical issues and best practices in
preparing regional and global figures for the MD®@licators’’ The report, which was considered at the
second meeting of the Committee for the Co-ordimatif Statistical Activities (CCSA) held in Genena
September 2003, included specific recommendatidqppendix 6 lists these recommendations and
assesses the extent to which ILO Trends methodedagie consistent with them.

A key point is that the methodology for generathegional and global aggregates should be
based on appropriate imputation methods, which tatceaccount the data characteristics (missing dat
patterns, statistical properties, economic sigaifite). Criteria for choosing imputation methoddude
robustness under model misspecification, the efficy and minimum bias of the estimator (Durrant,
2005).

5.1 Data consistency and outlier detection mechanisms

The GET methodology involves checks and assessroéttie validity of the data (both reported
and imputed) at various stages. At an initial stagelysts from the Trends Unit examine all datautn
files, to identify any inconsistencies due to beeakdata series, changes in sources or data emuss.
When problematic data are identified, the corredpan observations are removed from the dataset
before any imputation is undertaken.

At various stages in the data imputation processpatlier detection mechanism has been
integrated in the GET model, to identify imputedaddnat may be out of bound, and in some casesstad]
or remove the data identified as such. One sudiepdetection mechanism identifies two cases:He T
total unemployment rate is positively correlatedhwieal GDP growth, and 2. The difference between

3" Holt, T. “Aggregation of National Data to Regioraid Global Estimates” Report prepared for the Citemfor
the Coordination of Statistical Activities, Gene$gptember 2003
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total unemployment and unemployment sub-comporistighly volatile over time. The first case may
occur if there is a structural break in the timaesefor a country, or problems in the data for sgrears,

or it can reflect a weak relationship between eagnogrowth and employment/unemployment, or a
relationship that involves a time lag. For instantlee relationship between growth in resource
(particularly) oil exporting countries and employmés likely to be weak or even ambiguous. Because
there is a subjective element to whether the daiassidentified through this procedure shouldrbated

as outliers, the data identified through this nogitare not adjusted nor removed, but flagged asrieg
further attention from the analyst, who can thecidi=on the best course to follow.

Other examples of routine checks on the model delidentifying the minimum and maximum
of the imputed values and compared with the mininaumd maximum observed values to ensure that no
out of bound values have been generated by thetatipon process. For instance, at one stage of the
imputation process, imputed values that are latwgn regional or global maximum are dropped.

5.2  Assessing imputation and estimation techniques

In developing the Trends econometric models, atmlysnducted sensitivity analysis and tested
various model specifications. The models are baseckrefully and clearly defined assumptions. Tsend
econometric models integrate a variety of imputatimd estimation techniques, allowing the empirical
investigation of alternative models. Different intgiion techniques are tested at various stagebeof t
GET model. Criteria used to select the most apatgmethod include the simplicity of the method,
consistency of the assumptions with economic pplesi and minimum bias (that the technique produces
closest approximation of the real (observed) valaed does not produce outlying values).

The regression weights used conform to best pexcfior imputation with MAR data. Country
weights for aggregation are based on logical m@tatiips (e.g. labour force size as weight for
unemployment aggregates) Auxiliary variables usedsalected are empirically tested.

When estimating trends based on data resulting fepeated imputations (e.g. forecasting short-
to - medium term unemployment rates), care is takeseparate countries with a large number of ieghut
values from other countries, to prevent the imputath from driving the results that would be obgdin
from observed data. The impact of large countriesamalyzed and accounted for in the models (e.g.
China is not included in the construction of regias weights for East Asia).

The uncertainty associated with the estimates géegrby the models — attributable to the
imputation process, and to uncertainty surroundiegchmark data — is always acknowledged in the
analysis based on these estimates. A point estimsat®t provided when the level of uncertainty
associated with it is very high. Whenever possibleonfidence interval (e.g. for the short-to-medliu
term unemployment projections) that accounts ferithpact of imputations is constructed and presente
as a measure of uncertainty.
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6. Conclusion and way forward

In the context of monitoring progress towards thhievement of the MDGs, the Coordination
Committee on Statistical Activities (CCSA) statdatt “imputations for missing data were an essential
and unavoidable part of making regional estimat®sThe CCSA recommended that international
agencies document imputation methods used in mararal guidelines, that can be used by national
agencies. Imputed country level data are not topbklished by international agencies, unless the
countries were themselves involved in producingrthe

The ILO Trends econometric models produce complatasets of key labour market indicators
that can be used to generate regional and globataggs. As this paper has demonstrated, the
methodologies used to impute missing country daieespond to existing best practices. These
methodologies are continuously being refined, a®ucthented and readily accessible to the practittone
and the public at large. GET model estimates,aithjtirevised semi-annually, have been revised on a
more regular basis since January 2009. The ILO prawided clear explanations of data and
or/methodological changes underpinning the revision

There is no doubt that intensive data collectioforef to further expand data coverage and
increase the frequency of data collection is nexgsIhe ILO has a crucial role to play in suppugti
countries to collect, analyze and disseminate §ifedour market information.

In the short run, the ILO will continue to refinedaenhance the Trends econometric models.
Future work in this regard must include additiosahsitivity analysis and testing. Specifically, new
equations and model specifications need to be dpedl and evaluated. For instance, variables
representing structural factors that may affect mdlationship between growth and employment (e.g.
natural resource exports dependence) can be akptiontrolled for in the regressions.

Additional work is also required to further improthee models’ flexibility and responsiveness to
economic and social shocks resulting in breaks dta cseries. This could involve the inclusion of
variables that capture countries’ vulnerabilityeixternal shocks, for instance, macroeconomic gtgbil
financial sector development and integration i@ global system, dependence on exports (expods as
share of GDP, or exports relative to domestic congion), dependence on remittances, dependence on
foreign aid, among others.

3 Report of the Inter-agency and Expert Meeting dd®/ndicators, held in Geneva, 10-13 November 2003.
Available athttp://www.unece.org/stats/documents/2003.11.mdg.ht
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Appendix 1 - Initial dataset
Per centage of countrieswith at least 1, at least 2 and at least 3 data pointsin theinitial dataset:

Total unemployment rate

Total Percent of countries

Countries 21 22 23
Developed Economies & European Union 36 100 100 100
Central & South Eastern Europe (non-EU) & CIS 18 78 67 61
East Asia 7 71 71 57
South East Asia & the Pacific 14 79 64 57
South Asia 8 100 63 50
Latin America & the Caribbean 31 100 94 94
Middle East 13 92 85 54
North Africa 6 67 67 67
Sub-Saharan Africa 45 64 42 24
Male and Female unemployment rates

Total Percent of countries

Countries 21 22 23
Developed Economies & European Union 36 100 100 100
Central & South Eastern Europe (non-EU) & CIS 18 78 67 61
East Asia 7 71 71 57
South East Asia & the Pacific 14 71 64 57
South Asia 8 100 63 50
Latin America & the Caribbean 31 100 94 90
Middle East 13 77 69 46
North Africa 6 67 67 67
Sub-Saharan Africa 45 60 40 20
Adults and Youth unemployment rates

Total Percent of countries

Countries 21 22 23
Developed Economies & European Union 36 100 100 100
Central & South Eastern Europe (non-EU) & CIS 18 78 61 44
East Asia 7 71 71 57
South East Asia & the Pacific 14 71 43 43
South Asia 8 88 50 38
Latin America & the Caribbean 31 94 84 77
Middle East 13 54 38 8
North Africa 6 67 67 50
Sub-Saharan Africa 45 38 27 11

Male Adults, Female Adults, Male Youth and Female Youth unemployment rates

Total Percent of countries

Countries 21 22 23
Developed Economies & European Union 36 100 100 100
Central & South Eastern Europe (non-EU) & CIS 18 78 61 44
East Asia 7 57 57 43
South East Asia & the Pacific 14 64 43 43
South Asia 8 88 50 38
Latin America & the Caribbean 31 94 84 77
Middle East 13 46 38 8
North Africa 6 67 50 33
Sub-Saharan Africa 45 38 24 11
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Appendix 2 - Imputation stages and response rates

Total unemployment rate - Regional response rates
Initial (pre-imputation) response rates

1991 1992 1993 1994 1995 1996 1997 1998 1999 2000 2001 2002 2003 2004 2005 2006 2007 2008 Average

Developed Economies & European Union 75 81 8 92 92 94 94 94 97 100 100 100 100 100 100 100 100 100 95
Central & South Eastern Europe (non-EU) &CIS 11 11 11 17 28 33 39 4 5 50 5 56 61 61 61 67 61 28 41
East Asia 57 57 57 57 5/ 57 57 57 57 71 57 57 71 57 57 57 57 57 59
South East Asia & the Pacific 36 43 36 29 43 50 43 50 43 57 50 43 43 57 43 43 36 36 43
South Asia 33 25 25 38 25 50 25 25 25 50 38 25 38 38 63 38 25 13 33
Latin America & the Caribbean 45 55 58 52 71 71 71 71 77 68 8 77 77 74 68 81 58 32 66
Middle East 23 0 23 23 31 23 31 15 38 38 54 46 38 46 23 15 23 23 29
North Africa 33 33 33 33 33 17 50 17 5 67 67 67 67 67 67 50 50 33 46
Sub-Saharan Africa 9 7 4 13 13 13 18 13 13 13 9 7 11 20 13 13 9 4 11

After country level imputations part 1b

1991 1992 1993 1994 1995 1996 1997 1998 1999 2000 2001 2002 2003 2004 2005 2006 2007 2008 Average

Developed Economies & European Union 75 8 8 92 92 94 94 94 97 100 100 100 100 100 100 100 100 100 95
Central & South Eastern Europe (non-EU) &CIS 11 11 11 17 28 33 39 4 50 50 61 56 61 61 61 67 61 33 42
East Asia 57 57 57 57 57 57 57 57 57 71 71 71 71 57 57 57 57 57 60
South East Asia & the Pacific 3 43 36 36 43 50 43 50 50 57 50 50 50 57 57 43 36 36 46
South Asia 33 25 25 38 25 50 25 25 25 50 50 38 38 50 63 38 25 13 35
Latin America & the Caribbean 45 55 61 58 71 74 71 71 81 81 8 8 8 77 77 81 61 32 69
Middle East 23 8 23 31 31 31 31 23 38 38 54 46 46 46 23 23 23 23 31
North Africa 33 33 33 33 33 3 50 50 67 67 67 67 67 67 67 50 50 33 50
Sub-Saharan Africa 9 11 9 18 20 22 24 20 22 13 11 9 11 24 13 13 9 4 15

After country level imputations part 2

1991 1992 1993 1994 1995 1996 1997 1998 1999 2000 2001 2002 2003 2004 2005 2006 2007 2008 Average

Developed Economies & European Union 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100
Central & South Eastern Europe (non-EU) &CIS 67 67 67 67 67 67 67 67 67 67 78 67 67 67 67 67 67 67 67
East Asia 7n 71 71 717 712 71 71 71 71 71 71 71 71 71 71 71 71 71 71
South East Asia & the Pacific 71 71 71 71 64 64 64 64 64 71 64 64 64 64 64 64 64 64 66
South Asia 63 63 63 63 63 63 63 63 63 63 63 63 63 63 8 75 63 63 65
Latin America & the Caribbean 94 94 97 94 94 94 97 97 97 94 94 94 94 94 94 94 94 94 9%
Middle East 85 8 8 8 8 8 8 8 8 8 92 8 8 8 8 8 8 8 85
North Africa 67 67 67 67 67 67 67 67 67 67 67 67 67 67 67 67 67 67 67
Sub-Saharan Africa 42 42 44 44 44 42 A2 A2 44 42 42 42 44 49 A2 44 44 A2 43

After panel regressions on sub components and recalculation of totals

1991 1992 1993 1994 1995 1996 1997 1998 1999 2000 2001 2002 2003 2004 2005 2006 2007 2008 Average

Developed Economies & European Union 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100
Central & South Eastern Europe (non-EU) & CIS 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100
East Asia 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100
South East Asia & the Pacific 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100
South Asia 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100
Latin America & the Caribbean 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100
Middle East 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100
North Africa 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100
Sub-Saharan Africa 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100
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Male Adults, Female Adults, Male Youth and Female Youth unemployment rates - Regional response rates
Initial (pre-imputation) response rates

1991 1992 1993 1994 1995 1996 1997 1998 1999 2000 2001 2002 2003 2004 2005 2006 2007 2008 Average

Developed Economies & European Union 72 78 78 81 81 8 92 92 92 97 100 100 100 100 100 100 100 83 91
Central & South Eastern Europe (non-EU) &CIS 11 11 6 6 11 11 6 22 22 17 22 44 39 50 4 44 50 11 24
East Asia 29 43 43 43 43 43 43 43 14 57 43 43 57 43 43 43 43 0 40
South East Asia & the Pacific 7 21 14 21 21 43 29 43 29 43 36 29 36 29 21 29 36 O 27
South Asia 13 13 13 25 13 25 13 13 0 38 0 13 13 25 25 38 25 O 17
Latin America & the Caribbean 35 42 42 35 55 48 45 52 58 48 39 55 48 45 39 45 42 0 43
Middle East 8 0 0 8 8 0 0 0 0 0 15 15 8 8 15 8 15 O 6
North Africa 0 0 0 0 0 0 17 17 33 0 33 33 17 33 5 33 17 © 16
Sub-Saharan Africa 0 4 2 4 4 4 9 4 11 11 0 4 4 7 7 4 7 0 5

After country level imputations part 1a (in blue) and 1b (in red)

1991 1992 1993 1994 1995 1996 1997 1998 1999 2000 2001 2002 2003 2004 2005 2006 2007 2008 Average

Developed Economies & European Union 72 8 81 8 8 8 92 92 92 100 100 100 100 100 100 100 100 83 92
Central & South Eastern Europe (non-EU)&CIS 11 11 11 11 11 11 11 22 22 22 33 44 44 50 44 50 50 11 26
East Asia 29 43 43 43 43 43 43 43 43 57 57 57 57 43 43 43 43 0 43
South East Asia & the Pacific 7 21 14 21 29 43 29 43 36 43 36 36 36 36 29 29 36 O 29
South Asia 13 13 13 25 13 38 13 13 13 38 25 25 25 38 38 38 25 O 22
Latin America & the Caribbean 35 48 48 48 55 55 52 52 61 61 65 61 52 55 55 48 42 O 50
Middle East 8 0 0 8 8 0 0 0 0 0O 15 15 15 8 23 15 15 O 7
North Africa 0 0 0 0 0 0 17 17 33 33 5 50 50 50 67 50 17 O 24
Sub-Saharan Africa 0 4 2 4 9 9 11 11 16 11 4 4 4 9 7 4 7 0 7

After country level imputations part 1c

1991 1992 1993 1994 1995 1996 1997 1998 1999 2000 2001 2002 2003 2004 2005 2006 2007 2008 Average

Developed Economies & European Union 75 8 89 92 92 94 94 94 97 100 100 100 100 100 100 100 100 100 95
Central & South Eastern Europe (non-EU)&CIS 11 11 11 17 28 33 39 4 50 50 61 56 61 61 61 67 61 33 42
East Asia 57 57 57 57 57 57 57 57 57 71 71 71 71 57 57 57 57 57 60
South East Asia & the Pacific 36 43 36 36 43 50 43 50 50 57 50 50 50 57 57 43 36 36 46
South Asia 25 13 13 25 13 38 13 25 25 50 50 38 38 50 63 38 25 13 31
Latin America & the Caribbean 45 55 61 58 71 74 71 68 8 81 8 8 8 77 77 81 61 32 69
Middle East 23 8 23 31 31 31 31 23 38 38 54 46 38 46 23 23 23 23 31
North Africa 33 33 33 33 17 17 5 33 50 5 67 67 67 67 67 50 50 33 45
Sub-Saharan Africa 9 11 9 18 20 20 22 18 20 11 9 9 9 20 13 13 9 4 14

After country level imputations part 2

1991 1992 1993 1994 1995 1996 1997 1998 1999 2000 2001 2002 2003 2004 2005 2006 2007 2008 Average

Developed Economies & European Union 94 97 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100
Central & South Eastern Europe (non-EU)&CIS 39 39 39 44 50 50 50 56 61 61 72 61 61 61 61 67 67 61 56
East Asia 71 721 71 71 72 71 72 71 71 717 71 71 71 71 71 71 71 71 71
South East Asia & the Pacific 64 64 64 64 64 64 64 64 64 71 64 64 64 64 64 57 57 57 63
South Asia 50 50 50 50 50 63 63 63 63 63 63 50 50 50 75 63 50 50 56
Latin America & the Caribbean 94 94 97 94 94 94 97 97 97 94 94 94 94 94 94 94 94 9 94
Middle East 46 62 69 77 77 77 77 77 77 77 8 77 77 8 69 69 69 69 73
North Africa 67 67 67 67 67 67 6/ 67 67 67 67 67 67 67 67 67 67 67 67
Sub-Saharan Africa 29 29 36 36 42 42 42 42 44 42 42 40 42 44 40 42 42 36 40

After panel regressions on sub components and recalculation of totals

1991 1992 1993 1994 1995 1996 1997 1998 1999 2000 2001 2002 2003 2004 2005 2006 2007 2008 Average

Developed Economies & European Union 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100
Central & South Eastern Europe (non-EU) & CIS 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100
East Asia 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100
South East Asia & the Pacific 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100
South Asia 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100
Latin America & the Caribbean 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100
Middle East 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100
North Africa 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100
Sub-Saharan Africa 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100
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Male and Female unemployment rates - Regional response rates

Initial (pre-imputation) response rates

1991 1992 1993 1994 1995 1996 1997 1998 1999 2000 2001

2002 2003 2004 2005 2006 2007 2008 Average

Developed Economies & European Union
Central & South Eastern Europe (non-EU) & CIS
East Asia

South East Asia & the Pacific

South Asia

Latin America & the Caribbean

Middle East

North Africa

Sub-Saharan Africa

75
11
57
21
38
45
23
33
9

81 8 89 89
1 11 11 22
57 57 57 57
29 21 21 36
25 25 38 25
55 58 52 71

0 15 15 23
33 17 17 33

4 4 13 11

94
28
57
50
50
71
15
17
13

94
33
57
36
25
71
15
50
18

94
39
57
50
25
71
8
17
11

97 100 100
44 44 56
57 71 57
43 50 50
25 50 38
77 68 81
31 31 46
50 67 67
11 13 7

100 100 100 100 100 100 97 9
56 61 61 56 61 56 22 38
57 71 43 43 43 43 57 56
43 43 57 43 36 36 21 38
25 38 38 63 38 25 13 33
74 74 74 68 77 58 23 65
33 31 31 23 15 23 23 23
50 67 67 67 33 50 33 43

7 11 20 13 13 9 4 11

After country level imputations part 1a

1991 1992 1993 1994 1995 1996 1997 1998 1999 2000 2001

2002 2003 2004 2005 2006 2007 2008 Average

Developed Economies & European Union
Central & South Eastern Europe (non-EU) & CIS
East Asia

South East Asia & the Pacific

South Asia

Latin America & the Caribbean

Middle East

North Africa

Sub-Saharan Africa

75
11
57
36
38
45
23
33

9

81 8 92 92
1 11 17 28
57 57 57 57
43 36 29 43
25 25 38 25
55 58 52 71

0 15 15 23
33 33 33 33

4 4 13 11

94
33
57
50
50
71
15
17
13

94
39
57
43
25
71
15
50
18

94
44
57
50
25
71

8
17
11

97 100 100
50 50 56
57 71 57
43 50 50
25 50 38
77 68 84
31 31 46
50 67 67
11 13 9

100 100 100 100 100 100 100 95
56 61 61 61 67 61 28 41
57 71 57 57 57 57 57 59
43 43 57 43 43 36 36 43
25 38 38 63 38 25 13 33
77 77 74 68 81 58 32 66
33 31 31 23 15 23 23 23
67 67 67 67 50 50 33 46

7 11 20 13 13 9 4 11

After country level imputations part 1b

1991 1992 1993 1994 1995 1996 1997 1998 1999 2000 2001

2002 2003 2004 2005 2006 2007 2008 Average

Developed Economies & European Union
Central & South Eastern Europe (non-EU) & CIS
East Asia

South East Asia & the Pacific

South Asia

Latin America & the Caribbean

Middle East

North Africa

Sub-Saharan Africa

75
11
57
36
38
45
23
33
9

86 8 92 92
1 11 17 28
57 57 57 57
43 36 36 43
25 25 38 25
55 61 58 71

8 15 23 23
33 33 33 33

9 7 16 18

94
33
57
50
50
74
23
33
20

94
39
57
43
25
71
15
50
22

94
44
57
50
25
71
15
50
18

97 100 100
50 50 61
57 71 71
50 50 50
25 50 50
81 81 87
31 31 46
67 67 67
20 13 11

100 100 100 100 100 100 100 95
56 61 61 61 67 61 33 42
71 71 57 57 57 57 57 60
50 50 57 57 43 36 36 45
38 38 50 63 38 25 13 35
84 81 77 77 81 61 32 69
33 38 31 23 23 23 23 25
67 67 67 67 50 50 33 50

9 11 24 13 13 9 4 14

After country level imputations part 1c

1991 1992 1993 1994 1995 1996 1997 1998 1999 2000 2001

2002 2003 2004 2005 2006 2007 2008 Average

Developed Economies & European Union 75 8 89 92 92 94 94 94 97 100 100 100 100 100 100 100 100 100 95
Central & South Eastern Europe (non-EU) &CIS 11 11 11 17 28 33 39 44 50 50 61 5 61 61 61 67 61 33 42
East Asia 57 57 57 57 57 57 57 57 57 71 71 71 71 57 57 57 57 57 60
South East Asia & the Pacific 36 43 36 36 43 50 43 50 50 57 50 50 50 57 57 43 36 36 46
South Asia 33 25 25 38 25 50 25 25 25 50 50 38 38 50 63 38 25 13 35
Latin America & the Caribbean 45 55 61 58 71 74 71 71 8 81 8 8 8 77 77 81 61 32 69
Middle East 23 8 23 31 31 31 31 23 38 38 54 46 46 46 23 23 23 23 31
North Africa 33 33 33 33 33 33 50 50 67 67 67 67 67 67 67 50 50 33 50
Sub-Saharan Africa 9 11 9 18 20 22 24 20 22 13 1 9 1 24 13 13 9 4 15
After panel regressions on sub components and recalculation of totals
1991 1992 1993 1994 1995 1996 1997 1998 1999 2000 2001 2002 2003 2004 2005 2006 2007 2008 Average

Developed Economies & European Union 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100
Central & South Eastern Europe (non-EU) & CIS 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100
East Asia 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100
South East Asia & the Pacific 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100
South Asia 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100
Latin America & the Caribbean 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100
Middle East 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100
North Africa 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100
Sub-Saharan Africa 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100
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Adults and Youth unemployment rates - Regional response rates
Initial (pre-imputation) response rates

1991 1992 1993 1994 1995 1996 1997 1998 1999 2000 2001 2002 2003 2004 2005 2006 2007 2008 Average

Developed Economies & European Union 72 78 78 81 81 8 92 92 92 97 100 100 100 100 100 100 100 83 91
Central & South Eastern Europe (non-EU) & CIS 11 11 6 6 11 11 6 22 22 17 22 4 39 50 4 4 5 1 24
East Asia 29 43 43 43 43 43 43 57 29 71 57 57 71 57 57 57 57 O 48
South East Asia & the Pacific 7 21 14 21 21 43 29 43 29 50 36 29 36 29 21 29 36 O 27
South Asia 13 13 13 25 13 25 13 13 0 38 0 13 13 25 25 38 25 O 17
Latin America & the Caribbean 35 42 42 35 55 438 45 52 58 48 39 55 48 45 39 45 42 O a3
Middle East 8 0 0 8 8 0 0 0 0 0O 15 15 8 15 15 8 15 O 6
North Africa 0 0 0 0 0 0 17 17 33 0 50 3 17 33 5 50 17 O 18
Sub-Saharan Africa 0 4 2 4 4 4 9 4 11 11 2 4 4 7 7 4 7 0 5

After country level imputations part 1b

1991 1992 1993 1994 1995 1996 1997 1998 1999 2000 2001 2002 2003 2004 2005 2006 2007 2008 Average

Developed Economies & European Union 72 8 81 8 8 8 92 92 92 100 100 100 100 100 100 100 100 83 92
Central & South Eastern Europe (non-EU) &CIS 11 11 11 11 11 11 11 22 22 22 33 44 4 50 4 5 50 11 26
East Asia 29 43 43 43 43 43 43 57 57 71 71 71 71 57 57 57 57 O 51
South East Asia & the Pacific 7 21 14 21 29 43 29 43 36 50 36 36 36 36 29 29 36 O 29
South Asia 13 13 13 25 13 38 13 13 13 38 25 25 25 38 38 38 25 O 22
Latin America & the Caribbean 35 48 48 48 55 55 52 52 61 61 65 61 52 55 55 48 42 O 50
Middle East 8 0 0 8 8 0 0 0 0 0 15 15 15 15 23 15 15 O 8
North Africa 0 0 0 0 17 17 33 33 5 5 5 5 67 50 17 0 24
Sub-Saharan Africa 0 4 2 4 9 9 11 11 16 11 4 4 4 9 7 4 7 0 7

After country level imputations part 1c

1991 1992 1993 1994 1995 1996 1997 1998 1999 2000 2001 2002 2003 2004 2005 2006 2007 2008 Average

Developed Economies & European Union 75 8 8 92 92 94 94 94 97 100 100 100 100 100 100 100 100 100 95
Central & South Eastern Europe (non-EU) & CIS 11 11 11 17 28 33 39 44 50 50 61 56 61 61 61 67 61 33 42
East Asia 57 57 57 57 57 57 57 57 57 71 71 71 71 57 57 57 57 57 60
South East Asia & the Pacific 36 43 36 36 43 50 43 50 50 57 50 50 50 57 57 43 36 36 46
South Asia 25 13 13 25 13 38 13 25 25 50 50 38 38 50 63 38 25 13 31
Latin America & the Caribbean 45 5 61 58 71 74 71 68 8 81 8 8 81 77 77 81 61 32 69
Middle East 23 8 23 31 31 31 31 23 38 38 54 4 38 46 23 23 23 23 31
North Africa 33 3 33 33 17 17 50 33 50 50 67 67 67 67 67 50 50 33 45
Sub-Saharan Africa 9 11 9 18 20 20 22 18 20 11 9 9 9 20 13 13 9 4 14

After panel regressions on sub components and recalculation of totals

1991 1992 1993 1994 1995 1996 1997 1998 1999 2000 2001 2002 2003 2004 2005 2006 2007 2008 Average

Developed Economies & European Union 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100
Central & South Eastern Europe (non-EU) & CIS 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100
East Asia 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100
South East Asia & the Pacific 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100
South Asia 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100
Latin America & the Caribbean 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100
Middle East 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100
North Africa 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100
Sub-Saharan Africa 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100
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Appendix 3 - Regression results

North
Major  Eastern South Africa & East Asia
Male Youth Non  Europe & Eastern Central South Central South Subsahara Middle South incl
Unemployment Europe Europe Baltic CIS Asia Asia  East Asia America America  Africa East Africa China
GDP Growth -0.03 -0.03 -0.01 -0.01 -0.02 -0.00 0.00 -0.04 -0.02 -0.00 0.00 -0.07 -0.03
(-5.38)** (-2.23)* (-1.57) (-3.20)** (-2.37)* (-0.19) (0.31) (-6.31)** (-5.26)** (-0.02) (0.38)  (-3.00)** (-3.25)**
Growth x Period 2 0.01 0.01 -0.02
(-1.65)  (2.68)** (-1.01)
Period 2 -0.02 0.13 -0.43
(-0.29) = (2.08)* @ (-4.55)**
Constant -2.16 -2.41 -1.06 -1.31 -1.81 -2.03 -2.32 -1.56 -1.65 -2.2 -1.58 -0.54 -1.92
(-29.65)** (-40.05)** (-27.91) ** (-38.54) ** (-35.08) ** (-28.52) ** (-79.63) ** (-65.75)** (-88.04) ** (-134.92) ** (-73.78) ** (-4.88)** (-35.20)**
Observations 414 99 257 117 100 88 175 301 206 285 280 57 100
R-squared 0.7345 0.5207 0.7355 0.6010 0.7514 0.8529 0.7930 0.9184 = 0.8405 0.9798 0.9502 0.1404  0.5742
Adj R-squared 0.7202  0.4949 0.7167 0.5634 0.7325 0.8537 0.7791 0.9132  0.8315 0.9779 0.9469 0.1247  0.5516
**Significant at 1%, * Significant at 5%
North
Major  Eastern South Africa & East Asia
Male Adult Non  Europe & Eastern Central South Central South Subsahara Middle South incl
Unemployment Europe Europe Baltic CIS Asia Asia  East Asia America America  Africa East Africa China
GDP Growth -0.01 -0.03 -0.01 -0.01 -0.02 0.04 -0.00 -0.04 -0.02 0 0.00 -0.14 -0.03
(-2.39)*  (-1.75)  (-0.96) (-2.84)** (-2.16)* (2.18)* (-0.26) (-6.83)** (-5.70)**  (0.16) (0.49)  (-2.73)** (-3.22)**
Growth x Period 2 0.01 0.01 -0.02
(-1.49) (2.46)* (-1.28)
Period 2 -0.01 0.08 -0.46
(-0.19) (-1.34) (-4.28)**
Constant -2.46 -3.32 -2.27 -2.33 -2.79 -3.88 -3.84 -2.66 -2.9 -3.03 -2.94 -1.55 -2.91
(-31.93)** (-40.8)** (-71.24) (-70.96)** (-48.22)** (-39.54)**(-121.34)**(-109.26)**-139.92)**(-161.45)**(-144.76)** (-6.75)** (-47.56)**
Observations 414 99 257 117 100 88 175 301 206 285 280 57 100
R-squared 0.6836 0.3817 0.7630 0.5956 0.8491 0.6867 0.7784  0.8892 @ 0.7329 0.955 0.9622  0.1195 0.743
Adj R-squared 0.6667 0.3484 0.7461 @ 0.5574  0.8377 0.655 0.7635 0.8821  0.7177 0.9507 0.9598 0.1035 0.7293

** Significant at 1%, * Significant at 5%
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North

Major  Eastern South Africa & East Asia
Female Youth Non Europe & Eastern Central South Central South Subsahara Middle South incl
Unemployment Europe Europe Baltic CIS Asia Asia  East Asia America America  Africa East Africa China
GDP Growth -0.01 -0.02 -0.02 -0.01 -0.03 -0.01 0.00 -0.03 -0.02 0.00 0.00 -0.05 -0.03
(-1.92)  (-1.49) (-2.45)** (-1.19) (-3.98)** (-0.48) (0.47)  (-4.79)** (-3.46)**  (0.19) (0.84)  (-2.28)* (-3.62)**
Growth x Period 2 0.01 0
(-1.10) =~ (0.33)
period 2 -0.033 0.35
(-3.11)** (3.40)**
Constant -2.33 -2.60 1.06 -1.53 -2.7 -0.68 -2.00 -0.48 -0.41 -0.40 -0.2 -0.05 -2.29
(-30.24)** (-54.77)** (8.34)** (-12.94)** (-32.94)** (-2.18)** (-270.51)*" (-6.14)** (-46.00)** (-40.19)** (-2.45)** (-0.43) (-49.37)**
Observations 414 99 257 117 100 88 175 301 206 285 280 57 100
R-squared 0.8047 0.6191 0.8266 @ 0.7404 0.798 0.8733  0.8470  0.9017 0.785 0.988 0.945 0.0864 0.798
Adj R-squared 0.7943 0.5986 0.0698 0.7873

** Significant at 1%, * Significant at 5%

North
Major  Eastern South Africa & East Asia
Female Adult Non Europe & Eastern Central South Central South Subsahara Middle South incl
Unemployment Europe Europe Baltic CIS Asia Asia  East Asia America America  Africa East Africa China
GDP Growth 0.00 -0.03 -0.01 -0.01 -0.03 0.04 -0.00 -0.03 -0.02 0.00 0.01 -0.07 -0.03
(-0.47)  (-1.90)  (-1.78) = (-0.97) (-3.54)** (2.20)* = (-0.45) (-4.06)** (-3.52)**  (0.47) (1.67)  (-2.00)** (-3.42)**
Growth x Period 2 0.01 -0.00
(0.63) (-0.07)
period 2 -0.25 0.37
(-2.52)* = (4.59)**
Constant -2.31 -3.37 -0.50 -2.44 -3.37 -2.13 -3.46 -1.82 -1.99 -2.16 -1.58 -1.01 -3.24
(-31.4)** (-54.04)** (-4.58)** (-22.52)** (-36.56)** (-6.13)** (-395.27)**(-31.64)** (-33.23)** (-233.26)** (-23.86)** (-6.42)** (-54.55)**
Observations 414 99 257 117 100 88 175 301 206 285 280 57 100
R-squared 0.7325 0.4881 0.8395 0.8213 0.8086 0.8051 0.8349 0.9128 0.7688 0.9825 0.9467 0.0739 0.8086
Adj R-squared 0.7182  0.4606 0.057 0.7985

** Significant at 1%, * Significant at 5%
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Appendix 4 - Historical Crisis and Recovery Years

Turning Recovery Largest drop in Turning Recovery Largest dropin
Crisis Year GDP growth Crisis Year GDP growth

Developed Economies & European Union Central & South Eastern Europe (non-EU) & CIS

Australia 1991 1991 1992 -2.9 Albania 1997 1997 1998 -19.3
Austria 2001 2001 2002 -3.1 Armenia 1992 1993 2005 -40.2
Belgium 1996 1996 1997 -34 Azerbaijan 1992 1995 2005 -22.0
Bulgaria 1996 1997 2001 -6.4 Belarus 1992 1995 2003 -8.4
Canada 2001 2001 2002 -34 Bosnia and Herzegovina 1997 1997 1998 -32.6
Cyprus 1996 1996 1997 -6.3 Croatia 1991 1993 2003 -9.5
Czech Republic 1991 1992 2000 -10.3 Georgia 1992 1994 2014 -23.8
Denmark 2001 2001 2002 -2.8 Kazakhstan 1991 1995 2004 -8.7
Estonia 1992 1994 2000 -13.7 Kyrgyzstan 1998 1998 1999 -7.8
Finland 1991 1993 1997 -6.3 Republic of Moldova 1991 -31.8
France 2001 2001 2002 -2.3 Russian Federation 1992 1998 2006 -9.5
Germany 1993 1993 1994 -3.1 Serbia and Montenegro 1999 1999 2002 -11.9
Greece 1992 1993 1994 -24 Tajikistan 1992 1996 2010 -21.8
Hungary 1991 1993 1998 -8.4 The former Yugoslav Repub 2001 2001 2004 9.1
Iceland 2002 2002 2003 -3.8 Turkey 1994 1994 1995 -13.5
Ireland 1991 1991 1992 -6.1 Turkmenistan 1994 1997 2001 -7.3
Israel 2001 2002 2003 -9.2 Ukraine 2005 2005 2006 9.4
Italy 2001 2001 2002 -1.9 Uzbekistan 1992 1995 2001 -10.5
Japan 1998 1999 2000 -3.6

Latvia 1992 1993 2004 -19.5

Lithuania 1992 1994 2004 -15.6

Luxembourg 1992 1992 1993 -6.8

Malta 2000 2001 2004 -4.8

Netherlands 2001 2001 2002 -2.0

New Zealand 1998 1998 1999 -2.2

Norway 1998 1998 1999 -2.7

Poland 2001 2001 2002 -3.0

Portugal 1991 1991 1992 -4.5

Romania 1997 1999 2002 -10.0

Slovakia 1991 1993 2001 -15.5

Slovenia 2001 2001 2002 -1.5

Spain 1993 1993 1994 -2.2

Sweden 2001 2001 2002 -3.3

Switzerland 1991 1993 1994 -4.6

United Kingdom 1991 1991 1993 -2.2

United States 2001 2001 2002 -2.9
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Turning  Recovery  Largest dropin Turning Recovery Largest drop in

Crisis Year Point Year GDP growth Crisis Year Point Year GDP growth
East Asia Latin America & the Caribbean
China 1995 1995 1996 -2.2 Argentina 1995 1995 1996 -8.7
Hong Kong, China 1998 1998 2000 -11.1 Bahamas 2003 2004 2005 -3.5
Korea, Republic of 1998 1998 1999 -11.5 Barbados 2001 2001 2003 -4.8
Mongolia 1991 1993 2000 -6.7 Belize 2001 2001 2002 -8.1
Taiwan, China 2001 2001 2002 -7.9 Bolivia 1999 1999 2000 -4.6
Brazil 1998 1998 1999 -3.3
South East Asia & the Pacific Chile 1993 1993 1994 -5.3
Brunei Darussalamn 1993 1993 1994 -4.5 Colombia 1999 1999 2001 -4.8
Cambodia 2000 2000 2001 -3.1 Costa Rica 2000 2000 2001 -6.4
Fiji 1996 1996 1997 -27.5 Dominican Republic 2003 2003 2004 -6.0
Indonesia 1998 1998 2003 -17.8 Ecuador 1999 1999 2001 -8.4
Lao People's
Democratic
Republic 1998 1998 1999 -2.9 El Salvador 1996 1996 1997 -4.7
Malaysia 1998 1998 2000 -14.7 Guatemala 1996 1996 1997 -1.6
Myanmar 1993 1993 1994 -3.7 Guyana 1998 1998 1999 -7.9
Papua New Guinea 1997 1997 2004 -12.9 Haiti 1994 1994 1996 -6.7
Philippines 1998 1998 1999 -5.8 Honduras 1994 1994 1995 -7.5
Singapore 2001 2001 2002 -12.4 Jamaica 1991 1991 1992 -3.9
Solomon Islands 2000 2002 2007 -13.8 Mexico 1995 1995 1997 -10.6
Thailand 1998 1998 2001 -9.1 Nicaragua 2000 2000 2001 -2.9
Viet Nam 1998 1998 1999 -2.4 Panama 1999 1999 2000 -3.4
Paraguay 1996 1996 1997 -5.1
South Asia Peru 1998 1998 1999 -7.5
Afghanistan 2004 2004 2005 -6.3 Suriname 1993 1993 1997 -7.1
Bangladesh 2001 2001 2002 -0.8 Trinidad and Tobago 2004 2004 2005 -6.7
Bhutan 1991 1991 1992 -11.1 Uruguay 1995 1995 1996 -8.7
India 1991 1991 1992 -3.9 Venezuela 2002 2003 2005 -12.2
Maldives 2005 2005 2006 -14.1
Nepal 2002 2002 2003 -5.5
Pakistan 1993 1993 1994 -6.6

Sri Lanka 2001 2001 2002 -7.6




Turning Recovery Largest drop in Turning Recovery Largest drop in
Crisis Year Point Year GDP growth Crisis Year Point Year GDP growth

Sub-Saharan Africa Middle East

Angola 1993 1993 1996 -18.1 Bahrain 1994 1994 1995 -13.1
Benin 1991 1991 1992 -4.8 Iran 1992 1992 1993 -8.3
Botswana 1992 1993 1994 -7.8 Jordan 1993 1993 1994 -9.9
Burkina Faso 1992 1992 1993 -8.8 Kuwait 1994 1994 1995 -25.1
Burundi 1993 1996 2009 -7.3 Lebanon 1992 1992 1993 -33.7
Cameroon 2005 2005 2006 -1.4 Oman 2002 2002 2003 -4.9
Cape Verde 2000 2000 2001 -4.6 Qatar 1998 1998 1999 -19.4
Central African Reg 1996 1996 1998 -13.0 Saudi Arabia 1993 1993 1994 -4.6
Chad 2005 2005 2006 -25.7 Syrian Arab Republic 1999 1999 2001 -8.7
Comoros 1991 1991 1992 -10.5 United Arab Emirates 1991 1991 1992 -21.7
Congo 1999 1999 2000 -6.3 Yemen 1991 1991 1992 -13.0
Congo, Democratic 1997 2001 2005 -4.3

Cote d'lvoire 2000 2003 2008 -6.5 North Africa

Equatorial Guinea 1998 1998 1999 -126.2 Algeria 1993 1994 1995 -3.7
Eritrea 1995 1995 1996 -18.6 Egypt 2001 2001 2002 -1.9
Ethiopia 1994 1994 1995 -9.9 Libyan Arab Jamahiriya 1992 2002 2005 -18.7
Gabon 1999 2000 2007 -12.4 Morocco 1995 1995 1996 -16.9
Gambia 2002 2002 2003 -9.0 Sudan 1992 1992 1993 -11.0
Ghana 1994 1994 1995 -1.6 Tunisia 1993 1993 1994 -5.6
Guinea 2003 2003 2004 -3.0

Guinea-Bissau 1998 1998 2012 -33.7

Kenya 2002 2002 2003 -4.4

Lesotho 2005 2005 2006 -3.9

Madagascar 2002 2002 2004 -18.4

Malawi 1994 1994 1995 -20.0

Mali 1992 1992 1993 -12.3

Mauritania 1997 1997 1999 -9.9

Mauritius 1994 1994 1995 -5.4

Mozambique 1992 1992 1993 -11.8

Namibia 1993 1993 1994 -10.9

Niger 1999 2000 2001 -11.7

Nigeria 1991 1991 1993 -13.4

Rwanda 1994 1994 1998 -38.2

Senegal 2002 2002 2003 -3.9

Sierra Leone 2003 2003 2004 -18.0

South Africa 1998 1998 1999 -2.1

Swaziland 1991 1991 1992 -8.0

Tanzania 1991 1991 1992 -5.0

Togo 1993 1993 1995 -13.1

Uganda 1991 1991 1992 -4.7

Zambia 1994 1995 2001 -13.2

Zimbabwe 1992 1992 1996 -15.5
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Appendix 5 - Regression results for short- to medium- term forecasting

Results by Geographic group

North
Major Eastern South Africa & East Asia
Non Europe & Eastern Central South Central South Subsahar Middle south including
Europe Europe Baltic CIs? Asia Asia East Asia® America America aAfrica® East’ Africa China®
0.78 0.87 0.83 0.75 0.80 0.80 0.69 0.71 0.57 0.86 0.65 0.82 0.80
UR., (25.06)** (28.56)** (18.98)** (11.86)** (15.54)** (13.23)** (14.26)** (15.17)** (10.03)** (37.06)** (12.40)** (10.34)** (19.46)**
-0.03 -0.03 -0.01 -0.01 -0.03 0.01 -0.00 -0.02 -0.02 0.00 0.00 -0.01 -0.03
GDP Growth; (-6.48)** (-4.39)** (-3.28)** (-1.38) (-3.76)** (1.91) (-0.08) (-4.30)** (-5.72)** (0.37) (0.08) (-0.75)  (-3.91)**
-0.01 -0.02 0.002 0.002 -0.004 -0.01 0.00 -0.003 -0.00 0.00 -0.00 0.02 0.00
GDP Growth,; (-3.22)** (-4.13)** (0.88) (0.52) (-0.47) (-1.59) (0.13) (-0.58) (-0.03) (0.08) (-0.26)  (2.23)** (0.10)
-0.33 -0.3 -0.14 -0.09 -0.01 0.01 0.05 -0.24 -0.01 0.02 -0.07 -0.2 0.01
LN (pc GDP), (-4.89)** (-3.56)** (-3.03)** (-2.19)* (-0.01) (0.15) (0.74)  (-2.64)** (-0.12) (0.90) (-1.29)  (-1.26) (0.14)
-0.05 -0.002 -0.14 -0.11 -1.36 0.13 -0.26 -0.08 -0.14 -0.01 0.11 -1.01
Crisis x URy1 (-1.02) (-0.02) (-2.81)** (-1.76) (-3.42)** (1.11) (-4.36)** (-1.49) (1.48) (-0.55) (1.69) (-3.18)**
0.01 0.01 0.01 0.01 0.03 0.01 -0.03 -0.01 0.001 -0.00 0.00 -0.21 -0.01
Crisis x GDP Growth, (0.76) (0.29) (1.69) (1.36) (1.03) (0.59)  (-2.99)** (-0.75) (0.08) (-0.24) (0.53) (-1.49) (-0.33)
-0.02 0.01 -0.001 -0.002 -0.07 -0.01 0.003 -0.01 0.01 -0.00 -0.00 0.09 -0.04
Crisis x GDP Growth, ; (-1.77) (1.14) (-0.40) (-0.71) (-1.77) (-0.81) (0.45) (-0.47) (0.53) (-0.30) (-0.52) (1.10) (-1.37)
-0.01 0.002 -0.03 -0.03 -0.42 0.05 -0.11 -0.02 0.03 -0.00 0.03 -0.01 -0.31
Crisis x LN (pc GDP), (-0.87) (0.07) (-2.30)* (-1.60) (-3.54)** (1.14) (-4.30)**  (-0.89) (1.1) (-0.40) (1.83) (-0.19)  (-3.32)**
0.07 -0.01 0.01 -0.05 -0.22 0.03 0.09 -0.04 -0.07 -0.03 -0.06 -0.16
Recovery x UR¢y (1.46) (-0.15) (0.19) (-0.99) (-1.29) (0.24) (1.34) (-0.64) (-0.86) (-1.80) (-1.15) (-1.79)
-0.02 -0.05 -0.004 -0.002 -0.01 -0.003 -0.01 -0.002 0.03 -0.00 0.02 -0.08 -0.01
Recovery x GDP Growth, (-1.02) (-1.98) (-0.70) (-0.34) (-0.33) (-0.21) (-0.49) (-0.10)  (3.30)** (-0.52) (1.90) (-2.73)** (-0.84)
0.004 0.03 -0.002 0.002 -0.01 -0.02 -0.001 0.02 0.001 -0.00 0.01 0.01 -0.01
Recovery x GDP Growth.;  (0.32) (1.22) (-0.50)  (0.34) (-0.43) (-1.05) (-0.71)  (1.97) (0.13) (-0.48)  (1.79) (0.21) (-1.20)
0.02 0.01 0.02 -0.02 -0.05 0.01 0.05 -0.01 -0.03 -0.01 -0.03 0.03 -0.02
Recovery x LN (pc GDP), (1.20) (0.51) (1.39) (-1.09) (-0.96) (0.24) (1.81)* (-0.70) (-1.35) (-1.29) (-1.88) (1.35) (-0.99)
3.14 2.83 0.88 0.71 -0.37 -0.79 -1.46 1.01 -0.75 -0.81 0.16 1.37 -0.61
Constant (4.52)**  (3.48)**  (1.92) = (2.11)* @ (-0.26) = (-1.27)  (-1.93)  (1.72) = (-0.98) (-3.92)** (0.33) (0.95)  (-0.90)
Observations 357 85 248 204 68 126 221 238 204 660 306 51 85
R-squared 0.9426 0.9835 0.9570 0.9516 0.9817 0.9502 0.9107 0.9536 0.8881 0.9806 0.9655 0.9732 0.9799
Adj R-squared 0.9369 0.9797 0.9519 0.9454 0.9765 0.9411 0.8998 0.9481 0.8738 0.9760 0.9619 0.9648 0.9751

** Significantat 1%, * Significantat 5%
? Regions for which regressions two different regressions were run, as a subset of countries had less than 14 out of 18 real observations. Results presented in this table are for
regressions thatincluded all countries in the region.
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Results by Income group

Lower Middle Income Upper Middle Income High Income Countries
Low Income Countries (LIC) Countries (LMIC) Countries (UMIC) (HIC)
>13/18 real >13/18 real >13/18 real >13/18 real
observations all countries observations all countries observations all countries observations all countries
0.81 0.82 0.66 0.66 0.75 0.75 0.81 0.82
UR, (27.50) ** (34.45)** (21.29)** (22.88)** (21.56)** (22.17)** (43.04)** (43.57)**
-0.00 -0.00 -0.01 -0.01 -0.01 -0.01 -0.01 -0.00
GDP Growth;, (-0.82) (-0.75) (-2.52)* (-2.48)* (-4.20)** (-4.29)** (-4.93)** (-2.41)*
0.00 0.00 0.00 0.00 0.00 0.00 -0.01 -0.00
GDP Growth, (0.74) (0.76) (0.81) (0.65) (0.76) (0.14) (-4.13)** (-3.42)**
0.08 0.04 -0.08 -0.05 -0.21 -0.11 -0.22 -0.11
LN (pc GDP), (1.33) (1.19) (-2.31)* (-1.87) (-3.95)** (-2.66)** (-5.47)** (-4.14)**
0.03 0.01 -0.01 -0.01 -0.09 -0.06 -0.08 -0.07
Crisis X URy1 (0.69) (0.37) (-3.58)** (-3.48)** (-1.93) (-1.46) (-2.25)* (-2.08)*
-0.00 -0.00 0.00 0.00 0.02 0.02 -0.02 -0.03
Crisis x GDP Growth, (-0.67) (-0.38) (0.92) (0.94) (3.79)** (3.71)** (-2.28)* (-4.71)**
-0.00 -0.00 -0.00 -0.00 -0.00 -0.00 0.00 0.01
Crisis x GDP Growth,, (-0.39) (-0.53) (-0.94) (-0.97) (-1.23) (-1.08) (0.89) (3.30)**
0.01 0.00 -0.02 -0.02 -0.02 -0.02 -0.02 -0.02
Crisis x LN (pc GDP), (0.59) (0.20) (-2.61)** (-2.53)* (-1.45) (-1.08) (-2.07)* (-1.59)
-0.06 -0.04 -0.09 -0.07 -0.01 0.00 0.06 0.05
Recovery x UR;4 (-2.06)* (-2.07)* (-3.33)** (-3.12)** (-0.17) (0.01) (1.76) (1.42)
-0.00 -0.00 0.00 -0.00 0.00 0.00 -0.01 -0.01
Recovery x GDP Growth, (-0.63) (-0.38) (0.69) (-0.32) (0.19) (0.22) (-1.46) (-0.89)
-0.00 -0.00 0.00 0.00 -0.00 -0.00 -0.01 -0.01
Recovery x GDP Growth,, (-0.88) (-0.64) (0.89) (1.06) (-0.51) (-0.49) (-1.64) (-1.24)
-0.02 -0.02 -0.02 -0.01 0.00 0.001 0.02 0.02
Recovery x LN (pc GDP), (-1.96)* (-1.97)* (-2.44)* (-2.05)* (0.26) (0.57) (2.38)* (2.17)*
-1.49 -1.21 0.25 0.03 1.01 0.66 1.97 0.45
Constant (-3.25)** (-4.25)** (0.86) (0.12) (2.34)* (1.68) (4.59)** (1.57)
Observations 497 750 646 748 469 503 748 782
R-squared 0.964 0.9665 0.9675 0.9691 0.9344 0.9326 0.9525 0.9483
Adj R-squared 0.9608 0.9638 0.9648 0.9666 0.9284 0.9266 0.9488 0.9443

** Significant at 1%, * Significant at 5%
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Results by Export group

Exports <20%GDP 20% < Exports/GDP <50% 50% < Exports/GDP <70% Exports/GDP = 70%
>13/18real >13/18 real >13/18 real >13/18 real
observations all countries observations all countries observations all countries observations all countries
0.69 0.69 0.79 0.79 0.78 0.78 0.81 0.80
UR¢4 (17.32)** (21.04)** (40.44)** (43.09)** (25.53)** (27.65)** (29.91)** (30.30)**
-0.01 -0.00 -0.01 -0.01 -0.00 -0.00 -0.01 -0.00
GDP Growth; (-1.82) (-1.49) (-3.71)** (-3.79)** (-1.83) (-1.64) (-2.47)* (-0.39)
-0.00 -0.00 0.00 0.00 -0.00 -0.00 -0.01 -0.00
GDP Growthy (-0.48) (-0.34) (0.94) (0.76) (-0.43) (-0.42) (-2.31)* (-1.73)
0.01 0.01 -0.1 -0.07 -0.15 -0.13 -0.07 -0.03
LN (pc GDP), (0.08) (0.20) (-3.23)** (-2.70)** (-3.09)** (-3.03)** (-1.37) (-1.00)
0.06 0.06 -0.02 -0.01 0.00 0.00 -0.22 -0.24
Crisis x UR4 (1.15) (1.89) (-0.92) (-0.38) (0.06) (0.01) (-5.31)** (-6.17)**
0.00 -0.00 0.01 0.01 0.01 0.00 -0.01 -0.01
Crisis x GDP Growth, (0.56) (-0.18) (2.60)** (2.86)** (1.36) (1.19) (1.23) (-1.20)
-0.01 -0.00 -0.00 -0.00 -0.00 -0.00 -0.00 0.00
Crisis x GDP Growth,, (-0.96) (-0.54) (-1.24) (-1.17) (-1.23) (-1.06) (-0.07) (0.83)
0.03 0.03 0.00 0.00 0.00 0.00 -0.07 -0.07
Crisis x LN (pc GDP); (1.79) (2.28)* (0.08) (0.63) (0.22) (0.13) (-5.59)** (-5.63)**
-0.06 -0.05 -0.02 -0.01 0.05 0.05 0.05 0.03
Recovery x UR;; (-2.15)* (-2.17)* (-0.96) (-0.61) (1.54) (1.69) (1.73) (1.09)
-0.01 -0.01 0.00 0.00 -0.01 -0.01 0.00 -0.00
Recovery x GDP Growth, (-1.47) (-1.83) (0.71) (1.00) (-1.10) (-2.08)* (0.05) (-0.59)
-0.00 -0.00 0.00 -0.00 -0.00 0.00 -0.00 -0.00
Recovery x GDP Growth,, (-0.07) (-0.13) (0.02) (-0.04) (-0.34) (0.78) (-0.70) (-0.59)
-0.01 -0.01 -0.00 -0.00 0.02 0.02 0.02 0.02
Recovery x LN (pc GDP), (-0.07) (-0.72) (-0.53) (-0.24) (1.83) (1.97)* (2.02)* (2.00)*
-0.82 -0.99 0.59 0.30 0.68 0.42 -0.08 -0.33
Constant (-1.55) (-1.93) (2.19)* (1.38) (1.39) (1.00) (-0.23) (-1.01)
Observations 294 428 1200 1370 492 560 374 425
R-squared 0.9777 0.9781 0.9515 0.9532 0.9677 0.9675 0.9659 0.9615
Adj R-squared 0.9752 0.9761 0.9479 0.9498 0.9648 0.9647 0.9626 0.958

** Significant at 1%, * Significant at 5%



Appendix 6 - Suggestions regarding the aggregation of national data to regional and global estimates

Suggestion/ CCSA comment

ILO and other agencies actions

1.

For each indicator, the lead agencies review tldable documentation on the methods
employed to generate country level indicator valiresuding methods of imputation or
modelling for missing figures and subsequent prido®f regional and global estimates and t
a brief, clear description be provided to UNSDgablication on the millennium indicator data-
base citing further references as appropriate.
CCSA comment: Supported

ILO reviews and documents methodology employed
(Crespi, 2004; Kapsos 2007, this paper among dther
h&lear description provided to UNSD.
Other agencies provide brief description to UNST@t, b
few methodology papers are made publically avadlal

. As far as possible, and subject to protecting tididentiality of the original respondents,

surveys should be funded and conducted with themiidn that the micro-data should become
available for legitimate use as soon as possilée ahch survey is completed.
Not discussed by CCSA

. All presentations of regional and global estimatesuld clearly identify the year or period to

which they apply.
CCSA comment: Supported

Applied by ILO, and most agencies

. All agencies present regional estimates to the ssgreed regional classification System.

CCSA commenSupported by all agencies. However, IPU recommetiagdNordic countries
be treated as separate group for the purpose of MRG Women in National Parliaments.

Applied by ILO, and most agencies

. If deliberate imputation is applied the choice ofintries to form an imputation group requires

judgment. Wherever possible it should be explohedugh data analysis (see later suggestion
No comment by CCSA

5).

ILO explored choice of countries for imputation gps

Agencies should seek to establish explicit impaotaimethods where thorough empirical
analyses can demonstrate that these are robustethddologically sound.

CCSA comment: Imputation of missing country datnts ‘essential and unavoidable part of
making regional estimates’. Methods used and nurabeountries for which data is imputed
should be clearly documented. Imputed country datMDG Indicators should not be publishe
by international agencies, unless the countriesawbemselves involved in producing them.
Manuals, guidelines and best practices for impotatnd estimation should be published by
international agencies and made available for ugational agencies.

Imputed values through the GET model are used to
construct regional and global aggregates, butetre n
published at the individual country level. Nevetdss,
empirical analysis that provide a basis for the
dmethodologies used are made available in working
papers and other documents.
Little information is available regarding explicit
imputation methods used by other agencies.

Whenever possible changes to standards or queaties over time should be allowed for so @dLO checks input data for consistency of series.

to present consistent time series of indicatoreslu
No comment by CCSA

[2Y)

Changes in questionnaires (including change of dat
sources) are accepted, if data are consistent.

. Whenever imputation is used to address non-respthesenethod adopted should be based or

thorough an evaluation of alternatives as the akikgldata will allow.

#s0 has undertaken thorough evaluations of altéraat
imputation methods.

No comment by CCSA
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Suggestion/ CCSA comment

ILO and other agencies application

9. If linear regression ohis used for imputing missing values then as londy@mplete a time
series as is available should be used (subjectsoring that too long a series does not invalida
the assumption of linearity djh Diagnostic checks should be made on the modehditthe
variance of the imputed value calculated.

CCSA comment: see suggestion 6

ILO ensures linear regressions on time are basehon

tappropriate length of time (as long and compldime
series, for a period over which the linearity asptiom
is valid)

10.A wide range of imputation models may be embeddigtirma single coherent framework using
multi-level models. This would allow the robustne$slternative models to be investigated
empirically.

CCSA comment: see suggestion 6

Trends econometric models integrate a variety of
imputation and estimation techniques, allowing the
empirical investigation of alternative models.

11.1f no time series is available then a search fodli@ny variables that are highly correlated with
the desired value and are likely to be availablemhe indicator value is not is needed. As fa
possible an empirical investigation of the robussnef the imputation method should be
undertaken.
CCSA comment: see suggestion 6

Auxiliary variables used in the Trends econometric
asodels are selected based on their correlationtivith
desired value, and on their availability. Theirid#@y is
empirically tested.

12.Considerable care should be taken when estimatiagge or trend based on time series in wh
repeated imputation for different years has takang
No comment by CCSA

idlvhen estimating trends based on data resulting fro
repeated imputations (e.g. forecasting short- to -
medium term unemployment rates), care is taken to
separate countries with a large number of imputed
values from other countries, to prevent the imputed
data from driving the results that would be obfaim
observed data

3

13. Agencies should review the choice of weightségional and global estimation.
No comment by CCSA

The regression weights used in the Trends econ@metr
models conform to best practices for imputatiorhwit
MAR data. Country weights for aggregation are based
on logical relationships (e.g. labour force size as
weight for unemployment aggregates)

14. Global estimates should be based on the regéstienates with regional weights reflecting all
countries in the region (both responding and napeading countries).
No comment by CCSA

Trends econometric models estimates based on vgejght
reflecting both responding and non-responding
countries. This is made possible through imputation

15. Given that UNSD is responsible for compiling imnual reports it could prepare
recommendations on how to present change afteuttorgswith other agencies.
CCSA comment: see suggestion 6

16. Estimates of trend or change should be basedmsistent sets of countries (perhaps involving Trends econometric models estimates based on saie

imputed values for missing values).
CCSA comment: This suggestion should be made teailelé¢, and take into account constrain
on international data availability over time.

set of countries. This is made possible through
simputation (note: see suggestion 12).

17. Consideration should be given to [...] using tansweights as a measure of change.

No comment by CCSA
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Suggestion/ CCSA comment

ILO and other agenciesapplication

18. Given that successive estimates of level ardhange (or trend) may be arithmetically

inconsistent, appropriate estimates of change€od) should be estimated (rather than simply

using the default of the time series of estimafdevel) and consideration should be given to t
most effective form of presentation for changerend.
No comment by CCSA

ne

19. Revisions to country indicator values and wiaeal and global estimates should be considerg

when new data becomes available. The presentati@mviged estimates of level or change will
need careful consideration.
No comment by CCSA

dGET model estimates, initially revised annuallyyéa
been revised on a more regular basis since January
2009, as new data became available. ILO has prdvi
clear explanations of data and or/methodological
changes underpinning revisions

20. Diagnostic measures of the impact of large t@sand the effect of compositional change
should be regularly produced.
No comment by CCSA

Impact of large countries (e.g. China) are analyaedl
accounted for in the Trends econometric
methodologies.

21. Consideration be given to summarizing the ithigtion of country values of level and change.
No comment by CCSA

22. Sensitivity analyses should be used to exglwaobustness of regional and global estimates
imputation.
No comment by CCSA

t@ensitivity analysis is conducted in the contexthef
Trends econometric models

23. Wherever possible a measure of uncertainty éeconfidence interval) should be calculated al
presented in association with each regional orajlebtimate. When appreciable use of
imputation is made then the impact of this on tleasure of uncertainty should be assessed.
No comment by CCSA

nc€onfidence interval constructed for Trends short-to
medium term unemployment projections. Uncertaint
measure accounts for the impact of imputations.

24. All agencies to consider the future pattern @mtent of survey data collection to identify
inadequate data sources for future estimates ofgehar trend in particular. Additionally,

consideration be given to the possibility that egesater co-ordination of data collection woulg

permit the coverage of the regional and globahesties to be improved for more MDG
indicators.
No comment by CCSA
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