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Abstract

There is potential for measurement problems in both retrospective and panel microdata.
In this paper, we compare results on basic indicators related to labor markets and their
dynamics from retrospective and panel survey data in Egypt, in order to determine the
conditions under which results are similar or different. Specifically, we (1) assess the
consistency of reporting of time-invariant characteristics in different waves of the panel,
(2) compare the retrospective and panel data results on past labor market statuses, (3)
assess the consistency of estimates of labor market transition rates across two specific
dates by comparing panel and retrospective data, (4) assess the consistency of estimates
of the level and trends of annual labor market transition rates across retrospective data
from different waves of the survey, and (5) assess whether retrospective data can
provide accurate trends of labor market aggregates, such as unemployment rates.
We find that it is possible to garner useful information on labor market dynamics
from retrospective data, but one must be cautious about which information to
trust and at what level of detail. We conclude with a discussion of implications for
future research as well as future survey design.
JEL Classification: C83, C81, J01, J62, J64

Keywords: Panel data, Retrospective data, Survey data, Measurement error, Labor
markets, Egypt

1 Introduction
The analysis of labor market dynamics requires the availability of data about the same in-

dividuals at multiple points in time. This kind of data allows for the examination of flows

between different labor market states rather than simply assessing labor market stocks

over time, which is what is usually possible with cross-sectional data. Data about the

same individuals over time can either be in the form of panel data, where individuals are

visited and interviewed multiple times over the course of several months or years, or

retrospective data, where individuals are asked about their past labor market trajectories

at one point in time. Although both methods of data collection suffer from different kinds

of measurement errors, panel data are often deemed superior because they minimize

recall error, which could be substantial in retrospective data (Mathiowetz and Duncan

1988; Magnac and Visser 1999; Artola and Bell 2001; Bound et al. 2001; Pina-Sánchez et

al. 2014). Panel data, however, are expensive and difficult to collect and are, therefore,

IZA Journal of Development
and Migration

© The Author(s). 2018 Open Access This article is distributed under the terms of the Creative Commons Attribution 4.0 International
License (http://creativecommons.org/licenses/by/4.0/), which permits unrestricted use, distribution, and reproduction in any medium,
provided you give appropriate credit to the original author(s) and the source, provide a link to the Creative Commons license, and
indicate if changes were made.

Assaad et al. IZA Journal of Development and Migration  (2018) 8:17 
https://doi.org/10.1186/s40176-018-0125-7

http://crossmark.crossref.org/dialog/?doi=10.1186/s40176-018-0125-7&domain=pdf
mailto:assaad@umn.edu
http://creativecommons.org/licenses/by/4.0/


rarely available to researchers in developing countries. If available, they are generally not

collected frequently enough to observe complete labor market trajectories and transitions

(Blossfeld et al. 2007) and suffer from sample attrition and a variety of measurement

errors (Artola and Bell 2001; Feng and Hu 2013). It is therefore useful to examine how

well retrospective data perform in assessing labor market dynamics and the extent to

which analyses that depend on them conform to results obtained from panel data.

Due to potential problems with both retrospective and panel data, it is worthwhile to

compare results on basic indicators related to labor market dynamics from retrospect-

ive and panel data on the same sample of individuals, in order to determine the condi-

tions under which they provide similar or substantially different results. This paper

takes advantage of a unique opportunity to undertake such a comparison, where both

panel and retrospective data are available for the same individuals in the 1998, 2006,

and 2012 Egypt Labor Market Panel Surveys (ELMPSs). Not only do the reference

periods of the retrospective data overlap with the dates of the previous waves of the

survey, but also the retrospective periods from different waves of the survey overlap

with each other as well. This allows for comparisons of retrospective and panel data at

the same point in time, as well as comparisons of recalled events from one wave with

the same events recalled in another wave.

In this paper, we (i) assess the consistency of reporting of time-invariant characteris-

tics in different waves of the panel, (ii) compare the retrospective and panel data results

on reported past labor market statuses and transitions, (iii) assess the consistency of

estimates of labor market transition rates across two specific dates by comparing panel

and retrospective data, (iv) assess the consistency of estimates of the level and trends of

annual labor market transition rates across retrospective data from two different waves

of the survey, and (v) assess whether retrospective data can provide accurate trends of

labor market aggregates, such as employment-to-population ratios and unemployment

rates. For a number of the comparisons, we estimate multivariate models of the deter-

minants of alignment of the different characteristics, states, or labor market dynamics

between the two data sources, i.e., retrospective and panel data.

The rest of the paper is organized as follows. Section 2 reviews the theory and past

evidence on measurement error in contemporaneous and recalled data. Section 3

includes a discussion of our data source and methods of analysis. Section 4 lays out all

the findings on the various comparisons we make and Section 5 concludes with recom-

mendations as to what kinds of information can be reliably collected using retrospect-

ive questions, how to improve retrospective data collection strategies to obtain more

reliable information, and potential methods for correcting measurement errors.

2 Theories and past evidence on measurement problems in current and
recalled data
The literature on measurement error suggests a wide variety of issues that might con-

tribute to measurement errors in both current (contemporaneous panel) and recalled

(retrospective) data. The implications of measurement error depend substantially on

the nature of the problems. Truly random errors in continuous variables will not bias

estimates of key statistics such as means or estimates of linear regression models when

serving as the dependent variable (Bound et al. 2001). Random errors in an explanatory

variable, x, will downward-bias or attenuate the estimated coefficient. Random errors in
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categorical or binary variables are more problematic as they bias model estimates and

descriptive statistics.

When measurement errors are systematic, they will bias both basic statistics and

regression coefficients in complex ways (Bound et al. 2001). For instance, when study-

ing the incomes of the self-employed, individuals with more education may keep

accounting books and be able to more accurately report their incomes. If less educated

individuals systematically under-report their incomes, this will systematically bias a

regression estimating the relationship between years of education and income. Particu-

larly for topics that relate to behaviors or states that have strong connotations of social

(un)desirability, such as the intention to send children to school or the receipt of

charity, respondents may intentionally misreport. Under-reporting will occur for

socially undesirable phenomena and over-reporting for desirable phenomena, generat-

ing “social desirability bias” (Bound et al. 2001).

A large body of literature focuses on the recall or retrieval process and the nature of

errors in recall. These are particularly likely to be affected by the recall period. That is,

the longer the recall period, the more likely that respondents will report with error,

although the extent to which this is a problem varies substantially over studies of differ-

ent outcomes (Bound et al. 2001). Studies of panel data on dates have identified what is

commonly referred to as a “seam effect,” i.e., excessive numbers of changes at the

“seam” between one study period and the next (Bound et al. 2001).

The “salience” or importance of events may affect the accuracy with which they are

reported (Bound et al. 2001; Judge and Schechter 2009). For instance, unemployment

spells of only a few weeks may be of lower salience than unemployment spells that last a

year and therefore be more likely to be forgotten. If individuals do remember events, they

may not readily remember the exact timing of events. This leads to measurement errors

such as “heaping,” where individuals tend to report certain numbers as responses (Roberts

and Brewer 2001). For instance, respondents often report adult ages in years in multiples

of 5 or child ages in months rounded to the nearest year or half year (Heitjan and Rubin

1990; Roberts and Brewer 2001). Question and questionnaire design can play an import-

ant role in whether respondent errors occur. Identifying the best respondent within a

household, deciding on the level of aggregation for data, and asking for information in the

most appropriate units and for the most appropriate reference period are important

elements of design that will affect the accuracy of measurement (Puetz 1993; Grosh and

Glewwe 2000).

A study on measurement error from the Malaysian Family Life Survey (MFLS) panel

illustrates some of the issues that may occur in developing country data (Beckett et al.

2001). The findings demonstrate not only that substantial errors can occur but also that

reporting of retrospective events can be quite accurate. For instance, while 95% of the

ever-married sample reported being currently married in the first wave of the survey in

1976, 12 years later, only 84% of panel respondents reported in 1988 that they had been

married in 1976. However, the same rate of mortality for children born prior to 1976

results from both the 1976 and 1988 interviews (Beckett et al. 2001). The level of detail

in the question affected the accuracy of reporting as well; for instance, agreement was

much higher in reporting whether a child was ever breastfed than the duration of

breastfeeding. The salience of events also mattered; women reported inter-district

moves (a more substantial move) more consistently in 1976 compared to 1988 than
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intra-district moves. Different reporting errors with the MFLS were related to respond-

ent characteristics.

A number of studies have also been conducted on measurement of income, assets,

and consumption. Respondents tend to resort to inference, i.e., reporting mean income,

as recall periods lengthen (de Nicola and Giné 2014). Agricultural data show relatively

little recall bias, although more salient events may be reported more accurately (Beegle

et al. 2012). Asking about the dates of major purchases directly elicits responses of

similar quality to asking in relation to time cues (anchoring) important to the respond-

ent; using unimportant time cues generates substantially worse results (de Nicola and

Giné 2014). Compared to a benchmark of personal diary use, other diary and retro-

spective approaches have lower recall, with particularly acute problems for poorer,

larger, and less educated households (Beegle et al. 2012). Questions on total rather than

categorical expenditure suffer less recall bias (Hiroyuki et al. 2010). On the dynamic

side, poverty mobility may suffer from (1) inaccurate measures of income or consump-

tion, (2) price deflation, and (3) mismatching of households over survey waves (Dercon

and Shapiro 2007).

3 Data and methods
3.1 Data sources

The Egypt Labor Market Panel Survey (ELMPS) provides a unique opportunity to assess

data issues. With waves in 1998, 2006, and 2012, it is possible to use the ELMPS to com-

pare retrospective and panel data over multiple periods (OAMDI 2016). The ELMPS is a

nationally representative household survey with detailed modules on current and past

labor market statuses. Of the original 23,997 individuals interviewed in 1998, 13,218

(55.1%) were re-interviewed in both 2006 and 2012. Of the 37,140 individuals interviewed

in 2006, 28,770 (77.5%) were re-interviewed in 2012.1 A retrospective panel of annual sta-

tuses is constructed from retrospective data in each wave and compared to panel and

retrospective data from previous waves. Reporting of time invariant information, such as

parent’s education, is also compared based on reports in different waves of the survey.

A particularly important element of our analyses relies on the labor market history

section of the ELMPS surveys, which is administered to all individuals 15 and older

who ever worked. In 2012, this section asks chronologically for the start dates (year,

month) and characteristics of the first four labor market statuses (be it employment,

unemployment, or out of the labor force) lasting 6 months or more2 from the time the

individual exited school.3 If the individual is employed in that status, she or he is asked

about the details of such employment. Moreover, the total number of employment

spells lasting more than 6 months and their start and end dates can be obtained from

the life events calendar section of the questionnaire.

It is important to note that in the preceding waves of the ELMPS survey (1998 and

2006), the labor market history questions were sequenced differently. Specifically, these

waves of the survey used a reverse chronological order (starting with the current status

and moving backward) in eliciting labor market trajectories as compared to the chrono-

logical method (starting with the first status and moving forward) used in 2012. In

addition, in 1998 and 2006, information was collected in a separate part of the ques-

tionnaire about the first job in which the individual was engaged for a period of more
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than 6 months. Unlike the 2012 wave, the 1998 and 2006 waves did not contain a life

events calendar and therefore no information on the total number of primary jobs the

individual engaged in over his/her lifetime. This questionnaire design implies that

initial unemployment and out of labor force states could be missed, as well as employ-

ment states between the first job and the pre-previous status.

A potential concern for our analyses is the pattern of attrition across waves of the

survey. This issue was discussed in some detail in Assaad and Roushdy (2009), for

attrition between 1998 and 2006, and in Assaad and Krafft (2013), for attrition from

2006 to 2012. Two potential types of attrition are possible. First, households from the

previous round may not be found at all (type I attrition) and individuals who split from

their original households may not be found (type II attrition). The type I attrition rate

was found to be 23.5% between 1998 and 2006 and 17.3% between 2006 and 2012. The

type II attrition rates were 15.4% for 1998 to 2006 and 30.3% for 2006 to 2012. Analyses

of attrition showed that it was not purely random. Generally, between 1998 and 2006

as well as between 2006 and 2012, households in Greater Cairo with younger house-

hold heads were more likely to experience type I attrition. Analyses of attrition for

1998 to 2006 showed no systematic differences between the two samples in terms of

type II attrition. For 2006 to 2012, individuals who split from their original households

were less likely to be found if they were from Greater Cairo and were male, older, and

married. Panel data weights were created based on the probability of the two types of

attrition predicted on the basis of observables in the previous wave. These weights were

used to correct all estimates generated from the panel data in this paper. While this

accounts for attrition based on observables, it does not correct for any attrition based

on unobservables.

3.2 Methods

To compare retrospective and panel data, the retrospective data were mapped onto

panel data from previous waves in such a way that retrospective and contemporaneous

information is available for the same individual at the same point in time. We then

draw on the econometric literature on measurement error to assess and compare the

data sources and suggest possible corrections to account for measurement error (Fuller

1987; Magnac and Visser 1999; Black et al. 2000; Bound et al. 2001; Carroll et al. 2012).

As a first check on the accuracy of the panel data, we begin by comparing the

consistency of time invariant information across different waves of the panel. We do

this for own education for adults, father’s employment status and sector of work when

the individual was 15 years of age, and recalled costs of marriage. We then compare

labor market statuses at a given point in time (1998 and 2006) across retrospective and

panel data to assess the accuracy of recall and identify statuses that are particularly

prone to erroneous recall. We subsequently estimate multivariate models of the prob-

ability of alignment in own education, father’s employment status and sector, and own

labor market status between the two kinds of data as a function of individual character-

istics and whether the information was consistently elicited from the individual him/

herself or whether one or both responses were from a proxy respondent. In the labor

market status models, we include the nature of the past labor market status itself, and

the contemporaneous labor market status in 2012, as regressors.
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The next step is to assess the consistency of reporting of labor market transitions in

retrospective and panel data. To do this, we convert the retrospective data into an

annual retrospective panel, which contains information about the main labor market

variables every year. Using this retrospective panel, we calculate the rate of change in

labor market status from 1998 to 2006 using the waves of the panel for those dates to

the rates of change over the same period as reported by the 2012 retrospective data.

We also estimate multivariate models to examine the correlates of misalignment in

reporting about transitions in the panel data (1998 to 2006) and in the 2012 retrospect-

ive data referring to 1998 and 2006. We finally move to comparing annual transition

rates derived from the retrospective data in different waves of the survey.

In examining annual labor market transition rates, we examine two types of transi-

tions of particular interest to the study of labor market dynamics: (1) transitions among

employment, unemployment, and out-of-labor-force states and (2) job-to-job transi-

tions among the employed. Within the first type, we include job-finding rates for the

unemployed and those out of the labor force and separation rates from employment to

either unemployment or out of the labor force. The second type includes transitions

across different types of jobs, such as public and private employment, and wage and

non-wage work. We examine how different waves of the retrospective data generate

transition rates, by type of transition. Finally, we revisit the question of whether the

levels and trends in important labor market measures, such as the employment-to-

population ratio and the unemployment rate, can be accurately assessed using the

retrospective data, by comparing different waves of retrospective data and contempor-

aneous sources of these data, such as the official labor force survey.

4 Findings
4.1 Consistency of reporting of time-invariant information across different waves of a

panel survey

4.1.1 Own education for adults

The accuracy of the characteristics individuals report in any survey, such as their age,

education, or labor market characteristics, plays an important role in researchers’ ability to

accurately describe economies and labor markets. Because the ELMPS is a panel, we can

compare characteristics that should remain largely unchanged, such as education (for

adults) as reported in different waves of the survey in order to assess their accuracy.

Figure 1 compares the reporting of education in 1998 with that in 20064 for individuals

aged 30–545 in 1998. It is important to keep in mind that either the 1998 or the 2006

response could be inaccurate when they disagree or both could be consistent (but still

inaccurate). Overall, 79% of responses are consistent over time, but there is substantial vari-

ation in terms of which education categories are reported consistently. For instance, 90% of

those who reported being illiterate in 1998 also report being illiterate in 2006. The remain-

der primarily reported being able to read and write but having no education certificate

(7%), which could be a genuine change in literacy, or reported having primary education

(3%). The ability to read and write appears to be the most poorly reported education status,

with only 34% of those reporting they could read and write but having no education certifi-

cate in 1998 reporting the same status in 2006. The most common response in 2006 for

this group was “illiterate,” which may represent a genuine decay in reading and writing
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ability. In general, when reporting is different, the reported alternative is usually a proxim-

ate level of education. For instance, 20% of those who reported general secondary in 1998

then reported that they attended vocational secondary in 2006.6 Creating less finely

aggregated categories, such as only four education levels, leads to more consistency in

reporting. When the respondent is the individual in question in both rounds as

opposed to a proxy respondent, there is a slight (but not dramatic) improvement

in the consistency of the data.7

4.1.2 Father’s sector of work and employment status

The ELMPS collects information on father’s characteristics, referring to father’s charac-

teristics at the time the respondent’s age was 15 when the father is not present in the

household.8 Figure 2 shows the consistency of responses over time (2006 versus 2012)

for a variable that combines information on the father’s sector of work (government/

public enterprise/private) and employment status (wage/non-wage) among respondents

aged 30–549 whose father was not present in 2006 or 2012. Additional file 1: Figure S1

Fig. 1 Education (eight categories) as reported in 1998 versus 2006, aged 30–54 in 1998 (percentage).
Source: Authors’ calculations based on ELMPS 1998 and ELMPS 2006

Fig. 2 Father’s sector of work and employment status when individual was age 15, as reported in 2006
versus 2012, father not in household in 2006 or 2012, aged 30–54 in 2006 (percentage). Source: Authors’
calculations based on ELMPS 2006 and ELMPS 2012
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shows analyses comparing 1998 vs. 2006, which are substantively similar to those for 2006 vs.

2012 shown in Fig. 2. As shown in Fig. 2, approximately 70% of respondents who reported

that their father worked as a government wage worker in 2006 reported the same status for

their father in 2012. Private sector wage work on the part of the father is not as consistently

reported (55% were consistent from 2006 to 2012). Of those who reported in 2006 that their

fathers were non-wage workers when they were 15, 32% were identified as private sector wage

workers in 2012. Consistency is most problematic for fathers who were reported to work in

public enterprises. Only 38% of individuals who reported that their father worked as a public

enterprise wage worker in 2006 reported the same status in 2012. Instead, 38% reported their

father worked as a government wage worker and 18% reported their father worked as a pri-

vate sector wage worker. Relatively few (6%) said their father was a non-wage worker. These

results suggest that respondents are sometimes inferring or reconstructing aspects of their fa-

ther’s sector of work. For instance, individuals may know that their father works in a utility

but may not know the sector of employment and reconstruct it. Analysis according to the

identity of the respondent shows that only in regard to public enterprise work does having

the individual in question be the respondent appreciably improve consistency. Given the high

rate of confusion differentiating public enterprise work from government work, distinguishing

simply between public sector and private sector may be preferable. Additional guidance on

distinguishing between private sector wage and non-wage work when fielding may also be

helpful for improving the accuracy of this measure.

4.1.3 Recalled costs of marriage

Understanding the investments individuals have made over time often requires asking

about past outlays of expenditure. Individuals are expected to report the value of

expenditures and investments at the time these outlays occurred. However, especially

when individuals are inferring or reconstructing the value of an investment, for in-

stance inferring the cost of their housing at the time of marriage based on their current

cost or value of housing, this can cause problems in assessing trends over time. Essen-

tially, individuals may (fully or partially) update past expenditures from nominal to real

terms, creating artificial declines in costs over time. Figure 3 shows the trends in the

Fig. 3 Total nominal and real marriage costs (in LE) for 2000–2012, as reported in 2006 versus 2012, individuals
in both waves, answering marriage section in 2012 (may not yet have been married in 2006). Source: Authors’
calculations based on ELMPS 2006 and ELMPS 2012
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total costs of marriage over time for women who were married in 2012 and present in

both the 2006 and 2012 waves (they may not have yet been married in 2006).10

Marriage is an enormous investment for young people and their families, and the cost

of marriage and its trends in Egypt and in the Middle East and North Africa (MENA)

region are the subject of substantial concern and discussion (Singerman and

Ibrahim 2003; Singerman 2007; Assaad and Ramadan 2009; Dhillon and Yousef

2009; Salem 2014, 2015, 2016; Assaad and Krafft 2015a, b). The figure shows both

the nominal (reported) costs and the real costs (inflated to 2012 LE based on the

CPI) by year for 2000–2012, as reported in both 2006 and 2012.

Focusing first on the period for which we have two sources, 2000–2006, nominal

marriage costs are clearly rising over time using both the 2006 and 2012 data. The data

also show that 2012 reports are consistently higher than those of 2006. Real marriage

costs appear to be flat or falling over time in both sources; however, the data again

show that reports from 2012 are consistently higher. Using the 2006 data, it appears

that from 2000 to 2006, real marriage costs averaged around 60,000 to 70,000 LE. Using

the 2012 data looking at the same respondents’ real marriage costs from 2000 to 2006,

it appears marriage costs averaged around 90,000 LE. This is inconsistent with what

was reported in 2006. It appears individuals are partially (but not fully) updating nom-

inal expenditures into real terms. Further investigation suggests different elements of

marriage costs are updated differentially, likely related to how easy they are to recall or

reconstruct.

Continuing to examine the 2012 data out to 2012 in real terms, it appears that

marriage costs have fallen substantially over time, from around 90,000 in 2000–2006

based on the 2012 data to around 60,000–70,000 by 2012. This implies the real cost of

marriage over the 2000–2012 period decreased almost a third. However, looking back

at real marriage costs as reported in 2001–2006 from the 2006 data, marriage costs

have remained essentially constant, in the 60,000–70,000 range. The decline in real

costs implied by looking over time with the 2012 data is therefore an artifact of meas-

urement error. This is evidence that, particularly when asked about events that are a

number of years in the past, individuals may be inferring their value or inflating into

current terms. This suggests that retrospective data should not be used to assess time

trends for financial outlays; repeated cross sections or panel data are required for that.

Comparing investments in the few years preceding a survey wave to investments in the

few years preceding different survey waves will be more accurate for such data. Alter-

natively, measures that remove potential inflation, such as asking “how many multiples

of your annual income were your marriage costs?” may generate superior results. This

is an important area for future research.

4.2 Comparing labor market statuses across retrospective versus panel data

4.2.1 Alignment of labor market statuses in general

Detecting the labor market statuses of individuals, namely whether they are out of the

labor force, unemployed, or employed, and if employed, their employment status, is at the

heart of labor market surveys. This section first assesses whether aggregate statistics vary

across retrospective and panel data and then whether the same individuals report consist-

ently across contemporaneous and retrospective data. Figure 4 presents aggregate labor
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market statistics by gender for 1998 and 2006 using both contemporaneous statistics

from the waves of the panel and retrospective reports from 2012 for those

years. Additional file 2: Figure S2 presents a similar comparison using 2006 retrospective

data to generate 1998 statuses and compare to 1998 contemporaneous data. The results

are generally equivalent, although the 2006 retrospective data does a slightly better job

capturing women who ever worked and therefore has a more consistent estimate of being

out of the labor force. Individuals 20–44 in the base of the pair of years are used in order

to capture prime-age transitions and a consistent set of dynamics. Notably, for males, the

aggregates from both the retrospective and contemporaneous data are quite similar, with

a few exceptions. Reporting of public sector work, private formal and informal regular

wage work, and self-employment are fairly similar. Irregular wage work is differentially re-

ported in the retrospective data, which is likely because hours of work fluctuate over time;

individuals may remain at the same job over time but report that it is irregular in 2012

and map that back onto their status in previous years. Changes in regularity within the

same job are also not captured within the labor market history and are difficult to detect.

Regularity of employment should therefore not be assessed from retrospective data. Being

an employer was more likely to be reported in the contemporaneous than in retrospective

data. This may be because whether a self-employed worker hires other workers or not is a

varying, time-bound status that is not easily recalled. Unemployed statuses appear to be

under-reported in the retrospective data. For instance, while 5–6% of males were

unemployed contemporaneously, in the retrospective data, only 2% of males report being

unemployed at that date. Likewise, in the contemporaneous data, more individuals report

being out of the labor force. This could be due to a misunderstanding of the meaning of

status in the retrospective labor market history modules, where some individuals

interpreted the term to mean jobs. It is therefore necessary to clearly distinguish

between questions about previous jobs and previous non-employment states in

such retrospective modules.

Fig. 4 Labor market status, as reported contemporaneously for 1998 and 2006 and as reported retrospectively for
those years from 2012 data, by sex, individuals aged 20–44 in 1998 or 2006 and present in both waves (percentage).
Source: Authors’ calculations based on ELMPS 1998, ELMPS 2006 and ELMPS 2012
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There are so few females in a number of labor market statuses that our assessment

for women focuses primarily on the public sector, unpaid family work, unemployment,

and being out of the labor force. Public sector work is quite consistently reported in

the aggregates, which may be due in part to the stability of this employment status. Un-

paid family work, which includes subsistence work, is much more frequently reported

in the contemporaneous data (5–10% across years) than in retrospective data (3–4%).

This is due to the well-documented difficulty in detecting these forms of employment

for women in Egypt, an issue we return to in more detail below. Unemployment is

again more frequently reported in the contemporaneous data than in the retrospective

data. This is likely due to the fact that many women who search for work never end up

working (Assaad and Krafft 2014) and thus are not asked the questions in the labor

market history. As a result of these patterns in reporting employment, being out of the

labor force is higher in the retrospective than contemporaneous data for women.

Some labor market statuses are particularly prone to a greater degree of misreporting

over time. Figure 5 presents the distribution of retrospective statuses reported in 2012

for 1998 and 2006 by the status reported contemporaneously in 1998 and 2006, for in-

dividuals 20–44 in 1998 or 2006, by sex. Additional file 3: Figure S3 shows an equiva-

lent comparison using 2006 retrospective data for 1998. Reports are more consistent

across 2006 retrospective data for 1998 and 1998 contemporaneous data than for 2012

retrospective data for 1998 and 1998 contemporaneous data. This finding suggests that

more recent dates and statuses are likely to be reported more accurately. The analysis

in Fig. 5 essentially breaks down the aggregates shown in Fig. 4 by origin state. While

public sector employment tends to be reported quite consistently, other labor market

statuses are frequently not reported consistently. Formal private sector work tends to

be more consistently reported than informal work. Most reporting of wage work is con-

sistent, but the type of wage work is not consistently reported. Distinctions between

Fig. 5 Labor market status, as reported in 1998 or 2006 versus 2012 retrospective data for 1998 or 2006, by
sex, individuals aged 20–44 in 1998 or 2006 and present in both waves (percentage). Source: Authors’
calculations based on ELMPS 1998, ELMPS 2006 and ELMPS 2012
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self-employment and being employers are likewise blurred. A higher degree of inconsistency

is also apparent for those who were unemployed. Some of this may be because the duration

of these statuses is shorter, so the contemporaneous status may be off relative to the status

that is measured as the predominant status for the year in the retrospective data. Females

have a much higher probability than males of reporting that they are out of the labor force

(which is their predominant status). Less formal forms of employment in the contemporan-

eous data for women, such as being an employer, self-employed, or an unpaid family worker

are particularly likely to be reported as being out of the labor force in the retrospective data.

Being unemployed suffers from a similar problem, likely, as mentioned earlier, due to the

large share of women who start out as unemployed but ultimately never find work.

The problems associated with detecting employment even contemporaneously among

marginally employed women in agriculture and animal husbandry in Egypt are well known

(Anker and Anker 1995; Assaad 1997; Langsten and Salem 2008). These problems result

from the fact that women in such employment consider themselves not to be working and

respond to direct questions about their work status in the negative. Only when probed with

a large number of keyword questions is it determined that they are working according to

international definitions of what constitutes economic activity. Predictably, the difficulty in

detecting women’s correct employment status for marginally employed women is com-

pounded when the question refers to a reference period well in the past. Further examin-

ation of the data demonstrates that a key problem is detecting whether women who are

currently not working ever worked at all. Among the women examined, not even two

thirds (64%) of those who were identified in 2006 as engaging in market work reported that

they ever worked in 2012. This was not a problem for men (99% of those working in 2006

reported that they ever worked in 2012). Among women who were not working in 2012

but were working in 2006, only 17% reported ever working in 2012. Only those who report

ever working are asked the labor market history, and thus, these women are considered to

have never worked and no labor market history data are collected for them.

Further analysis of the data shows that reporting whether women ever worked at all var-

ied substantially by whether the individual was consistently responding for him or herself

or if a proxy respondent was used. Among the women examined where a proxy respond-

ent was providing data, just 51% of those who were identified in 2006 as engaging in mar-

ket work reported that they ever worked in 2012, compared to 69% when the respondent

was consistently the individual herself. Among women who were not working in 2012 but

were working in 2006, only 10% reported ever working in 2012 when it was not consist-

ently the individual in question reporting and 20% when it was the individual reporting.

While both illustrate extremely low rates of reporting work, having the individual in ques-

tion as the respondent did lead to increased accuracy in regard to ever working.

These patterns, as with education, suggest a number of issues for analyzing labor market

statuses and dynamics. For instance, a category of private wage work, incorporating

regular formal and informal and irregular workers, would be more consistently reported

than the disaggregated categories, and transitions between regular/irregular and, to a

lesser extent, formal/informal may be poorly reported over time. Self-employment and

being an employer are also often mixed up and might be better combined into a single

category. For females, retrospective data should be treated with particular caution, as

women may not report ever working when they have done so or report being out of the

labor force when they were in fact self-employed or unpaid family workers.
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We had initially expected substantially more consistent reporting of labor market statuses

when the individual was consistently responding for him/herself than if a proxy respondent

was responding on their behalf. However, that was not always the case. The lack of higher

consistency when the individual is reporting for him or herself could be due to a variety of

reasons. It may be that proxy respondents are less accurate, but still consistent, if they consist-

ently simplify the labor market trajectories of the individuals for whom they are reporting.

4.2.2 Recalling past unemployment spells

While the aggregate labor market statistics are not substantially different, the inconsist-

ency of individuals’ responses over time is troubling. This section attempts to analyze

some of the patterns and sources of disagreement in the data sources, focusing on the

case of unemployment, the occurrence and duration of which is of particular interest

within the Egyptian and MENA labor markets (Assaad and Krafft 2014; Kherfi 2015).

The inconsistencies between contemporaneous unemployment and retrospective un-

employment reporting could be occurring for a variety of reasons. Because only indi-

viduals who ever worked are asked the retrospective questions, excluding women who

sought but never began work, this section focuses solely on the unemployment dynam-

ics of individuals who ever worked and examines several different questions essentially

revolving around the issue of why there are inconsistencies across the data sources. Do

individuals report unemployment in their retrospective histories, but just during a dif-

ferent year? Are shorter spells of unemployment more likely to be forgotten with time?

Since the primary concern is that unemployment is under-reported in the retrospect-

ive data, in Table 1, for those who reported unemployment in the 2006 or 1998

waves,11 we examine the reports of unemployment in the 2012 retrospective data and a

number of characteristics, including the mean current unemployment duration at the

time of survey, and the percentage of individuals who experienced short (less than

6 months) current unemployment durations as of the time when they were surveyed.

Notably, for those unemployed in the contemporaneous data for 1998, just 9% of labor

market statuses in the 2012 retrospective data for 1998 included a report of

Table 1 Patterns of unemployment reporting as reported in 1998 or 2006 versus 2012 retrospective
data for 1998 or 2006, individuals reporting contemporaneous unemployment in 2006 or 1998 and
present in 2012

Comparison to
retrospective data

Dist.
(%) 1998

% less than
6 months 1998

Mean current
unemp. dur. 1998

Dist.
(%) 2006

% less than
6 months 2006

Mean current
unemp. dur. 2006

Aligned 9 23 26 13 16 31

Unemployed within
1 year ±

1 0 22 5 5 24

Unemployed within
2–5 years ±

7 12 33 12 9 38

Unemployed more than
5 years ±

11 8 31 7 7 46

Never unemployed but
have a fourth status

6 15 35 4 27 31

Never unemployed
no fourth status

65 22 41 59 22 29

Total 100 19 37 100 18 32

N 261 261 261 443 443 443

Source: Authors’ calculations based on ELMPS 1998, ELMPS 2006, and ELMPS 2012
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unemployment. The alignment was slightly better in 2006, when 13% were aligned.

This could again be due to the potential confusion between past “statuses” and past

“jobs” in the job history modules, something that can be ameliorated with separate

questions for jobs and non-employment states. Additional file 4: Table S1, which per-

forms equivalent comparisons using 2006 retrospective data, suggests that, as with

other results, consistency decays with time. Using the 2006 retrospective data, 16% of

1998 unemployment statuses were consistent across the contemporaneous and retro-

spective data. In Table 1, individuals who were unemployed in 2006 were more likely to

report unemployment within 1 year (5%) or 2 to 5 years (12%) than those unemployed

in 1998 (1% reported unemployment within 1 year and 7% within 2 to 5 years). More

individuals reported being unemployed at some point more than 5 years out in 1998

(11%) than in 2006 (7%). Reporting of unemployment is less accurate, both in terms of

reporting at all and the timing of unemployment, going further back in time.

Notably, 71% of individuals who were contemporaneously unemployed in 1998 did

not ever report being unemployed in the labor market histories. Because the labor

market histories in 2012 go forward in time, it is possible that unemployment occurred

after the fourth status (the last status asked in the labor market history). Therefore,

those with a fourth status are separated out but comprise a small share of the distribu-

tions (6% for those unemployed contemporaneously in 1998 and 4% of those in 2006).

The characteristics of unemployment, specifically its duration to date as of the

contemporaneous status reported in 1998 or 2006, are related to the probability of

accurately reporting. Those whose reporting aligned had, on average, shorter durations of

unemployment to date, 26 months in 1998 and 31 months in 2006. Those who reported

their unemployment, but with imprecise timing, tended to have shorter durations of un-

employment than the average. Those who never reported being unemployed in the retro-

spective data had slightly longer than average unemployment durations if unemployed in

1998, but not in 2006. However, those who never reported being unemployed were

slightly more likely than average to have had unemployment durations of less than

6 months to date, which, if they ended before reaching the 6-month mark, would not ap-

pear by definition in the labor market history. Overall, it appears that gathering data on

historical patterns of unemployment, even among those who ever worked, is likely to pro-

duce substantially different results than using contemporaneous data. It seems likely that

retrospective data will both under-report past unemployment and distort its characteris-

tics. Having the individual in question report for him or herself does not substantially im-

prove the reporting of unemployment. Asking specific questions about unemployment in

the retrospective data rather than relying on general questions about past labor market

statuses could potentially improve the reporting of unemployment in retrospective data.

4.2.3 Multivariate models of alignment between retrospective and panel data

Particularly concerning in assessing measurement error is whether errors are systematic

(related to covariates). Such relationships will bias any attempts to examine the rela-

tionship between covariates and potentially mismeasured outcomes. To assess whether

there are systematic patterns, in terms of observables, of misreporting, we run probit

models for alignment (consistency) in a number of outcomes across data sources.

We first examine the consistency of reporting time invariant data in the panel. Since

the education status questions were not asked in 2012 unless an individual’s education

status actually changed, as with the descriptive analysis, we limit the education

Assaad et al. IZA Journal of Development and Migration  (2018) 8:17 Page 14 of 34



comparisons to 1998 and 2006 only. Reporting is deemed aligned when the value of the

education categorical variable12 is the same in both (1998 and 2006) waves of the panel.

We also examine consistency of reporting the combined (four category) father’s sector

and employment status variable. Reporting is considered aligned when the value of this

variable is the same across a pair of waves in the panel. The father’s employment sector

and status analyses are restricted to those whose fathers were not members of the

household in both waves, as in the descriptive analysis. For both education and father’s

employment sector and status, models are restricted to those who were 30–54 in the

base period (1998 or 2006), as is the case in the descriptive analysis. Table 2 reports the

marginal effects from the probit model for the probability of alignment of own educa-

tion across 1998–2006 (Col. 1), father’s employment sector and status across 2006–

2012 (Col. 2), 1998–2006 (Col. 3), and 1998–2012 (Col. 4).

The probability of alignment for the reference case is reported in the first row of the

table. The reference case is a 30–34-year-old individual in the base period (1998 or

2006), who is university educated, residing in Greater Cairo, did not consistently re-

spond for him or herself (i.e., a proxy responded on his or her behalf in at least one

wave), and was a public wage worker in the base period. The probability of alignment

of educational status between the 2006 retrospective data and the 1998 contemporaneous

data is quite high for the reference case, 91%. It is somewhat lower for father’s employ-

ment sector and status, where it is 71% for consistency of reporting between 2006 and

2012 and 75% for consistency between 1998 and 2006 and between 1998 and 2012.

As we have seen in the descriptive analysis above, the education states that are sub-

ject to the most error in reporting relative to university education are “read and write”

and general secondary, followed by post-secondary, preparatory, and primary (see Col.

1). Women are slightly better than men in terms of consistency in reporting education,

but no other covariates are significant predictors of the probability of alignment.

For father’s employment sector and status (Cols. 2–4), we can also see that irrespect-

ive of the period being considered, the least consistently reported statuses are “public

enterprise worker” and “private wage worker” as we reported above. Non-wage work is

slightly less well reported than government work, but the difference is only statistically

significant in the 2006–2012 period. The only other covariates associated with the

consistency of reporting of father’s employment sector and status are own education.

Individuals with less education and with vocational secondary education have less

consistency than those in other educational categories. However, these differences are

only statistically significant over the 2006–2012 and the 1998–2012 periods. Having the

individual himself be the respondent in both periods improves consistency only slightly

and only significantly in the 1998–2012 comparison. Age, gender, region of residence,

and contemporaneous own labor market status in base year are not associated with any

appreciable differences in the consistency of reporting father’s sector/employment sta-

tus. We can thus conclude that other than the value of the variable in question in the

base year, the errors in reporting of own education and father’s sector/employment sta-

tus in the retrospective data are mostly random, with some weak association with edu-

cation in the case of father’s sector and employment status.

We move next to a multivariate analysis of the consistency of reporting one’s own

labor market status, by sex, as shown in Table 3. The outcome we examine is align-

ment, namely whether labor market status is consistently reported between the
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Table 2 Probit model marginal effects for the probability of alignment of reporting own education
and father’s employment sector and status between the three contemporaneous points (1998, 2006,
and 2012), individuals in base year (1998 or 2006) and present in the other waves, aged 30–54 in base
year of the pair

(1) Own education (8
categories) 1998
versus 2006

(2) Father sector/status
(4 categories) 2006
versus 2012

(3) Father sector/status
(4 categories) 1998

versus 2006

(4) Father sector/status
(4 categories) 1998
versus 2012

Reference
case
probability

0.911 0.710 0.747 0.746

Own education (univ. omit.)

Illit. − 0.045*
(0.019)

− 0.096***
(0.025)

− 0.054
(0.034)

− 0.122***
(0.037)

R&W − 0.592***
(0.030)

− 0.067*
(0.032)

− 0.021
(0.038)

− 0.138**
(0.043)

Primary − 0.270***
(0.030)

− 0.075**
(0.029)

− 0.053
(0.038)

− 0.067
(0.041)

Preparatory − 0.257***
(0.039)

− 0.055
(0.036)

0.001
(0.042)

− 0.065
(0.052)

General
sec.

−0.451***
(0.085)

− 0.109
(0.076)

0.042
(0.079)

0.081
(0.092)

Vocational
sec.

− 0.040*
(0.019)

− 0.040
(0.022)

− 0.033
(0.031)

− 0.141***
(0.036)

Post sec. − 0.302***
(0.040)

− 0.032
(0.034)

− 0.014
(0.043)

− 0.022
(0.047)

Gender (male omit.)

Female 0.043*
(0.019)

−0.031
(0.018)

− 0.012
(0.025)

− 0.008
(0.029)

Age group in base year (30–34 omit.)

35–39 0.022
(0.019)

0.018
(0.020)

0.029
(0.027)

0.001
(0.030)

40–44 0.004
(0.020)

0.018
(0.020)

0.007
(0.027)

− 0.009
(0.031)

45–49 − 0.008
(0.021)

0.017
(0.021)

0.036
(0.028)

0.002
(0.032)

50–54 0.024
(0.021)

0.035
(0.021)

− 0.021
(0.030)

0.001
(0.035)

Region (Gr. Cairo omit.)

Alex. and
Suez Canal

0.001
(0.020)

− 0.023
(0.027)

− 0.053
(0.027)

− 0.037
(0.034)

Urban
Lower

0.009
(0.019)

0.005
(0.024)

− 0.028
(0.025)

0.052
(0.031)

Urban
Upper

0.023
(0.020)

0.040
(0.024)

0.006
(0.025)

0.014
(0.032)

Rural
Lower

0.017
(0.021)

0.010
(0.022)

− 0.011
(0.028)

0.047
(0.032)

Rural
Upper

0.027
(0.022)

0.040
(0.024)

0.018
(0.029)

0.013
(0.035)

Consist. resp. (not consist. omit.)

Consist.
resp.

0.027
(0.016)

0.012
(0.014)

0.027
(0.018)

0.045*
(0.022)

Contemporaneous emp. status in base year (public wage omit.)

Private
wage

− 0.017
(0.023)

0.002
(0.024)

− 0.005
(0.034)

− 0.056
(0.038)
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contemporaneous panel data and the retrospective data. We define labor market status

as the 9-category variable shown in Fig. 4. We examine the consistency between the

2012 retrospective data and the 1998 contemporaneous panel data (Cols. 1–2), the

consistency between the 2012 retrospective data and the 2006 contemporaneous panel

data (Col. 3–4), and the consistency between the 2006 retrospective data and the 1998

contemporaneous panel data (Cols. 5–6). Education (aggregated to four categories), age

group, region, and whether the individual in question was consistently the respondent

are included as covariates. We also include among the covariates the individual’s own

labor market status as contemporaneously measured in the base year. Unlike own

education or father’s employment, which should not change much over time, labor

market status does change over time, which may affect reporting. We therefore include

the labor market status in the end year of the pair,13 since the descriptive results

highlighted these as potential factors in the consistency of reporting. Our analyses are

restricted to those who were 20–44 years old in the base year of the pair. The reference

case probabilities of alignment, which are for a public sector worker in the base year,

are quite high, ranging from 87% in 2006–2012 to 93% in 1998–2006 for males and

from 80% in 2006–2012 to 95% in 1998–2006 for females.

As we have established from the descriptive analysis, different labor market statuses

in the base year have very different probabilities of alignment. The worst alignment is

for those who were unemployed in the base year, most of whom did not report that

they were unemployed at that time in the retrospective data. The next worst alignment

is for all the non-wage statuses (employer, self-employed, and unpaid family worker).

The probability of misalignment is even higher for women in these categories than for

men. This result is due to the difficulty in measuring these employment states for

women, since they generally do not consider such work to be employment. Irregular

wage work, as discussed above, also has poor alignment, because of the shifting nature

of such a status and the difficulty in detecting when such shifts occur. Formal and

Table 2 Probit model marginal effects for the probability of alignment of reporting own education
and father’s employment sector and status between the three contemporaneous points (1998, 2006,
and 2012), individuals in base year (1998 or 2006) and present in the other waves, aged 30–54 in base
year of the pair (Continued)

(1) Own education (8
categories) 1998
versus 2006

(2) Father sector/status
(4 categories) 2006
versus 2012

(3) Father sector/status
(4 categories) 1998

versus 2006

(4) Father sector/status
(4 categories) 1998
versus 2012

Non-wage
work

− 0.023
(0.022)

0.029
(0.021)

− 0.001
(0.029)

− 0.024
(0.035)

Not
working

− 0.037
(0.022)

0.041
(0.022)

− 0.018
(0.030)

0.014
(0.035)

Father sector/employment status in base year (government wage omit.)

Public
enterprise
wage

− 0.306***
(0.030)

− 0.272***
(0.038)

− 0.342***
(0.043)

Private
wage

− 0.138***
(0.020)

− 0.261***
(0.026)

− 0.098***
(0.030)

Non-wage − 0.047**
(0.017)

0.016
(0.022)

− 0.027
(0.025)

N (Obs.) 4846 7089 4425 3456

Source: authors’ calculations based on ELMPS 1998, ELMPS 2006, ELMPS 2012. Standard errors are in parentheses.
Marginal effects’ estimates with all other characteristics as observed
*p < 0.05; **p < 0.01; ***p < 0.001
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Table 3 Probit model marginal effects for the probability of alignment of labor market status
between contemporaneous 1998 or 2006 and 2012 or 2006 retrospective data by sex, individuals
in base year (1998 or 2006) and present in the other waves, aged 20–44 in base year of the pair

2012 retrospective versus panel 2006 retrospective versus panel

(1) (2) (3) (4) (5) (6)

1998 1998 2006 2006 1998 1998

Male Female Male Female Male Female

Reference case
probability:

0.897 0.856 0.871 0.804 0.933 0.945

Own education (univ. omitted)

Illit. or R&W − 0.098*
(0.040)

0.063
(0.033)

− 0.112***
(0.026)

0.036
(0.019)

− 0.086**
(0.033)

0.070*
(0.030)

Basic − 0.152***
(0.039)

0.070
(0.038)

− 0.111***
(0.025)

0.038
(0.022)

− 0.066
(0.035)

0.051
(0.035)

Secondary − 0.108***
(0.032)

− 0.016
(0.029)

− 0.122***
(0.020)

0.001
(0.017)

− 0.073**
(0.027)

− 0.024
(0.028)

Age group in base year (20–24 omit.)

25–29 − 0.076*
(0.036)

− 0.016
(0.023)

− 0.026
(0.021)

− 0.011
(0.013)

− 0.038
(0.032)

− 0.009
(0.023)

30–34 − 0.024
(0.042)

0.012
(0.023)

0.016
(0.024)

− 0.008
(0.016)

− 0.034
(0.035)

0.029
(0.022)

35–39 0.072
(0.043)

0.010
(0.023)

0.014
(0.026)

0.001
(0.017)

0.058
(0.037)

− 0.012
(0.024)

40–44 0.073
(0.045)

0.014
(0.026)

0.016
(0.028)

0.033*
(0.016)

0.046
(0.037)

0.021
(0.024)

Region (Gr. Cairo omit.)

Alex. and Suez Canal − 0.004
(0.040)

0.056*
(0.027)

− 0.011
(0.030)

0.010
(0.022)

− 0.005
(0.032)

− 0.013
(0.023)

Urban Lower − 0.018
(0.039)

0.045
(0.027)

0.006
(0.027)

0.043*
(0.019)

− 0.028
(0.030)

− 0.003
(0.020)

Urban Upper 0.009
(0.036)

0.034
(0.026)

0.007
(0.026)

0.034
(0.020)

−0.017
(0.030)

−0.050*
(0.022)

Rural Lower − 0.049
(0.037)

0.038
(0.026)

− 0.002
(0.024)

0.030
(0.018)

− 0.052
(0.031)

− 0.035
(0.023)

Rural Upper 0.026
(0.039)

0.051*
(0.026)

0.023
(0.025)

0.016
(0.019)

− 0.017
(0.033)

− 0.076**
(0.025)

Consist. respondent (not consist. omit.)

Consist. resp. − 0.012
(0.026)

− 0.023
(0.020)

− 0.009
(0.015)

0.001
(0.011)

0.013
(0.023)

− 0.010
(0.018)

Contemporaneous emp. status in base year (public wage omit.)

Private formal wage − 0.370***
(0.055)

− 0.524***
(0.125)

− 0.357***
(0.026)

− 0.550***
(0.069)

− 0.268***
(0.041)

− 0.343***
(0.086)

Private informal wage − 0.399***
(0.052)

− 0.728***
(0.090)

− 0.374***
(0.026)

− 0.618***
(0.055)

− 0.355***
(0.043)

− 0.284**
(0.095)

Irregular wage − 0.412***
(0.051)

− 0.648**
(0.217)

− 0.255***
(0.032)

− 0.571***
(0.111)

− 0.512***
(0.044)

− 0.179
(0.144)

Employers − 0.479***
(0.047)

− 0.805***
(0.094)

− 0.375***
(0.028)

− 0.757***
(0.064)

− 0.217***
(0.041)

− 0.233
(0.179)

Self-employed − 0.522***
(0.053)

− 0.675***
(0.091)

− 0.400***
(0.031)

− 0.753***
(0.041)

− 0.481***
(0.049)

− 0.313**
(0.105)

Unpaid family work − 0.552***
(0.063)

− 0.751***
(0.060)

− 0.510***
(0.035)

− 0.693***
(0.035)

− 0.270***
(0.056)

−0.468***
(0.075)

Unemployed − 0.696***
(0.044)

− 0.792***
(0.045)

− 0.765***
(0.048)

− 0.791***
(0.031)

− 0.794***
(0.035)

− 0.778***
(0.046)
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informal private wage work also have a higher probability of misalignment relative to

public sector work, again, more so for women than for men. Being out of the labor

force is a base state that results in more misalignment for men and no misalignment

for women. This difference is because it is a rare state for adult males and the most

predominant state for women.

Contemporaneous statuses in the end year of the pair are also related to misalignment,

primarily for men. Those not employed in the end year have more alignment, possibly be-

cause they are then more consistently reporting a non-employed status. Informality and ir-

regularity in the end year are sometimes significantly and usually negatively associated with

alignment. A more irregular and informal work trajectory may be more difficult to recall.

As with education and father’s employment (sector and status), age and region are rarely

associated with the probability of misalignment of the labor market status for either men or

women. However, at least for males, education is associated with alignment. Men with basic

education have between 6 and 15 percentage points lower probability of alignment than men

with university education, depending on the period being examined. Similarly, illiterates and

those who can only read and write have between 9 and 11 percentage points lower probability

of alignment and those with secondary degrees have between 7 and 12 percentage points

lower probability. There are very few significant differences by education for women.

4.3 Comparing labor market transition rates across retrospective and panel data

An important use of retrospective and panel data is to measure transition rates between

different labor market statuses in order to assess labor market dynamics. We have

demonstrated not only that there could be substantial misalignment between contempor-

aneously measured statuses and ones measured by means of retrospective questions but

also that the overall distribution of statuses is fairly similar (Fig. 4). If the measurement er-

rors are primarily random in the reporting of the timing of statuses, measures of labor

Table 3 Probit model marginal effects for the probability of alignment of labor market status
between contemporaneous 1998 or 2006 and 2012 or 2006 retrospective data by sex, individuals
in base year (1998 or 2006) and present in the other waves, aged 20–44 in base year of the pair
(Continued)

2012 retrospective versus panel 2006 retrospective versus panel

(1) (2) (3) (4) (5) (6)

1998 1998 2006 2006 1998 1998

Male Female Male Female Male Female

OLF − 0.342***
(0.053)

− 0.013
(0.036)

− 0.306***
(0.032)

0.004
(0.028)

− 0.455***
(0.043)

− 0.076*
(0.033)

Employment characteristics in the end year

Not employed
(employed omit.)

− 0.060
(0.054)

0.254***
(0.045)

− 0.015
(0.035)

0.078**
(0.024)

0.141***
(0.040)

0.380***
(0.030)

Irregular (regular omit.) − 0.042
(0.037)

− 0.089
(0.079)

− 0.107***
(0.019)

− 0.231**
(0.076)

0.105*
(0.042)

− 0.287
(0.150)

Informal (formal omit) − 0.024
(0.030)

− 0.147***
(0.035)

− 0.018
(0.019)

− 0.020
(0.031)

− 0.045
(0.026)

− 0.189***
(0.031)

N (Obs.) 2160 2362 5229 5395 2202 2388

Source: authors’ calculations based on ELMPS 1998, ELMPS 2006, ELMPS 2012. Standard errors are in parentheses.
Marginal effects’ estimates with all other characteristics as observed
*p < 0.05; **p < 0.01; ***p < 0.001
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market transition rates could still be fairly accurate. However, if the entire statuses are lost

in the retrospective data (as appears to be the case for unemployment), then measures of

labor market dynamics will be understated and will point to a more rigid labor market

than is actually the case. Because the ELMPS contains three panel waves, it is actually

possible to assess labor market transition rates by using either purely retrospective or

purely panel data. This section specifically compares transition rates, by initial status, from

1998 to 2006, based first on the 1998 and 2006 panel data and, second, on the retrospect-

ive data collected in 2012 for the transition from 1998 to 2006. This analysis is performed

only for individuals who appear in all three waves and who were 20–44 in 1998. The sta-

tus used for classification purposes comes from either the retrospective or the panel data,

depending on which data are being used to calculate the transition rates.

There are some key points to keep in mind when considering this comparison. The

contemporaneous status is (as is the case throughout this paper) the “usual” status in

the 3-month period preceding the survey. In the retrospective data coming from the

labor market history module of the survey, statuses have to be at least 6 months long

to be reported. It is therefore likely that in the panel data, some of the transitions that

are detected relate to statuses that lasted less than 6 months and that would not be

observed by definition in the retrospective data. This would tend to inflate panel data

transition rates upward, but probably not by much. We know from the 2012 con-

temporaneous data that only 1.2% of employed individuals have a different primary

job in the reference week than in the reference 3 months, suggesting that short-

term transitions are rare. Transition rates in the panel data are therefore only

likely to be inflated by a few percentage points at most. Although the distribution

of labor market statuses and sectors across panel and retrospective data is fairly

similar (Fig. 4), the differences that do exist are going to affect the measurement of tran-

sition rates as well.

Figure 6 shows the rates of transition from each labor market status as measured by

panel and retrospective data sources. Notably, transition rates are understated by about

half in the retrospective data relative to the panel data for males (25 versus 52%) and

by more than two thirds for females (8 versus 30%). Looking across statuses, every em-

ployment status in 1998 suffers from under-reporting of transitions in the retrospective

data, but to varying degrees. For males, transitions out of unemployment and OLF sta-

tuses are fairly comparable, but this is not the case for females.

Besides differential rates of transition, there are differential patterns in terms of which

transitions are detected or not detected (not shown). More subtle transitions, such as

transitions from informal to formal private wage work, or from employer to self-

employed and vice versa, are more likely to be missed in the retrospective data. More

distinctive transitions—such as those between public and private sector jobs and

between wage and non-wage work—are also somewhat under-reported in the retro-

spective data, but to a lesser extent. Particularly for women, the retrospective data

is less able to detect transitions into and out of the labor force, a problem related

to the issue we discussed earlier about the difficulty in detecting women’s self-

employment and unpaid family labor in the Egyptian context. Women in the public

sector are much more likely to report being employed in the past. Since they typic-

ally have low transition rates, this tends to understate overall transition rates for

women.
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4.3.1 A multivariate analysis of probability of alignment in reporting transitions across panel

and retrospective data

We report in Table 4 the marginal effects from probit models of the alignment in the

reporting of transitions in the panel data (1998 to 2006) and in the 2012 retrospective

data referring to 1998 and 2006. This analysis parallels the above descriptive analysis

presented in Fig. 6. The analysis is similarly restricted to individuals 20–44 in the base

(1998) year who had a transition in the panel data from 1998 to 2006. We define align-

ment quite conservatively. A transition is only aligned when the (nine category) panel

and retrospective labor market statuses are completely consistent across 1998 and

2006, that is, when the exact same transition is detected. Misalignment can

therefore occur when the retrospective data have no transition, a different origin

state, or a different end state. We include as covariates age, sex, region, and the

panel statuses in 1998 and 2006, as we know certain transitions and statuses are

differentially reported.

We report the probability of alignment for the reference case (a 20–24-year-

old university educated male residing in Greater Cairo and working in the pub-

lic sector in 1998 and 2006, with not consistently the respondent him or herself

Fig. 6 Rates of status change (percentage) in panel data for 1998 to 2006 versus rates of status change in
retrospective data from 2012 for changes from 1998 to 2006 by sex and status in 1998, aged 20–44 in 1998.
Source: Authors’ calculations based on ELMPS 1998, ELMPS 2006 and ELMPS 2012. Notes: Based only on
individuals in all three waves. Status in 1998 is from either retrospective or panel data depending on
whether transition rates are being examined for retrospective or panel data
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Table 4 Probit model marginal effects for the probability of alignment of reporting a specific type
of transition from 1998 to 2006, as calculated using contemporaneous 1998 and 2006 panel data
and as calculated using 2012 retrospective data by sex, individuals observed in 1998, 2006, and
2012, aged 20–44 in 1998

Reference case probability 0.708

Own education (univ. omitted)

Illit. or R&W − 0.074*
(0.033)

Basic − 0.056
(0.033)

Secondary − 0.078**
(0.026)

Gender (male omit.)

Female 0.000
(0.018)

Age group in base year (20–24 omit.)

25–29 − 0.036
(0.019)

30–34 − 0.088***
(0.018)

35–39 − 0.064**
(0.022)

40–44 − 0.038
(0.028)

Region (Gr. Cairo omit.)

Alex. and Suez Canal − 0.013
(0.023)

Urban Lower − 0.010
(0.023)

Urban Upper − 0.012
(0.022)

Rural Lower − 0.020
(0.021)

Rural Upper 0.018
(0.025)

Consist. respondent (not consist. omit.)

Consist. resp. 0.005
(0.014)

Contemp. status in 1998 round (public omit.)

Private formal wage − 0.142*
(0.056)

Private informal wage − 0.115*
(0.054)

Irregular wage − 0.125*
(0.054)

Employers − 0.140*
(0.058)

Self-employed a

Unpaid family work − 0.121*
(0.053)

Unemployed − 0.133*
(0.056)
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reporting). The reference probability of transition alignment is relatively high,

71%. Recall from Fig. 6 that even in the aggregate, half of transitions are not

reported.

The most important determinant of alignment in most cases is the origin and destin-

ation labor market status. Compared to the reference public sector case, every other

status in 1998 or 2006 predicts worse alignment of transitions, almost always signifi-

cantly so. Only for those who are OLF in 1998 is the difference insignificant. As with

reporting of contemporaneous statuses, unemployment does poorly, and also especially

if an individual was an irregular wage worker in 2006.

The differences in the probabilities of transition alignment across the other co-

variates are smaller than by status but appreciable. Lower levels of education pre-

dict slightly lower alignment, usually significantly so, compared to university-

educated individuals. Compared to young persons 20–24 (the reference category),

older groups have lower, usually significantly, probabilities of alignment in

reporting transitions. Region of residence does not systematically affect the prob-

ability of alignment. Remarkably, having the individuals consistently be the re-

spondent to the questionnaire does not significantly improve the probability of

alignment in all three types of transitions. This may be because individuals

reporting for themselves report more complex but less precise histories. After

accounting for destination and origin states, there are not significant differences

in reporting by sex.

Table 4 Probit model marginal effects for the probability of alignment of reporting a specific type
of transition from 1998 to 2006, as calculated using contemporaneous 1998 and 2006 panel data
and as calculated using 2012 retrospective data by sex, individuals observed in 1998, 2006, and
2012, aged 20–44 in 1998 (Continued)

Reference case probability 0.708

OLF − 0.060
(0.059)

Contemp. status in 2006 round (public omit.)

Private formal wage − 0.157***
(0.036)

Private informal wage − 0.136***
(0.038)

Irregular wage − 0.200***
(0.034)

Employers − 0.125**
(0.042)

Self-employed − 0.134***
(0.040)

Unpaid family work − 0.198***
(0.035)

Unemployed − 0.184***
(0.035)

OLF − 0.159***
(0.040)

N (Obs.) 1693

Source: authors’ calculations based on ELMPS 1998, ELMPS 2006, ELMPS 2012. Standard errors are in parentheses.
Marginal effects’ estimates with all other characteristics as observed
*p < 0.05; **p < 0.01; ***p < 0.001
aSelf-employment in 1998 perfectly predicted misalignment
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4.4 Comparing the levels and trends of annualized labor market transition rates across

retrospective data from different waves of the survey

4.4.1 Measuring annualized transition rates from retrospective data

To further investigate the extent to which the ELMPS retrospective data suffer from

measurement problems, we compare the transition probabilities obtained from the

retrospective data for the same time period as assessed by different waves of the

survey.14 The dynamics we focus on are primarily the job-finding (f ) and separation

rates (s), which can be defined as the share of employed, E, and non-employed, NE,

changing states over time, t;

f ¼ NEt−1→Et

NEt−1

s ¼ Et−1→NEt

Et−1

4.4.2 Separation rates

Using the data from three waves of the survey, in Fig. 7, we overlap the separation rates

calculated over the years.15 This is done for male workers between 15 and 54 years of

age in year t. An increase in the separation rates approaching the year of each survey is

observed.16 This tends to be true for both men and women (not shown) but is much

more pronounced in the male workers’ trends. The ELMPS 2012, most likely due to

the chronological design of the retrospective accounts, is doing a better job than the

ELMPS 2006 in capturing the transitions of individuals that are further back in time.

Still, if we take more recent rates as true, both are underestimating the employment to

non-employment transitions.

As a further investigation into how employment to non-employment transitions are

under-estimated using retrospective panels, we repeat the above exercise making a

distinction between unemployment and inactivity states. We replot the separation rate

Fig. 7 Employment to non-employment separation rate (percentage) by wave, males aged 15–54, 1990–2010.
Source: Authors’ calculations based on ELMPS 1998, ELMPS 2006, and ELMPS 2012
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time series, first using employment to unemployment transitions and second using

employment to inactivity transitions. Figures 8 and 9 show that the increase in the

separation rates continues to appear for both types of separations. While the underesti-

mation is much attenuated for the employment to unemployment transitions because

we have excluded from the contemporaneous reports the unemployment statuses that

lasted less than 6 months, this cannot be done for the employment to inactivity transi-

tions, where the date of start of the status is not available and hence assumed to be at

the beginning of the year. In fact, the retrospective accounts of the ELMPS 2012 seem

to capture well the employment to unemployment separation rates. The underestima-

tion of the separation rates observed in Fig. 7 for the ELMPS 2006 and 2012 seems to

result mainly from including inactivity statuses lasting less than 6 months. The increase

in the employment-to-inactivity separations seem to occur gradually over the 2 years

closest to the survey.

Fig. 8 Employment to unemployment separation rate (percentage) by wave, males aged 15–54, 1990–2010.
Source: Author’s calculations based on ELMPS 1998, ELMPS 2006, and ELMPS 2012

Fig. 9 Employment to inactivity separation rate (percentage) by wave, males aged 15–54, 1990–2010. Source:
Author’s calculations based on ELMPS 1998, ELMPS 2006, and ELMPS 2012
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4.4.3 Job-finding rates

Moving now to the dynamics of the job-finding process, recall that these rates are the

flow of workers from non-employment to employment relative to the stock of non-

employed. As was true for the job separation rates time series, we again suspect an

underestimation of the non-employed as we go back in time. This time, the job-finding

rates calculated from our retrospective panels are over-estimated. The most reliable

point, in terms of the level of the job-finding rate, is likely to be the last point ap-

proaching the year of the survey. Figure 10 shows the overlap of the finding rates time

series. We note likely over-estimation in the job-finding rates mirroring the under-

estimation we noted above in the separation rates. If we set aside the level issue, and

focus on the trend of both job-finding and separation rates, we note that there has been

a very slight increase in the job-finding rates over time for males and almost no sub-

stantial change for females. A slight increase in the separation rates over time is also

observed for both male and female workers (Fig. 7).

4.4.4 Job-to-job transitions

Having examined states and transitions between employment and non-employment, we

now examine job-to-job transitions among the employed. The comparisons of retrospect-

ive and panel data show that more aggregated employment statuses are likely to be more

consistently reported. For instance, it appears that respondents have difficulty distinguish-

ing between informal and formal employment states as well as regular and irregular work.

Therefore, we limit the analysis of the retrospective transition rates to three broad

employment sectors, namely public wage work, private wage work, and non-wage work.

In Fig. 11, we overlap the job-to-job transition rates calculated using the ELMPS

1998, ELMPS 2006, and ELMPS 2012 retrospective panels. These rates are obtained by

dividing the number of workers transitioning from one sector to another between years

t and t + 1 by the number of workers employed in the origin sector in year t. Generally,

we observe a close overlap of the job-to-job transition rates obtained using the different

retrospective panel datasets. This finding suggests that using retrospective accounts

give consistent conclusions about the trends of job-to-job transition rates over time,

Fig. 10 Non-employment to employment job-finding rate (percentage) by sex and wave, aged 15–54,
1990–2010. Source: Author’s calculations based on ELMPS 1998, ELMPS 2006, and ELMPS 2012
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especially when these trends are smoothed. However, it is crucial to note that the levels

of these transition rates are under-estimated given what we saw earlier in Fig. 6.

4.5 Do retrospective data provide accurate trends of past labor market aggregates?

The problems we observe in assessing labor market dynamics using retrospective data

also present challenges to assessing stocks over time. This section examines the stocks

derived from the retrospective data for two specific statistics: the unemployment rate

and the employment to population ratio (employment rate). Figure 12 illustrates the

evolution of employment to population ratio. The pattern suggests that as we go back

in time, we only retain the employment states of our sample and lose track of their

non-employment history. We obtain as a result a decreasing employment-to-

population ratio, which is not consistent with patterns observed contemporaneously in

the panel (Assaad and Krafft 2015c). The magnitude of the decrease differs from one

survey to the other. The ELMPS 2012 seems to have less of a decreasing trend than the

ELMPS 2006. The most likely explanation for this observation is the different structure

Fig. 11 a–f Job-to-job transitions by wave for 1998, 2006, and 2012, male workers, aged 15–54, four period
moving averages, 1990–2010. Source: Authors’ calculations based on ELMPS 1998, ELMPS 2006 and ELMPS 2012
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of the ELMPS 2012 questionnaire. Asking individuals about their past statuses in a

chronological order, starting with the first status, rather than backward in time as was

the case in 1998 and 2006, may have increased consistency of employment trends.

However, none of these approaches recovers the pattern of employment observed in

the panel contemporaneous statuses, which is an increase in employment rates over

time for men and a rise and fall in employment rates for women.

Superimposing the retrospective data and the unemployment rates from the official

Labor Force Survey (LFS) further illustrates how the estimates of different labor market

states get distorted if one uses retrospective data. Figure 13 shows that the retrospective

data does not align with the evolution of Egypt’s unemployment rate over the past two

Fig. 13 Unemployment rate (percentage), males, aged 15–64, by wave and compared to those reported in
the LFSS, 1990–2010. Source: Authors’ calculations based on ELMPS 1998, ELMPS 2006, ELMPS 2012, and
LFSS data. Based on CAPMAS’s bulletin of the Labor Force Sample Survey for 1990-2010

Fig. 12 Employment-to-population ratio (percentage) by sex and wave, aged 15–54, 1990–2010. Source:
Authors’ calculations based on ELMPS 1998, ELMPS 2006, and ELMPS 2012
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decades as reported in official statistics. Unemployment is increasingly under-estimated

relative to official statistics using retrospective data that are further back in time.

5 Conclusions
The primary objective of this paper is to assess the accuracy of labor market dynamics

using retrospective data. We conclude that it is possible to garner useful information

on labor market dynamics from retrospective data, but one must be cautious about

which information to trust and at what level of detail. One of our most basic conclu-

sions is that information on past employment collected using retrospective data can be

fairly reliable, so long as fine distinctions between employment states are not made. For

instance, the distinctions between employer and self-employed, public enterprise and

government, formal and informal wage work, or regular and irregular wage work are

not easily made using retrospective data.

In the case of women engaged in self-employment, whether in agriculture or outside

agriculture, the distinction between being employed and not employed is hard enough

to make in contemporaneous data, let alone in retrospective data. In Egypt, women in

this kind of employment typically do not consider themselves to be employed and may

move frequently between employment and non-employment states, as defined by inter-

national labor statisticians. To assess their current status accurately, researchers must

use complex keyword-based questions that inquire about a large number of activities,

and even this detailed approach often fails to elicit reliable estimates of female partici-

pation in home-based self-employment and unpaid family labor (Anker and Anker

1995; Assaad 1997; Langsten and Salem 2008; Assaad and El-Hamidi 2009). It is impos-

sible to ask questions at this level of detail about a retrospective period, casting doubt

on the employment transitions obtained from retrospective data for women in self-

employment. Conversely, transitions across well-defined employment states, such as

between public and private wage work or between public wage work and non-wage

work, can be captured fairly reliably using retrospective data.

Spells of non-employment interspersed between employment spells are usually hard

to recall, whether they are unemployment spells or spells outside the labor force

altogether. For instance, 71% of those observed as unemployed in 1998 never reported

any unemployment at any time in the past in the retrospective data obtained from

them in the 2012 wave. Thus, transitions from non-employment to employment and

vice versa will be understated in retrospective data. This result has important implica-

tions for the accurate reporting of separation rates for the employed and job-finding

rates for either the unemployed or those outside the labor force, and the stock of

unemployed in past dates. Generally, these rates will be understated, and possibly

increasingly so as we go back in time, confounding any measurement of trends. In con-

trast, trends describing job-to-job transitions can be captured more reliably using retro-

spective data. A re-design of the retrospective modules to separately ask about past

employment and non-employment states as suggested below could improve recall of

past non-employment states.

Another conclusion we derived from analyzing the reporting of recalled marriage

costs is that retrospective questions eliciting monetary amounts are unreliable at best.

Even when asked to report the nominal amount paid at the time, at least some respon-

dents tend to inflate the amount to their equivalent value at the time of the survey. It
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thus becomes impossible to ascertain monetary trends over time when some of the data

is inflated and some of it is not.

Finally, this experience has allowed us to derive some important lessons on how

to improve questionnaire design to collect more accurate retrospective data. First, in

comparing the retrospective data from 2012 to the data from previous rounds, we

determined it is preferable to ask questions about the individual’s labor market tra-

jectory in chronological rather than in reverse chronological order. It elicits better

information about labor market entry and in particular about any initial unemploy-

ment spells prior to first employment. Second, we suspect that many respondents

(and possibly interviewers) interpreted status to mean job, contributing to the

underreporting of non-employment spells. In future versions of these labor market

panel surveys, we will test using separate questions for non-employment spells and

for employment spells. The questionnaire should elicit first information about the

non-employment spell just after exit from school, if any, and determine whether it

was an unemployment spell or an out of the labor force spell. This would be

followed by questions about the first employment spell and its characteristics, the

next non-employment spell, if any, and so on. Another improvement to the ques-

tionnaire will be to ask those who have never worked for a period of more than

6 months prior to the interview and are currently inactive about whether they have

ever sought employment and about the timing and length of the spell in which they

were seeking employment, at least for the first time. Even though these changes will

not eliminate recall bias, they could potentially reduce bias that results from

questionnaire design.

Given budgetary and data availability constraints, the retrospective panels are

currently the primary source of data in the MENA region that allow researchers to

study labor market dynamics. Having discussed the errors encountered in retro-

spective data, it is important to note that it is possible to use some remedies to

attenuate these measurement errors and eventually produce less biased (or possibly

unbiased) results. A possible solution would be to match biased estimates obtained

from retrospective data with more accurate estimates obtained from auxiliary

contemporaneous cross-sectional data. Of course, this could be obtained from the

same dataset or an external data source, so long as comparability between the data

sets is verified. In this case, one assumes that the information obtained from the

contemporaneous data is the most accurate. Assumptions about the (functional)

form of the “forgetting rate” or information loss in the retrospective data would

also be required. Yassin and Langot (2017) correct the ELMPS aggregate labor

market transition rates between employment, unemployment, and inactivity states,

obtained from the retrospective panels, using this methodology. This approach can

even be extended to make use of the micro-level information available about the

labor market transitions. Using the aggregate measurement errors estimated for the

different types of transitions, one could distribute these errors in the form of

weights to the individuals in the survey (Yassin 2016). Again, assumptions need to

be made on how to attribute weights to the individuals. Another possible solution,

with a different assumption, would be to estimate the alignment rate, possibly the

rate of telling the truth, and eventually creating a weight such that individuals who

report the truth have higher weights. This requires however the availability of both
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micro-level contemporaneous and retrospective information for the same individ-

uals. In our case, it could be applied to the ELMPS but not to other datasets, for

instance the Jordan Labor Market Panel Survey (JLMPS) and the Tunisia Labor

Market Panel Survey (TLMPS), where for the time being, only one wave of the

panel is available. Drawbacks of how representative the sample becomes after the

creation of such weights need to be also discussed.

To conclude, we believe that panel data with retrospective modules to fill in

the gaps between waves of the panel are the best data we can realistically hope

for to study labor market dynamics in developing country contexts. Some

advanced countries have moved to continuous administrative data to study such

phenomena. However, given the low administrative capacity of most developing

countries and the high rates of labor market informality, such methods are

unlikely to become practical in developing country contexts very soon. In the

absence of such panel data, a great deal can be learned from properly designed

retrospective questions, so long as researchers are aware of the limitations of

these data. As a general rule, distinctions that are hard to make in contemporan-

eous data, like differences between regular and irregular employment, formality

and informality, illiteracy and literacy, and non-employment and home-based self-

employment for women, are going to be even harder to make retrospectively.

Shorter spells and more frequent events in an individual’s labor market trajectory

are more likely to be forgotten. We have attempted in this work to highlight

some of these problems, but we are in no way suggesting that analyses based on

retrospective data are worthless. We are simply advising that proper caution

needs to be exercised in interpretation and have provided some pointers as to

where the potential pitfalls might lie.

Endnotes
1Panel attrition is discussed in more detail below.
2Statuses of less than 6 months are dropped, and if four statuses are not enough to

reach the current status, the fifth and later statuses are also dropped.
3For individuals who never went to school, the retrospective period starts at age 6.
4Not everyone was asked the education questions again in 2012; if the respondent

reported that his/her educational status did not change since 2006, the 2006 data was

re-used in 2012. The alignment of reported own education statuses was therefore only

examined between 1998 and 2006.
5We choose this age group since individuals at younger ages could still be acquiring

additional education.
6General secondary is typically a very small category in Egypt because most of those

who achieve this level of education are eligible for higher education and typically

proceed to higher levels. Smaller categories may suffer from more misreporting due to

their size. For instance, if random typos are uniformly distributed across the categories,

more responses in the smallest categories are likely to be errors.
7When individuals were not consistently responding for themselves, it is possible that

the same individual was responding in their place in both waves (e.g., a spouse) but the

data does not allow us to determine whether this is so.
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8When the father is present, it is usually possible to use the retrospective infor-

mation on the father to obtain the father’s characteristics when the individual in

question was 15.
9Fathers are likely to be still present in the household for respondents younger than

30 years old.
10Only women were asked in 2006, so we restrict our analyses in 2012 to women’s

reports. We do not restrict by age so as to not confound timing of marriage shifts with

time trends. Cost of marriage was not asked in 1998.
11Data are not separated by gender or restricted by age so as to ensure an adequate

sample size.
12As defined in the descriptive section above.
13We use less than the full set of nine labor market statuses as regressors here—rely-

ing on the three key characteristics of employed or not, informal or not, and irregular

or not—to ensure results are estimable for both men and women.
14See Assaad et al. (2016) for a discussion of how different approaches to data

inclusion affect estimation of dynamics.
15Given that the survey was designed to capture only retrospective labor market

statuses that last for more than 6 months, we reclassify, for comparability, those short

unemployment spells as employment lags.
16We exclude from our analyses 2011, since we cannot disentangle reporting issues

from the effects of the 2011 Uprising in Egypt.
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