	
	



	
	



[bookmark: _AppendixNotByChapter][bookmark: ChapterNumber][bookmark: _GoBack][bookmark: ChapterTitle]A	HILDA and the calendar data
[bookmark: begin]The aim of this study is to gain a better understanding of the dynamic processes of transitions between labour market activities and education. This paper considers the transitions of youths as well as adults and seniors. The adult category is split between young adults (25–39 years old) and mature adults (40–54 years old), as it is expected that these two groups behave differently. Seniors (aged 55–64 years old) are included to analyse the pathways towards retirement. 
Household, Income and Labour Dynamics in Australia (HILDA) is the only comprehensive longitudinal survey of Australians that covers all age groups of interest in this study. Ten years of data are used (from mid-2000 to mid-2010).[footnoteRef:1] Using HILDA’s calendar data it is possible to determine activity patterns within a year. Data collected at the time of the survey (for example, data on individuals’ characteristics) can be matched to the calendar data to find possible explanations for the patterns. [1:  	Although wave 1 was conducted in late 2001, the calendar data collected at that time covered the period from mid-2000 until the time of the interview in 2001.] 

This appendix describes the HILDA data used for the analysis. Section A.1 describes the calendar data, section A.2 describes related time of survey data, and section A.3 presents some caveats on the results. 
[bookmark: OLE_LINK3]A.1	Calendar data
The HILDA calendar is a rich source of information about labour market and education activities. The calendar has more detailed information about what has happened between annual interviews compared to the annual survey data. For example, questions are asked about any period of unemployment as part of the annual survey, but spells of unemployment between interviews are only captured in the calendar. Both sources of information are subject to recall error. 
[bookmark: OLE_LINK8]Figure A.1	HILDA education and labour market calendar, wave 1a
	[image: ]


a The design of the calendar was modified between waves 1 and 2. In wave 1, the calendar distinguishes between part- and full-time jobs but not in subsequent waves (Summerfield et al. 2011). In all waves except wave 1, the calendar asks respondents with more than one job to record the month and year they started each job.
Source: Reproduced, with permission of the Melbourne Institute of Applied Economic and Social Research and the Department of Families, Housing, Community Services and Indigenous Affairs, from the HILDA Survey Person Questionnaire, Wave 1 (http://www.melbourneinstitute.com/downloads/hilda/Questionnaires/
PersonQuestionaireW1.pdf).
At the time of the annual interview, respondents record their status for the early, middle and latter parts of each month in the HILDA calendar. They record whether they are in full‑time study, part‑time study, employment (up to twelve jobs that may overlap), not employed but looking for work (in this study, this information measures unemployment) and neither employed nor looking for work (the measure of not in the labour force, NILF) (figure A.1). 
Respondents are instructed to place a mark against every month third prior to the annual interview. Item non‑response in the calendar would therefore be apparent.
Removing overlaps in the calendar data
For each wave, calendar data are collected back to the start of the previous financial year. This creates overlaps in the calendar data from one wave to the next. Without allowing for overlaps there would be gaps between the calendars because an individual is not necessarily interviewed in the same month each year.[footnoteRef:2] In any given wave, interviews are conducted across a number of months, beginning in August and finishing as late as April the following year for some waves.[footnoteRef:3]  [2:  	Another reason that there is at least two months of overlapping data in the calendar is that it allows consistency of information to be assessed (section A.3).]  [3:  	Interviews in the year following the survey year were infrequent across the ten waves, representing 4.3 per cent of all interviews at most (Summerfield et al. 2011).] 

For example, in wave 1, interviews began 24 August 2001 and finished 23 January 2002. For individuals interviewed in August for this wave, there are nearly 14 months of calendar data (collected in month thirds), but for individuals interviewed in January, there are nearly 19 months. 
It is important to remove the overlaps from the data before they are merged into a single dataset. The calendar data for the financial year ending in the year of the survey are used to produce the dataset without overlaps (section A.3).
Figure A.2 illustrates how this is done for two hypothetical individuals in the first two periods of overlapping data. For the first individual, the wave 1 and wave 2 data overlap between July 2001 and September 2001; for the second individual the overlap extends for a further four months to January 2002. Irrespective of the length of overlap, the second wave is the source for the data for July 2001 to June 2002. 
Similarly, the first individual is interviewed for wave 2 earlier than the second individual, but the calendar data used for July 2002 to June 2003 are from wave 3 for both individuals.
[bookmark: OLE_LINK6]Figure A.2	An illustration of overlaps in the HILDA calendara
Waves 1 to 3
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a X indicates a calendar entry corresponding to a particular month for a particular wave. Entries in red text indicate overlaps. Entries with green backgrounds indicate those selected for analysis.
The definition of education and labour market activities
The calendar in HILDA is unlike the calendars in other longitudinal surveys.[footnoteRef:4] In the British Household Panel Survey (BHPS) and the European Community Household Panel (ECHP), respondents indicate their main activity, but HILDA’s respondents indicate their labour market and education activities in separate parts of the calendar. The advantage of the approach used in HILDA is that individuals can record when multiple activities overlap (Watson 2009). Of particular interest are concurrent work and study activities.  [4:  	For a comprehensive comparison of the HILDA survey with other longitudinal surveys see Watson (2009).] 

Youths may combine work and study while at school or further education and during the transition to full time employment. Many individuals who are older than 25 years of age have completed their secondary and tertiary education, although some return to education at some point. 
Work, study, and (concurrent) work and study categories are included in the activity variable to analyse the different ways individuals develop and use their human capital at different stages of life. The activity variable also includes values for ‘unemployment’ and ‘NILF’. This results in a single activity variable with five mutually exclusive categories. This follows the approach taken by Albert Verdú and Davia (2010).[footnoteRef:5]  [5:  	That paper uses 2005 data from a longitudinal survey of Spanish school leavers, called the education, training and labour market transition survey (ETEFIL). ] 

While it is possible to disaggregate some of these categories further (for example, into full‑time and part‑time education), this would add significantly to the complexity of the data and the computational task for the subsequent analysis. 
Deriving a monthly activity variable 
For this analysis, the original calendar data are aggregated to monthly data. Aggregating the data retains most of its richness, and reduces it to a level that is practical for implementing optimal matching and cluster analysis techniques (appendix B). 
In producing the monthly activity variable, three rules are applied to months that involve more than a single activity for each of the thirds (figure A.3). These rules define which activity is dominant in any month. They are often required for research based on labour market data (Quintini and Manfredi 2009). 
Rule 1: Employment and study activities dominate unemployment and NILF
If any third of the month is spent in education only, then the activity for that month is defined as ‘education only’. If another month third is spent in education and employment or in employment only, the activity for the month is defined as ‘employment and education’. 
Education activities are represented by the circle in the middle of figure A.3. Education overlapping with NILF or unemployment indicates that part of the month’s activity was recorded as NILF or unemployment, but the activity for the whole month is categorised as ‘education only’ (purple). When education overlaps with employment, this is categorised as ‘employment and education’ (brown), regardless of whether one month third is spent in NILF or unemployment.
[bookmark: OLE_LINK2]Figure A.3	Aggregating activities over time — defining mutually exclusive and exhaustive activities for HILDAa
	[image: ]


a Based on the HILDA calendar, the labour market state of unemployment is defined as not being employed but looking for work.
Rule 2: Employment dominates unemployment or NILF
For months that do not involve any education, a month third spent in employment dominates any unemployment or NILF in the same month, and the value ‘employment only’ is allocated to the activity variable. 
Rule 3: Unemployment dominates NILF
If part of the month is spent in unemployment and another in NILF, the month is allocated to unemployment. NILF is only recorded as the activity for a month if the whole month is spent outside the labour force. 
The use of these rules has implications for the data. The data may indicate that employment is more stable than it actually is because it dominates other labour market states in the aggregation process. If unemployment or NILF lasted less than a month, spells of employment may appear longer than they actually are. 
Similarly, the length of education spells could be overestimated. This could result in an underestimate of the occurrence of spells of unemployment and NILF lasting less than a month. It could also reduce the spell length of NILF and unemployment activities lasting more than a month. 
A consequence of employment dominating unemployment is that unemployment rates could be underestimated and employment rates could be overestimated. With employment and unemployment dominating NILF, participation rates could be overestimated.[footnoteRef:6] [6:  	Activities using monthly and month-third data for each age segment were compared. Relative to monthly data, month-third data show: less study only and more unemployment for youths; more unemployment and less employment only for young adults and mature adults; and very little difference in the activities for seniors as most of their time is spent in employment (without study) and/or NILF.] 

Forming an activity calendar of 120 months 
The dataset comprises individuals with full calendars only. That is, individuals must have participated in the survey each year, and be original HILDA sample members. The dataset therefore excludes those who did not respond to the survey in one or more years and individuals who were too young to be interviewed at the time of the first survey (including those who turned 15 years of age within the ten years). It also excludes new sample members (see Summerfield et al. (2011) for more information about the different sample member types in HILDA). 
As a result of these exclusions, for this paper, the original sample of 19 914 individuals who were enumerated in the first survey is reduced to a sub‑sample of 6566 fully-responding individuals of working age in 2001 (this is discussed further in section A.3).
[bookmark: OLE_LINK5]A.2	Time of survey data
The calendar data are used to identify activities over time and in grouping individuals with similar patterns of activities. Other information about individual characteristics, drawn from other parts of the annual survey, is labelled time of survey (TOS) data. TOS data serve several purposes in this paper:
as additional information about the activities (for example, occupation, level of study, full‑time or part‑time status for work and for study)
to infer a reason for these activities (for example, illness/disability, caring responsibilities)
to better understand the links between pathways and individuals’ characteristics (for example, gender, location, and family background). 
To illustrate the use of TOS data, consider the two youth pathways shown in figure A.4 — the Work and Study to Work pathway (left panel) and the Work, with or without Study pathway (right panel). The former involves more time in work only (light blue), and less time in work and study (brown) and study only (purple) than the latter.
TOS data reveal that youths in the pathway involving more time in study (right panel) are (on average) about a year younger and in 2001 have lower levels of education than youths in the other pathway (left panel). This suggests that youths in the Work and Study to Work pathway are not as advanced in their transitions to work as youths in the Work, with or without Study pathway.
In 2001, nearly 69 per cent of individuals in the Work, with or without Study pathway had a low level of education, compared to about 39 per cent of individuals in the Work and Study to Work pathway. By 2010, the percentage of individuals in these pathways with a low level of education was negligible — about 1 per cent in the Work, with or without Study pathway, and 2 per cent in the Work and Study to Work pathway. Relative to other youths, high percentages of youths in these pathways had high levels of education in 2010 — about 58 per cent in the Work, with or without Study pathway, and 51 per cent in the Work and Study to Work pathway.
[bookmark: OLE_LINK10]Figure A.4	A comparison of the Work and Study to Work and the Work, with or without Study pathways for youthsa
		Work and Study to Work		            Work, with or without Study
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a For larger versions of the sequence index plots, see chapter 3 for the Work and Study to Work pathway and appendix C for the Work, with or without Study pathway.
Data source: Authors’ estimates based on HILDA waves 1–10.
[bookmark: OLE_LINK4]A.3	Some caveats
Several caveats relate to the wave 1 data and the way in which the database is constructed for this analysis. The caveats relate to various potential sources of bias, which are discussed in this section.[footnoteRef:7]  [7:  	This appendix presents the potential sources of bias in the HILDA dataset that are most relevant to the analysis in the paper. See Watson and Wooden (2004) for a discussion of other potential sources of bias in the data, such as longitudinal inconsistencies in marital status, and transcription and data entry errors. ] 

The sample may not be representative of the population because of unequal probabilities of selection across individuals, resulting in sample selection bias.
Longitudinal surveys are often subject to attrition bias, which occurs if the people who drop out of the sample after the first wave are a non‑random selection of individuals from across the population. 
Recall bias is especially of concern for the calendar data in HILDA, since they are collected annually for a period exceeding a year. 
Two other potential sources of bias relate to: having a finite observation period and using time of survey data to make inferences about activities outside of the survey month.
Sample selection bias
The reference population at the start of the HILDA survey in 2001, which was intended to be representative of the population, was primarily all Australians who were living in private dwellings. The survey did not (and does not) include, for example, individuals in hospitals or prisons as these are non‑private dwellings. Individuals who live in remote areas were (and are) also not represented in the survey. See Wooden and Watson (2001) for further information about the reference population for HILDA.
Children aged 14 or younger are included in the sample (enumerated), but are only interviewed (that is, become respondents) once they turn 15 years of age. Data used in this paper do not include individuals who turned 15 after 30 June 2001. 
Despite a low response rate in wave 1 — 39 per cent of individuals did not respond to the first survey[footnoteRef:8] — Watson and Wooden (2012, p. 374) argue that the first wave of weighted data matched the ‘broader population quite well’. Exceptions included Sydney residents and immigrants with a non‑English speaking background (Wooden, Freidin and Watson 2002).  [8:  	Those individuals are not included in the wave 1 sample of 19 914 (enumerated) individuals.] 

Attrition bias
According to Watson and Wooden (2012) the loss of sample members because of death or moving overseas (termed ‘natural attrition’) is not likely to cause the HILDA dataset to be unrepresentative of the Australian population. The authors state that other reasons for dropping out of the survey are more likely to contribute to attrition bias.[footnoteRef:9]  [9:  	See Watson and Wooden (2004; 2006; 2012) for further information about attrition and the HILDA dataset. ] 

Of the 13 969 people who were interviewed in the first wave, 7460 were also interviewed in waves 2 to 10, inclusive. Excluding the individuals lost through natural attrition, 87 per cent of those people interviewed in the first wave were re‑interviewed in wave 2. The annual re‑interview rate (which excludes natural attrition) rose to about 96 per cent by wave 10 (Watson and Wooden 2012). 
The highest rate of attrition was from wave 1 to wave 2. After excluding ‘natural attrition’ resulting from death or moving overseas, the adjusted attrition rate was 13.2 per cent. This is comparable to the BHPS with an attrition rate of 12.4 per cent (Watson and Wooden 2004). 
Watson and Wooden (2004) compared characteristics of the individuals who dropped out of the sample (for reasons other than death or relocation overseas) to those who remained in the sample. Compared to individuals who participated in the first and second waves, individuals who dropped out of the survey before the second wave because they could not be contacted (often because they had changed address), or because they refused to participate further, were more likely to:
live in Sydney
be 15–24 years of age 
be single or in a de facto relationship
be an Aboriginal or Torres Strait Islander, or born in a non‑English speaking country
be living in a flat, unit or apartment
have a low level of education
be unemployed.
Individuals with these characteristics will be under‑represented in the sub‑sample used in this paper, and the results presented may not reflect accurately the education and labour market activities of the underlying population. Henstridge observes that:
It is likely that factors that lead to attrition — family disruption, employment changes and relocations — are variables of significant interest in the survey creating a situation where persons of greatest interest may well be the most difficult to collect longitudinal data for. (2001, p. 13)
The under‑representation of unemployed people deserves further discussion. Although a relatively small proportion of the individuals in wave 1 were unemployed (about 4 per cent of the sample after excluding those who died or moved overseas between waves 1 and 2), nearly 19 per cent of these individuals dropped out of the sample before wave 2. This is high relative to those employed (full‑time or part‑time) or NILF, who have attrition rates for wave 2 at roughly 13 per cent (Watson and Wooden 2004). 
The same authors modelled attrition based on pooled data from the first four waves. They found that individuals who had moved house were less likely to be contacted for the next survey. Homeowners were more likely than renters to be contacted, as were those who lived in a house rather than a flat or unit (Watson and Wooden 2006). Conditional on making contact, they found that the young and the elderly were less likely to respond to the survey, and that individuals with a Diploma or higher level of education were more likely to respond than someone whose highest level of education attained was Year 11 or below. Individuals who work full‑time were easier to contact, but less likely to respond compared to those who were NILF.
While finding that some characteristics were significant determinants of attrition in the HILDA survey, Watson and Wooden (2006, p. 9) also found that the overall explanatory power of their models of survey response was low, and concluded that, ‘this is a desired outcome and presumably reflects the large random component in survey non‑response’. 
Use of weights to correct for attrition and sample selection bias
Weights are included in the HILDA time of survey data to account for unequal probabilities of selection in the initial sample and unequal probabilities of remaining in the sample. In other words, they are intended to counter the possible influence of sample selection bias and of attrition bias on statistical estimates based on the data. They are designed to re‑align the sample at each wave to meet known population benchmarks, for example by age and gender subgroups. However, if there are unobserved characteristics that are linked to attrition, the weights will not account fully for the effects of attrition on the results of any data analysis (Watson and Wooden 2004).[footnoteRef:10]  [10: 	For more detailed information about the weights in HILDA see Watson and Wooden (2012).] 

The results presented in this paper are unweighted because the techniques used do not permit the use of weights. Although weights could be applied to the results, they would not account for the fact that the majority of the nearly 14 000 individuals who responded to the first survey are excluded from the analysis.[footnoteRef:11]  [11: 	In the wave 1 sample of 19 914 individuals, 13 969 were interviewed (that is, they were respondents). Of the remaining individuals who were enumerated but did not respond, the vast majority (about 4700) were younger than 15 on 30 June 2001, and were therefore too young to be interviewed.] 

To select the sub-sample for analysis in this paper, individuals aged 65 and older in 2001 are excluded, accounting for about 2000 observations. About 5400 individuals who drop out of the HILDA sample after wave 1 are also removed. As a result of the way the HILDA calendar was designed, there are no gaps in the calendar data for the 6566 individuals who are left.[footnoteRef:12] [12: 	Instead of having missing data for month thirds where individuals were uncertain of their activity at a point in time, the respondent and interviewer used ‘their “best guess” of what happened’ (Watson 2009, p. 8).] 

Dropping almost 5400 observations at the second step introduces a source of bias that is not accounted for in the weights supplied with the HILDA data. 
Summerfield et al. (2011) report analysis of the 7460 individuals (aged 15 and older) who were re‑interviewed in every wave up to and including wave 10. They indicate that 70 per cent of Indigenous people and 69 per cent of non‑Indigenous people who were interviewed in wave 1 were interviewed in wave 10. However, only 45 per cent of Indigenous people were also interviewed in every intervening wave, which is low compared to 60 per cent of non‑Indigenous people (Summerfield et al. 2011). 
Applying person weights from the first wave for responding persons to the sub‑sample used in the analysis gives an indication of whether it is representative of the population at the time of the first survey. The person weights are designed to sum to the sample size. Individuals with characteristics that are under‑represented in the population are assigned a weight above 1; individuals with characteristics that are over‑represented in the population are given a weight below 1. Therefore, if the sum of the weights is equal to 6566, it can be concluded that dropping individuals because they are non‑responding or out of scope in one or more of the waves, or are over 64 years of age, will not bias the results of this analysis. 
The sum of the weights is equal to 6250, roughly 300 (about 4.5 per cent) less than the sub‑sample size.[footnoteRef:13] This implies that the sub‑sample includes more individuals who are over‑represented, and fewer individuals who are under‑represented, relative to the HILDA wave 1 sample. A comparison of the weighted and unweighted sample by age segment indicates that the under‑represented are more likely to be in the youth and senior age groups than the young and mature adult age groups (not shown). [13: 	Twenty‑four individuals are lost as a result of weighting because they have a weight of zero. This is because the benchmarks used in the weighting process were changed after wave 1 to be consistent with a change in the ABS definition of very remote areas (Watson 2012). ] 

Benchmarking
In order to examine the effects of sample selection and attrition on the sub‑sample used for the analysis more closely, key characteristics of the sub‑sample are compared to those of the (broader) HILDA sample and to ABS data (table A.1). The HILDA statistics are based on wave 1 data, and the ABS data are matched as closely as possible to the time of the 2001 HILDA survey. Two sources of ABS data are used for this purpose. The age distributions are benchmarked against ABS historical population statistics and the labour force statistics against ABS Labour Force Survey (LFS) data. 
[bookmark: OLE_LINK9]Table A.1	A comparison of sub‑sample with the full HILDA sample and ABS data, 2001
Age distribution and labour force characteristics, unweighteda
	
	HILDA sub‑sample 15–64 years
	HILDA 
broader sample
15–64 years
	ABS

	
	
	
	
	Reference period (population)

	Age distribution:b
	
	
	
	

	Youths (15–24 years)
	13.4
	18.9
	20.4
	             30 June 2001
             (15–64 years)  

	Young adults (25–39 years)
	34.9
	34.7
	33.6
	

	Mature adults (40–54 years)
	35.9
	32.5
	31.9
	

	Seniors (55–64 years)
	15.9
	14.0
	14.1
	

	Labour force characteristics:
	
	
	
	

	Employment to population ratio
	0.716
	0.699
	0.692
	             Oct 2001
             (15–64 years)


	Participation rate (%)
	75.7
	75.0
	74.3
	

	Unemployment rate (%)
	5.4
	6.8
	6.8
	

	Mean duration of unemployment (weeks)
	35.8
	31.4
	48.6
	Oct 2001 (15+ years)

	Distribution of job duration:c
	
	
	
	

	Less than 1 year
	18.3
	20.9
	22.9
	            Year ending 
            Feb 2002
            (15–69 years)


	1 to under 5 years
	34.5
	35.8
	36.2
	

	5 to under 10 years
	19.0
	17.6
	17.0
	

	10 years or longer
	28.3
	25.7
	24.0
	


a Percentages may not add to 100 due to rounding errors.  b Percentage of the working-age population
(15–64 years) in each age segment.  c Percentage of employed individuals in each job duration category.
Sources: ABS 2001 (Labour Force, Cat. no. 6203); ABS 2002 (Labour Mobility, Cat. no. 6209.0); 
ABS 2008 (Australian Historical Population Statistics, Cat. no. 3105.0); Authors’ estimates based on HILDA waves 1–10; Watson and Wooden (2002).
In terms of the age distributions, the weighted HILDA sample (not shown) is very similar to the ABS data. However, the age distribution of the sub‑sample, whether it is weighted (not shown) or unweighted, is different to the ABS data. The key difference is that there is a smaller proportion of youths (7 percentage points less) in the unweighted sub‑sample compared to the ABS data. Weighting the sub‑sample data brings it only part way towards this benchmark.
Relative to the ABS data, the sub‑sample indicates:
lower unemployment and slightly higher participation rates
slightly larger employment to population ratio
shorter average unemployment duration
higher percentages of the working-age population who have been in their current job for five years or more relative to individuals with shorter tenure. 
The employment to population ratios and the unemployment rates based on the (unweighted) HILDA sample are very close to the ABS statistics. The difference between the sub‑sample and the ABS statistics may therefore be attributable to the exclusion of youths who are lost from HILDA after wave 1. 
Other aspects of the HILDA sample do not reflect the ABS statistics as closely. The selection of individuals in the original HILDA sample has some flow‑on effects for the sub‑sample. The average duration of unemployment is shorter in HILDA and the sub‑sample than the ABS statistics indicate. This divergence may be a result of the selection of the HILDA sample, leading to fewer people with longer unemployment durations in the samples.[footnoteRef:14] Among the employed, tenure in current job appears longer in the HILDA sample and sub‑sample than the ABS data — there is a higher proportion of individuals who have spent five years or longer in their current job. This is likely due to sample selection in HILDA, and weighting the figures (not shown) does not bring the sub‑sample result much closer to the ABS statistics. [14: 	Comparing unweighted HILDA sample statistics with ABS statistics for the same age group (15 years and older) shows even larger gaps in average unemployment duration (not shown). ] 

Watson and Wooden (2002, p. 24) also found average unemployment duration in the wave 1 HILDA sample to be below the ABS benchmark, but found other estimates (including job tenure) generally did meet their respective benchmarks: 
For the most part … the HILDA Survey data are generating estimates in line with ABS sources … estimates of key labour market indicators, such as the 
employment–population ratio and the unemployment rate, derived from the HILDA Survey data are quite close to ABS estimates from October 2001. Perhaps the most noticeable difference concerns unemployment duration … 
With regard to the HILDA sub‑sample used in this analysis, some of the statistics are fairly close to the ABS benchmarks, but there are others that are not close. As with the full HILDA wave 1 sample, the biggest difference between the two sets of statistics is for unemployment duration. Spells of unemployment should be longer than they appear to be in the HILDA sub‑sample data. 
The result of the benchmarking exercise indicates that sample selection and attrition may bias the results of this analysis. 
The benchmarking also confirms that the weights would not re-align the sub‑sample to the initial HILDA sample. (In the case of average unemployment duration, the weighted average is actually further away from the ABS average than the unweighted average is.) Not weighting the results is consistent with the approach taken by many studies in this area including Yu et al. (2012, p. 14), who argue that using unweighted data where there is potential for biased results is only an issue ‘if we seek to generalise our analysis to those of a representative population’. 
Recall bias
As explained in section A.1, when individuals are surveyed, they are asked to recall their labour market status and enrolment in education during the previous 
14–18 months. The further back someone is asked to recall, the less accurate their memory may be. 
Studies have considered the evidence of inaccurate recall on calendar data (box A.1).

	[bookmark: OLE_LINK1]Box A.1	Evidence of recall bias in longitudinal surveys

	Quintini and Manfredi (2009) analysed calendar and survey data from different sources and found vastly different measures of the average time taken by Spanish youths to find a job after leaving education. The calendar data indicated that, on average, Spanish youths take two years to find their first job after finishing education, whereas the survey data indicated that it takes six months. 
The authors suggested that youths may be able to estimate how long the transition to the labour market took them for a survey, but find it difficult to give detailed information concerning the timing of each part‑time or casual job they had prior to finishing their education and beginning their career for a calendar. 
Another potential explanation is that they do not view this information as important as these jobs may be irrelevant to their career path. Alternatively, they are not motivated to remember or to provide this information. 
In a study of transitions based on the British Household Panel Survey, Malo and Muñoz‑Bullón (2003) indicated that recall bias would affect the accuracy of their results in theory, but also argued that previous research on this panel indicated that recall errors were usually random, with the exception of short-duration events, such as unemployment.
Watson (2009) includes a more extensive review of the types of recall errors that may lead to unreliable (biased) results, the reasons why they occur and factors that have been found to be linked to recall errors. 

	

	


Recall errors in the HILDA calendar data
Overlaps in HILDA’s calendar allow identification and analysis of differences in what individuals recall. An individual’s activity spells are assumed to be recalled perfectly if they can be matched in the overlapping periods exactly. In the first six overlapping periods in the HILDA calendar, exact matches were found for:
83 per cent of job spells 
85 per cent of NILF spells
24 per cent of unemployment spells
66 per cent of full‑time education spells and 40 per cent of part‑time education spells (Watson 2009). 
Spells that were not perfectly matched could either be: forgotten (not recorded in the later wave), remembered (not recorded in the earlier wave), or mistimed (beginnings and/or endings did not match in the overlaps). Most commonly, inconsistencies arose because an individual reported a spell in the first calendar, but ‘forgot’ in the second calendar. This implies that individuals are less likely to remember an activity spell as the time since that spell increases.
As mentioned earlier, the HILDA calendar was designed to avoid any gaps in the data. If respondents were uncertain of their activity at a point in time, they made a calculated guess with the help of their interviewer. This design feature may have contributed to inconsistencies in overlapping calendar data (Watson 2009). 
Removing overlaps in the HILDA calendar data
The approach taken to remove overlapping calendar data by using data from 1 July in each wave uses data that is recalled back to the furthest point in time from the time of interview (see figure A.2). As discussed in Watson (2009), there are other methods to remove overlaps in the calendar data that would result in using data that are closer to the time of interview, and therefore less affected by recall errors. However, these approaches are considerably more difficult to implement as they depend on interview dates, and these dates differ across individuals as well as survey years. 
The dataset used in this paper may therefore underestimate the number of spells (and overestimate spell duration) at the start of each financial year in particular. Spells of unemployment and part‑time education are more likely to be biased as a result of recall errors during these months. For example, if an individual forgot to record a spell of unemployment that occurred more than a year earlier (during the overlap period), the number of spells in the corresponding sequence is underestimated and the length of an adjoining spell is overestimated.
Factors linked to recall errors in the HILDA calendar data
The probability of making different types of recall errors was found to be linked to spell length, the complexity of patterns of activities and to the characteristics of the individual (box A.2). 
As these factors vary by pathway, these findings could have implications for the results of this study. First, pathways characterised by a complex sequence of labour market activities with spells of shorter duration are more likely to be affected by recall errors than pathways that are more stable. This implies that some of the less complicated pathways (for example the Prolonged NILF pathways for adults, and the NILF, Early Work to NILF and Later Work to NILF pathways for seniors), are less likely to be affected by recall errors than other pathways.
Adult and senior pathways that include spells of education are more likely to be affected by recall errors than youth pathways because education is a less common activity for the older age groups. 
Pathways with a higher proportion of individuals with a high level of education (diploma or above) are less likely to be affected by errors recalling spells of full‑time education than pathways with a higher proportion of individuals with relatively less education (Year 11 or below). 
For youths and young adults, Prolonged NILF pathways are followed by individuals who have relatively lower levels of education compared to other pathways for their respective age segments. These pathways are therefore more likely to be affected by errors recalling spells of education. The Churning with Work pathway for youths also includes a small percentage of individuals with high levels of education in 2010 relative to the other three youth pathways. For young adults, this also applies to the NILF to Work pathway. 
For mature adults, the Prolonged NILF and Work to NILF pathways are more likely to have errors in education spells, and for seniors the NILF and Early Work to NILF pathways are less likely to reflect full‑time education spells accurately. 

	[bookmark: OLE_LINK7]Box A.2	Overlaps and recall errors in HILDA calendar data

	Watson (2009) studied patterns of recall errors — forgetting, remembering and mistiming of activity spells — in the overlapping sections of the HILDA calendar. In that study, the most important determinant of recall errors in labour force status was whether the individual was in the same activity at the time of the interview and the time being recalled. For example, individuals who were employed at the time of the interview had a mean predicted probability of forgetting a job spell of nearly 8 per cent, whereas individuals who were unemployed or NILF at the time of interview had a higher mean predicted probability of forgetting a job spell (about 30 per cent).
In general, recall errors for spells of employment, unemployment and NILF, were more likely the shorter the spell duration and the more complex the pattern of activity. However, unemployment and NILF spells were less likely to be forgotten when activity patterns were more complicated.
Errors in recalling shorter education spells were more likely than for spells of longer duration. However, recalling more complex patterns of activities was linked to a lower probability of forgetting or remembering a spell of education, but a higher probability of mistiming a spell of education.
Individuals with higher levels of education were less likely to forget or remember spells of education.
Individuals were more likely to make errors in reporting spells of any activity that were less common among people of their age group. For example, people aged 55 or over — who tend to be retired — reported spells of NILF more accurately than they reported spells of unemployment or employment. Similarly, people aged 15–24 years — for whom study is common — were less likely than older people to make mistakes recalling spells of (full‑time) education. 
Individuals tended to make consistent errors in forgetting or remembering spells across the waves.
It is important to consider that Watson’s study considered recall errors within the overlaps. Recall errors are less likely in the non‑overlapping months between surveys because there is less time between the survey and the period being recalled. 

	Source: Watson (2009).

	

	


Other potential sources of bias 
The dataset used in this study includes ten years of data. It is not possible to see how long an individual has been in an activity prior to the start of the period, and likewise, it is not possible to know how long an individual will remain in an activity beyond the observation period. The data are, therefore, left and right censored, and this will tend to shorten the average duration of the activities affected, as the duration measures are not adjusted for censoring.
Another potential source of bias in the results of this analysis is the use of time of survey data to impute possible reasons why individuals are in particular activities between surveys. This may not be reasonable for individuals who have had changes in activities between surveys. However, it is unlikely that many of the characteristics of interest (the number of children, for example), are likely to be significantly out of step between two waves. 
Similarly, it would be unreliable to impute annual income based on income reported at the time of the survey for someone who frequently cycles in and out of employment. On the other hand, for individuals who are in steady employment, it could be reasonable to impute income data in this way. 
What are the possible impacts of bias?
The above discussion has revealed that there are some sources of bias that are likely to affect the results of this analysis. Table A.2 summarises these impacts where they differ by pathway within an age segment. It therefore does not show the impact of having a sub‑sample with relatively too few youths and seniors compared to the HILDA sample in wave 1. In addition, it does not attempt to capture the impacts of imputing data based on TOS data, or the effect of censoring. TOS data do not affect the pathways observed, but do affect the explanations of the patterns of activities in the different pathways.
Censoring does not affect the size of the pathways, or the appearance of the pathways for the ten years considered. It affects the descriptive analysis of the pathways by censoring spells at the start and the end of the observation period. For pathways that are characterised by spells of short duration, this does not have a significant impact on average spell lengths. However, it is something to bear in mind when considering longer spells at the start or the end of the ten-year period, and especially those that span the whole ten years. This will mainly affect individuals in the Work pathways, and the Prolonged NILF and NILF pathways.
[bookmark: OLE_LINK11]Table A.2	Summary of potential impacts of bias on pathway characteristics
By pathway
	
	Source of bias

	Pathway
	Data aggregation rulesa
	Sample selectionb
	Attritionc
	Recalld

	Education to Work (Youths)
	+Unemp/NILF & -study
	
	
	

	Work and Study to Work (Youths)
	
+Unemp/NILF & -study
	
	

	

	Churning with Work (Youths)
	
	
	
	 more spells

	Work, with or without Study
Youths
	
+Unemp/NILF & -study
	
	
	

	Young adults
	+Unemp/NILF & -study
	
	
	

	Work
Young adults
	
+Unemp/NILF & -employed
	
	
	 more spells

	Mature adults
	+Unemp/NILF & -employed
	
	
	 more spells

	Seniors
	+Unemp/NILF & -employed
	
	
	

	Prolonged NILF
Youths
	
+Unemp & -NILF
	

	

	
 study errors

	Young adults
	+Unemp & -NILF
	
	
	 study errors

	Mature adults
	+Unemp & -NILF
	
	
	 study errors

	NILF (Seniors)
	+Unemp & -NILF
	
	
	 study errors

	NILF to Work
	
	
	
	

	Young adults
	+Unemp & -NILF
	
	
	 more spells
 study errors

	Mature adults
	+Unemp & -NILF
	
	
	 more spells

	Work to NILF (Mature adults)
	+Unemp & -employed
	
	
	 study errors

	Early Work to NILF (Seniors)
	+Unemp & -NILF
	
	
	 study errors

	Later Work to NILF (Seniors)
	+Unemp & -employed
	
	
	


a +/- indicates there should be more/less of this activity in the pathway.  b A tick in this column indicates that the pathway should be bigger because it includes individuals with activity patterns that are assumed to be representative of people who are under‑represented in the initial HILDA sample (people with long periods of unemployment), and people who are out of scope of the survey because they live in a non‑private dwelling. It was not possible to determine the potential impact of selection bias due to non‑coverage of remote areas.
c A tick in this column indicates that the pathway should be bigger because it includes individuals who are more likely to leave the survey after the first wave.  d A tick in this column indicates that the patterns of activities in the pathway are likely to have been biased by recall errors. People with low education are more likely to make errors recalling education spells. People with more complicated activity patterns are more likely to forget short spells so that their activities should contain more spells of shorter duration. For the relevant work pathways (including Churning with Work), this does not relate to the sub‑group of individuals in work throughout the ten years. 
Source: Authors’ estimates based on HILDA waves 1–10.
Data aggregation rules 
The rules applied to aggregate the month third to monthly data have some impacts on the results of this analysis. Short spells of less than a month in unemployment or NILF will not appear in the monthly data if some time in the month is spent in employment. This suggests that the pathways characterised by long spells of employment — the Work, Work to NILF and Later Work to NILF pathways — would not show some short spells of unemployment or NILF, and the average duration of employment spells should be shorter.
Likewise, pathways characterised by significant time spent in study (with or without work) might overestimate the time spent in study, and underestimate the number of short spells of unemployment or NILF. This relates to the Education to Work, Work and Study to Work, and the Work, with or without Study pathways. 
The Education to Work pathway for youths may reflect some short spells of work and study that do not represent concurrent work and study. For example, where an individual transitions from study only to work only within a month, this will be categorised as work and study. It is unlikely that this will impact significantly on spell length for education or work. 
A consequence of unemployment dominating NILF is that the pathways characterised by long spells of NILF — mainly the Prolonged NILF and NILF pathways, but also the NILF to Work, Work to NILF and Early Work to NILF and Later Work to NILF pathways — reflect fewer short spells of unemployment, and longer spells of NILF than they would with the original month‑third data. 
Sample selection bias
As discussed above, sample selection bias may have some impact on the results presented in this paper. It is difficult to ascertain how the exclusion of individuals who live in non‑private dwellings may impact the results of this analysis. Possibly, individuals living in non‑private dwellings are doing so because they are in ill‑health, have a disability or are in prison. If it is valid to assume that individuals live in non‑private dwellings for these reasons, activity patterns are likely to involve long periods of NILF, at least in the early 2000s. This would suggest that these patterns should be more prevalent than they appear to be in the results presented in this paper. 
The benchmarking exercise indicated that the HILDA wave 1 sample may not include enough individuals who have long periods of unemployment. This may have resulted in pathways with more unemployment appearing less prevalent than they should. Analysis of the HILDA sub‑sample indicates that the pathways with more periods in unemployment are also those with long periods of NILF. 
Attrition
In general, it appears that individuals who follow pathways that are characterised by a significant amount of time spent NILF or studying are more likely to drop out of the sample relative to pathways that involve a significant proportion of time working. This implies that these non‑work pathways would otherwise be more prevalent than they appear to be. 
Recall errors
Recall errors may have different impacts on the results, possibly changing the appearance of some of the plots. The plots that are dominated by NILF are not likely to reflect education spells accurately. Whether the differences are significant enough to cause bias in aggregate is difficult to determine as there may be some balancing out of dropped (forgotten) or added (remembered) spells, and of shortened or lengthened spells, for the pathway as a whole. 
While table A.2 indicates that the results for all pathways are potentially affected by bias, the main concern would be that the non‑work pathways are smaller than they should be. Other impacts are likely to be smaller, and some may cancel each other out in aggregate. 
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I now want you to think about the employment, job search and education related activities you have
undertaken since 1 July 2000.

NOTE: THERE NEEDS TO BE A MARK AGAINST EVERY TIME PERIOD IN THE CALENDAR PRIOR TO

THE DATE OF THE INTERVIEW.

Interviewer Notes
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For each of the activiies lsted, put a cross in the part of the month that the activity began and finished, and then connect the
crosses with a straight line. For activities that began before July 2000, put a cross in the very first box (July 2000). If an
activiy is going to continue after the interview date put a cross in last box prior fo the interview date

Only secord data for the period up to, but not including, the month in which the interview fakes place.

The months across the top are divided info three sections; (1) early in the month; (2) middle of the month; and (3) late in the
‘month.

‘Number each job, and for each job, circle the appropriate code to indicate whether it was full-time (FT) (ie 35+ hrs/week) or
part-time (PT) (ie <35 hrs/week). When entering any job check for any changes in hours during the period, and if they did
switch from FT to PT or visa-versa, have two lines for that job number — one covering FT, the other PT.

Holidays should not be treated as breaks in their usual activity (that is, work and study).
Job spells can be overlapping. Similarly, enrolled in school / education can overlap with all ofher activities.
Educational course or study refers to school or courses that lead to a qualification.

If a respondent is an apprentice and is unsure if they are studying as well as working, code as both,
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