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Abstract 

Using longitudinal data from the Canadian National Longitudinal Survey of 

Children and Youth (NLSCY), I focus on the work experiences of mothers during 

their children’s early years.  The mothers may be partnered or unpartnered across 

these years.  I examine how the parental experience of working and not working 

affects the receptive vocabulary and inattentive-hyperactive behaviour—both 

important components of emergent literacy—of children at age 4 to 5 years.  The 

data are from the Early Childhood Development (ECD) sample of cycles two to eight 

(1994-2009) of the NLSCY together with added data from the Canadian censuses of 

1996 to 2006.   

I used multiple regression to model the relationship between the employment 

and unemployment experiences of mothers and partners and the receptive 

vocabulary of their children at age 4 to 5 years.  Logistic regression models are the 

tool I used to study the relationships between the experience of extended periods of 

limited or no work for mothers and families and increases in the likelihood of poor 

outcomes for their child on scales for either receptive vocabulary or inattention-

hyperactivity.  These relationships are considered independent of other measures of 

the household and neighbourhood. 

The results show that although maternal employment is an important source 

of resources, it is the employment status of the whole family that is of overriding 

importance in the expected level of receptive vocabulary of their pre-school 

children.  Thus at a given level of resources, children do equally as well in 
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households where both the mother and father are working as in traditional 

households where only the father is employed.  I observed the lowest expected 

receptive vocabulary scores for children in households where there is little or no 

employment.  However, other parent behaviour is important; for example, reading 

daily to the child has a larger effect than household socioeconomic status.   

In both unemployed sole mother and unemployed couples, the household has 

no one working or only working intermittently and this increases the likelihood of a 

poor score on the receptive language scale and a high score on the inattention-

hyperactivity scale.  I conclude by considering the implications of this research for 

government policy in Canada.   
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Chapter 1: Introduction 

Introduction 

In this research I focus on the work experience of Canadian mothers during 

their children’s early years.  I examine how the parental experience of working and 

not working affects the cognitive and behavioural outcomes of children at age 4 to 5 

years.  I consider both partnered and un-partnered mothers.  I also explore how the 

home and neighbourhood of the child modifies these outcomes. 

An important change for families over the last 25 years has been the 

increasing participation of women in the labour market in Canada.  The proportion 

of women over 15 years of age who are working increased by 11 percent to 58 

percent while the proportion of men working fell 8 percent to 65 percent between 

1984 and 2009 (Ferrao, 2010).  Some of the largest changes in the labour market 

have involved women with dependent children.  Although a woman’s participation 

has traditionally been reduced by the age and number of her dependent children, 

the size of this effect has been decreasing as participation rates for different groups 

of women have converged.  While women whose youngest child is between 6 and 15 

years old participate at a greater rate than those with younger children, up to 2009 

the largest increase in participation occurred for women whose youngest child is 

three years and under. 

These labour market changes have altered the resources from employment 

that flow to families.  For young children, the assets of the family in which they grow 

up affect the outcomes of those children.  These assets consist of: income from 
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employment and other sources; skills and knowledge of family members; family size 

and age of its members; and socioemotional characteristics such as parental 

personality and mental health.  Families do not exist in a vacuum; the family’s 

neighbourhood, as well as the wider society, influences the outcomes of the pre-

school child.   

Families have experienced change in many ways.  One of the driving forces for 

their increasing employment has been the growth in the level of education achieved 

by women.  For example, for the proportion of women aged 25 to 34 years with 

some post-secondary education increased from 53 percent in 1990 to 78 percent in 

2009.  This has increased both the likelihood of women being employed and the 

occupational status of their jobs.  Post-secondary graduates have higher rates of 

employment than those with only high school education.  In 2009, 75 percent of 

post-secondary graduates were employed compared with 56 percent of high school 

graduates.  This increase in qualifications is reflected in the jobs held.  In 1987, 24 

percent of women worked in professional jobs.  By 2009 that had increased to 35 

percent (Ferrao, 2010). 

There has also been an increase in the diversity of the structure of families.  

The proportion of households that contain a traditional family consisting of a father 

employed, a mother not working, and dependent children has been in decline, with a 

commensurate increase in the number of dual-income families and female-headed 

one parent families.  Sole mothers with a child under three years of age have an 

employment rate 20 percent below that of other mothers.  Common-law as opposed 
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to married couples have also been growing: between 2001 and 2006 the number of 

common-law couples increased by 19 percent (Statistics Canada, 2011).  Common-

law couples are more likely to separate than are married couples (Menard, 2011), 

contributing to higher rates of sole parent families. 

Within the labour market, several factors operate to alter the resources that 

families obtain from it.  The number of family members participating can make a 

difference.  All other things being equal it would be expected that two members 

working full-time would earn more than if only one of them was working.  They 

would also earn more than if there was no employed member.  In households where 

the partner is unemployed, the mother is also more likely to be unemployed.  This is 

related to factors such as similarity in characteristics such as educational 

background, beliefs about employment, and regional factors that affect both 

partners (Stroem, 2003).  Such families often depend on sources of unearned 

income such as government benefits; this income can be so low that it leaves the 

family in poverty.  Growing up in poverty can have deleterious effects on both short-

term and long-term child development (Shonkoff, Garner, Committee on 

Psychosocial Aspects of Child and Family Health, Committee on Early Childhood, 

Adoption, and Dependent Care, & Section on Developmental and Behavioral 

Pediatrics, 2012). 

Even amongst those working, there are factors that influence the income 

earned from employment.  One of these is the gender gap in income between men 

and women that, while diminishing, is still present for some groups.  These 
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differences are caused by a range of factors such as loss of skills while away from 

the labour force and a greater likelihood of working part-time or part-year.  It is 

possible to introduce policy that will reduce these effects.  Improvements in the 

availability and length of maternity and parental leave in Canada has increased not 

only the proportion of women who return to employment after having a baby but 

the proportion of women who return to the same job.  These outcomes increase the 

occupational prestige and income levels of these mothers (Zhang, 2008). 

The changing role of women in the labour force coincided with increased 

interest in the outcomes of young children and recognition that experiences during 

early childhood can have long-term effects on outcomes in the education system and 

in adult life (Keating & Hertzman, 1999).  In addition to educational outcomes, there 

is general agreement that numerous other adult outcomes such as mental health 

problems, heart disease, delinquency, and obesity are affected by early childhood 

experiences (Cohen, Janicki-Deverts, Chen, & Matthews, 2010; Irwin, Siddiqi, & 

Hertzman, 2007).  The evaluation literature (see for example Heckman, 2006; Irwin 

et al., 2007) suggests that investment in early childhood provides a good return on 

investment over the life course but there is debate about what types of investment 

produce the best return and the length of the delay before any returns are realised. 

Partially in response to Canadian concerns about whether children were 

growing up with the right skills to be successful and the realisation that access to 

good quality data was essential in gaining understanding, the National Longitudinal 

Survey of Children and Youth (NLSCY) was designed as a joint undertaking between 
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the then Human Resources Development Canada (HRDC) and Statistics Canada 

(Statistics Canada, 1996).  Before the NLSCY there were few Canadian statistical 

collections that described a broad range of the characteristics of children and also 

provided the longitudinal data necessary to gain insights into these early 

experiences and developmental outcomes in children.  Willms and Gibbings (2009, 

p.4) summarised Human Resources and Social Development Canada’s (HRSDC) 

research priorities as falling into two categories: What are the typical experiences of 

children in Canada?  and What are the key determinants of child development?  In 

the latter category, the first two questions were: What are the processes though 

which parental socio-economic and other characteristics and behaviours influence 

child outcomes? and What is the role of families’ material resources in child 

development?  They also identified as a priority research that examined “how 

physical, pre-school and school environments affect children’s developmental 

outcomes” (Willms & Gibbings, 2009, p.5). 

Amongst the various developmental outcomes for children, literacy is of prime 

importance since it is required for successful participation in the education system.  

More generally, high levels of literacy are required to take part effectively in society 

(Willms, 1999).  For example, the modern Canadian labour market requires high 

levels of education, a trend that is likely to continue as more jobs are located in the 

service sector rather than in primary industry or manufacturing. 

In the field of early childhood education there is widespread agreement that 

vocabulary is important to success in literacy (Hoffman, Teale, & Paciga, 2013).  
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Poor vocabulary in preschool is associated with poor literacy skills in elementary 

school and this strongly predicts underdeveloped literacy skills throughout school.  

Vocabulary is defined as the entire repertoire of words that a child understands 

(receptive vocabulary) and can use (expressive vocabulary).  The most commonly-

used test of general vocabulary in early literacy is the Peabody Picture Vocabulary 

Test (PPVT), which is a measure of receptive vocabulary (Hoffman et al., 2013). 

Children need a range of non-cognitive skills, such as adaptability, as well as 

cognitive skills if they are to succeed in school.  Janus and Duku (2007) summarised 

longitudinal studies that show that psychosocial difficulties as well as lower 

cognitive abilities that are present at preschool are reflected in achievement at the 

grade 3 level.  Amongst non-cognitive skills, inattention, hyperactivity, and 

impulsivity have been shown to have strong links both to early literacy skills as well 

as to general school achievement (Spira & Fischel, 2005).  In preschool, children 

must learn a range of skills such as focussing their attention on activities chosen by 

the teacher, following the rules of the classroom, and behaving in an appropriate 

manner with their peers and other teachers.  Children who are inattentive, 

hyperactive, or impulsive can have difficulty achieving those behaviours. 

HRSDC had funded two major groups of studies produced from the NLSCY.  

The first, Vulnerable Children (Willms, 2002), used data from the first cycle of the 

NLSCY.  The second group of papers, titled Successful Transitions: Findings from the 

National Longitudinal Survey of Children and Youth (Willms, Tramonte, & Chin, 

2009), used data from the first six cycles of the survey and demonstrated the 
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capacity of this data to examine a wide range of research questions.  In summary, 

researchers using the NLSCY have reinforced the position that experiences in early 

childhood have a substantial effect on outcomes in later childhood as well as 

adolescence and early adulthood.  They have shown that although the relationship 

between the child and different parts of the child’s world is complex, findings from 

the NLSCY are a useful basis for policy work with the aim of improving the outcomes 

of children.  With this dissertation I build on research presented in both Vulnerable 

Children and Successful Transitions. 

Purpose of the Study 

Using longitudinal data from the NLSCY, supplemented by data from the 

Canadian census, I focus on the work experiences of mothers, both partnered and 

unpartnered, as their children grow from birth to pre-school age.  I examine how the 

parental experience of working and not working affects cognitive and behavioural 

outcomes of children at age 4 to 5 years.  I consider these relationships within the 

context of the home and neighbourhood.  There are three main components. 

1. I study the relationship between the distribution of receptive vocabulary 

scores and the labour force experience of families with young children 

ranging from full employment for dual income families to sole mother families 

with little or no earned income.  

2. I also look at the experience of households with adults who are not working or 

who are minimally employed to determine whether the experience of 
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unemployment is associated with an increased likelihood of poor language 

development or the presence of inattention-hyperactivity in the child. 

3. Utilising the series of Early Childhood Development (ECD) samples, I examine 

the equations estimated in the above models using the data for the ten-year 

period from 2000-2001 to 2008-2009 for the presence of a baseline trend. 

My analysis also contributes to the body of knowledge concerning the 

suitability of measures of socioeconomic status in Canadian research.  I report on 

the suitability of using the Canadian Boyd-NP occupational scores (Boyd, 2008) in 

measures of socioeconomic status (SES) at the household level for longitudinal data.  

Second, I provide evidence of the effect on estimated models of using the 

confidential Canadian Census files in the Research Data Centres (RDCs) as measures 

of SES at the neighbourhood level. 

Research Questions 

In this research I focus upon questions in three broad categories: 

1. Relationship of a child’s PPVT score to household and neighbourhood factors: 

1.1  How does the employment and unemployment of the mother affect the 

receptive vocabulary score of the child at 4 to 5 years? 

1.2  To what extent do other factors within the household such as SES, parenting 

style and maternal depression influence this vocabulary score? 

1.3  Does the neighbourhood SES have an effect on the vocabulary score, 

independent of the characteristics of the household?  
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2. Effect of extended periods of parental unemployment on the likelihood of poor 

child outcomes: 

2.1  What is the effect of extended unemployment of the mother during her 

child’s early years from birth to age 5 on the likelihood of the child having 

poor outcomes on two dichotomous dependent variables—(i) receptive 

vocabulary and (ii) inattention-hyperactivity—at 4 to 5 years? 

2.2  To what extent do other factors within the household such as SES, parenting 

style and maternal depression influence these same outcomes—(i) 

receptive vocabulary and (ii) inattention-hyperactivity—at 4 to 5 years? 

2.3  Does the neighbourhood SES have an effect on these poor outcomes, 

independent of the characteristics of the household? 

3. Are the relationships between child outcomes and household and 

neighbourhood factors stable across time in the five cohorts of the research 

sample? 

Structure of the Dissertation 

Chapter 2 is a review of the literature that draws on material from across the 

social sciences.  I first discuss of aspects of the Canadian labour market that affect 

the participation of mothers and partners.  Then I review theories of child 

development and the particular effect of experiences in early childhood.  At the end 

of the chapter I examine the importance of emergent literacy, how it might be 

measured, and its relationship with later success in school.   
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In Chapter 3 I describe the methodology of the research, including the samples 

I drew from the NLSCY and the Canadian Census, the methodological issues that 

arise from the use of data that has been collected using a survey that has a 

longitudinal design with a complex sample, and details of the variables I used in the 

analysis.  The chapter finishes with a description of the models I estimated from the 

data. 

Chapter 4 is a short chapter in which I provide descriptive information on the 

composition of the household and a detailed descriptive analysis of the 

characteristics of the working and non-working households in the sample.  I use this 

information in interpreting the results of the estimated models in Chapter 5.  For the 

reader who is not interested in this level of detail, this chapter may be safely 

skipped. 

In Chapter 5 I present the results from the estimation of the models.  First, I 

present the linear regression models where the dependent variable is the PPVT-R 

score of the child at 4 to 5 years.  Then I show logistic regression models where the 

dependent variable is a poor score on the PPVT-R scale, followed by logistic 

regression models of a high score on the inattention-hyperactivity scale.  In the final 

section I consider the presence of a trend over time in the estimated models. 

In Chapter 6 I use the results of the estimated models to answer the research 

questions that I stated above.  Taking into account previous research, I discuss these 

answers and note how my findings contribute to the literature.  Finally, I set out 

policy implications of the research and describe future research. 
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Chapter 2: Literature Review 

Introduction 

Canadian mothers and their young children live in a wide range of 

environments and have differing experiences during the children’s first five years of 

life.  Yet as these children enter formal schooling after the pre-school years, they all 

need a particular set of skills if they are to be successful in the school system.  Of 

prime importance are early literacy skills, which will influence the level of literacy 

achieved by the children.  When a mother is employed during this period, the 

resources provided by her employment can facilitate the acquisition of such skills by 

the child.  However, not all experiences in the labour market are positive ones for 

the mother and consequently for the child. 

In this chapter I present the literature that has influenced my research.  I 

drew on research from across the social sciences to investigate how a mother’s 

experiences of both working and not working are combined or interact with other 

resources from the home and the neighbourhood to help or hinder the acquisition of 

key early literacy skills by her child.   

The research literature from Canada and other Organization for Economic 

Cooperation and Development (OECD) countries focuses mainly on the last 25 years.  

I commence by considering theories of child development to understand how 

different aspects of the child’s world affect the growing child and why the early 

years of a child’s life are critical to outcomes throughout life.  I next discuss the 

importance of early literacy for the developing child and the suitability of variables 
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available in the NLSCY as measures of this literacy.  Following this, I consider 

aspects of inattentive and hyperactive behaviours in the young child: how these 

behaviours relate to early literacy; and how these behaviours are measured in the 

NLSCY. 

In the remaining sections of the chapter I consider literature from a wide 

range of sources.  I have organised the review around six domains:  employment and 

marital status of the family; socioeconomic status at the household level; pre- and 

postnatal characteristics of mother and child; maternal depression; parental 

engagement in early literacy development; and socioeconomic status at the 

neighbourhood level.  There is substantial evidence in the literature (see for 

example Bornstein & Bradley, 2003; Bradley & Corwyn, 2002) that variables in 

these domains affect the outcomes of pre-school children (Janus & Duku, 2007).  The 

focus of my research is mothers’ employment and so I give the first area, 

employment and marital status of the family, the most thorough treatment.  I 

conclude the chapter by demonstrating how my research will add to existing 

knowledge about how the nature of maternal employment influences Canadian 

children’s early literacy skills and inattentive-hyperactive behaviour. 

Theories of Early Child Development 

In examining the relationship between resources from maternal employment 

and early literacy outcomes of children, the key question to answer is “How do these 

factors come to influence these outcomes?” A question like this needs a theoretical 
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model of the manner in which child development is thought to take place.  Such a 

model can be seen as a primary organising framework. 

Researchers such as (Foster, 2002; Vogler, Crivello, & Woodhead, 2008) have 

suggested that such a theory should be multi-disciplinary in its approach since this 

would foster research that would place children’s experience within the context of 

families, institutions, and communities.  For example, many studies in the education 

literature have examined student attainment within the school system, but a 

broader view that looks at development across several contexts, including the home, 

can help paint a more holistic picture (Willms, 2006). 

Ecological theories have been influential in the study of the family and child 

development within the context of the environment of the child (Tudge, Gray, & 

Hogan, 2008; Tudge, Mokrova, Hatfield, & Karnik, 2009).  Such theories are part of a 

multidisciplinary paradigm commonly termed life course theory or life course 

perspective.  This approach encompasses ideas and observations from an array of 

disciplines, notably history, sociology, developmental psychology, demography, 

economics, and biology (Mayer, 2009).  For example, Shanahan and Porfelli (2002) 

suggested that by including elements of life-span theory from psychology, which 

typically looks at cognitive, emotional, or motivational characteristics of people, life 

course theory is better suited to studying person-context interactions that are 

important in child development.  In particular, life course theory directs attention to 

the powerful connection between individual lives and the historical and 

socioeconomic context in which these lives unfold.  As a concept, a life course is 
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defined as “a sequence of socially defined events and roles that the individual enacts 

over time” (Giele & Elder Jr, 1998, p. 22).  These events and roles do not necessarily 

proceed in a given sequence, but rather constitute the sum total of the person’s 

actual experience. 

A theory that encapsulates the belief concerning the connection between the 

individual and the context in which that life evolves is bioecological theory, first 

developed by Urie Bronfenbrenner in 1951 (Bronfenbrenner & Evans, 2000).  He 

and other collaborators have since progressively changed and developed the theory.  

Although originally called an ecological theory, Bronfenbrenner changed the name to 

bioecological theory in recognition of the fact that the biological makeup of the 

individual influences that person’s development.  Bioecological theory describes a 

number of contextual levels in the environment that are named microsystems, 

mesosystems, exosystems, and macrosystems.  Figure 2.1 shows that these 

interlocking systems vary in their proximity to the individual.  A central idea in the 

theory is that although the direct effects of the local social and physical environment 

are important in child development, in order to understand these effects it is 

necessary to consider more distal processes such as historical, cultural, social, and 

environmental conditions that have an indirect effect on the child (Tudge et al., 

2008). 
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Figure 2.1.  Schematic diagram of the bioecological model.  Redrawn from (Huston & 

Bentley, 2010). 

The micro- and meso-systems are the levels with which the child interacts.  

The microsystems include people such as parents and relatives but may also include 

institutions such as preschools and physical locations such as playgrounds.  A 

mesosystem is an interlinking of microsystems such as between the home and the 

childcare centre, which give a new level of developmental influence.  To understand 

the total effects on the child one needs to consider not only the effects of the home 

and the childcare centre separately but also the interaction between them.  The 

interaction can be positive, such as between a preschool and parents where 
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common values exist, or in conflict, such as between parents and a peer group for 

teenagers (Berk, 2001). 

A weakness in early versions of the theory (Tudge, Mokrova, Hatfield, & 

Karnik, 2009) was that there was no consideration of the processes by which, for 

example, a feature of the child’s environment could influence the developing child.  

Bronfenbrenner and Evans (2000) proposed that such a mechanism, which they 

argue is the primary engine of development, be designated as a proximal process and 

that it include such activities as play or nurturing.  They define proximal process as 

a process which involves a transfer of energy between the developing human 

being and the persons, objects, and symbols in the immediate environment.  

The transfer may be in either direction or both; that is, from the developing 

person to features of the environment, from the features of the environment 

to the developing person, or in both directions, separately or simultaneously.  

(Bronfenbrenner & Evans, 2000, p. 118). 

To understand fully a particular outcome for the child, it is necessary 

to consider the process-person-context-time (PPCT).  For example, when 

investigating how parental reading with the child influences the acquisition 

of early literacy skills, the four components to be considered are: parental 

reading to child; mother or other adult; child’s home; and early childhood 

(Bronfenbrenner, 2001).   

Although Bronfenbrenner and Evans (2000) described a proximal 

process as one that involves a transfer of energy, they did not prescribe the 
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nature of that energy.  Other theoretical conceptions of child development 

provide ideas that are useful in considering what a transfer of energy might 

entail.  One means of transferring energy is spending money on services.  

Haveman and Wolfe (1995) in a comprehensive review of the economics 

literature on children’s attainment identified as a primary factor of any 

theory the choices made by parents concerning the quality and quantity of 

resources devoted to their children.  They considered the family to be a 

production unit that used real inputs such as labour and income to generate 

utility for its members.  Within this production unit, parents make decisions 

about the number of hours to work and the amount of money and time to 

spend on their children. 

Haveman and Wolfe (1995) recognised that this was a limited model of 

children’s attainments since many decisions made by those outside the family, such 

as the supply of education by government, affected these attainments.  They 

proposed that part of the choices or social investments made by a society can be 

seen as social capital, as suggested by Coleman (1990).  Parents too possess social 

capital and this can also benefit the child.   

Socialisation or role model the 

ories present another conceptualisation of the transfer of energy.  These 

theories focus on the influence of parents, siblings, peers, and other individuals on 

the development of a child’s aspirations, values, and behaviours.  The mechanism 

suggested here is that exposure to such role models and ideas has a direct effect on 
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the cognitive and social-psychological development of the child.  Thus the 

socialisation framework emphasises the transmission of a pattern of behaviour from 

parent to child (Jencks & Mayer, 1990; Seltzer, 1994). 

From the perspective of stress theory, researchers have suggested that 

particularly stressful events such as divorce, separation, or the unemployment of 

the parents may disrupt a child’s normal development pathway.  However, the effect 

may be moderated by the coping ability of those remaining in the family (Haveman 

& Wolfe, 1995).  In a series of papers (Beck, Cooper, McLanahan, & Brooks–Gunn, 

2010; Cooper, McLanahan, Meadows, & Brooks–Gunn, 2009) looked at levels of 

maternal stress from changes in relationships with both biological and non-

biological fathers.  They found that such transitions were correlated with higher 

levels of maternal stress and harsh parenting.  At each event—that is, at a 

partnership transition— maternal investment in the child was reduced and this 

resulted in a decrease in the quality of maternal parenting.   

Since children’s vulnerability to adverse outcomes changes over their 

lifetime, the effect of an adverse event will vary depending on the time at which it 

occurs.  Beck et al. (2010) found that for child outcomes at age five, a more recent 

transition event had a greater impact than those that had occurred earlier.  This is 

consistent with the concept of time in Bronfenbrenner’s bioecological model. 

Haveman and Wolfe (1995) recognised that the resources of the child’s 

world included more than money and suggested that a more general way to 

conceptualise resources was to consider them as capital.  The term capital has been 
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used in economics to refer to money or assets put to economic use.  However, the 

meaning of the term has broadened as other social science disciplines have adopted 

it to include a wider range of ideas.  Thus the parks and playgrounds available to a 

child—microsystems in the bioecological model—may be thought of as physical 

capital. 

Human capital is the economic wealth or potential contained in a person, 

some of it endowed at birth, the rest the product of experience, formal training and 

education, and physical health (UN Data Glossary, 2013).  Some of this human 

capital can be used to produce income for the household, which, together with 

income from other sources such as government benefits, provides the basis of its 

economic capital. 

Two other forms of capital are social and cultural capital.  Sociologist Pierre 

Bourdieu used the term social capital in 1972 in his Outline of a Theory of Practice.  

He clarified it some years later in contrast to cultural, economic, and symbolic 

capital.  Social capital includes the value of social networks, which he showed could 

be used to produce or reduce inequality (Sallaz & Zavisca, 2007). 

Coleman (1990) wrote extensively on social capital and stated that it exists 

where social organisations, including governments, can provide a structure that 

engenders support, trust, expectations, and nurture.  According to Coleman, social 

capital exists in relationships among persons and it depends upon their varying 

needs, obligations, and expectations, as well as the trustworthiness of the social 

environment.   

http://www.economist.com/economics-a-to-z/h#node-21529828
http://en.wikipedia.org/wiki/Cultural_capital
http://en.wikipedia.org/wiki/Economic_capital
http://en.wikipedia.org/wiki/Symbolic_capital
http://en.wikipedia.org/wiki/Symbolic_capital
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Cultural capital includes an individual’s knowledge, skills, education, and 

other characteristics that may confer advantages such as higher status in a society.  

For children, parents pass on this cultural capital by providing the attitudes and 

knowledge needed to succeed in a particular system (Lareau & Horvat, 1999).  

Lareau (2003), in her study of childhood, described how middle-class parents 

provide instruction to their children about methods of interacting with people in 

authority, such as medical practitioners and teachers.  Within the school system this 

cultural capital can give children advantages such as perceived academic ability.  

Tudge, Odero, Hogan, and Etz (2003) reported on their study in which middle-class 

pre-school children often engaged in activities that were seen as more relevant to 

school than activities performed by working-class children: those children who 

initiated and engaged in more conversations were perceived as being brighter 

intellectually. 

When considering the effect of maternal employment on outcomes for her 

pre-school child, a bioecological theory that considers these outcomes within the 

wider context of the child’s life provides a more holistic picture.  The concept of 

capital provides a framework for understanding how resources available to the 

family come to influence a particular outcome.   

Outcomes in Early Childhood 

Early literacy.  Researchers consider the development across all domains 

that occurs during a child’s early years to be the most important of the lifespan 

(Irwin et al., 2007; Vogler et al., 2008).  Of particular importance is the rapid 
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development that takes place in the child’s central nervous system and the 

neurosynaptic pruning that occurs in the brain.  The environments to which the 

child is exposed in these early years directly influence the growing brain (Irwin et 

al., 2007).  This development has a key role to play in the early learning of the child 

and indicates that any outcome such as school readiness is the result of changes that 

occur over the child’s entire life (Janus & Duku, 2007).  Children who lack 

appropriate experiences are not able to establish the cognitive and non-cognitive 

skills that they need as they enter formal schooling.  This suggests that if 

researchers measure outcomes at one point in time, they should also gather 

information on the circumstances of the child over a period of time. 

There is general agreement in the fields of both early childhood education 

and child development that vocabulary is important for early literacy achievement 

(Dickinson, McCabe, Anastasopoulos, Peisner-Feinberg, & Poe, 2003; Froiland, 

Powell, Diamond, & Son, 2013; Hoffman et al., 2013).  Studies have shown that 

success in early literacy is predictive of scores on measures of literacy achievement 

at second and third grade in elementary school and in later years even through into 

early post-secondary study (Dickinson et al., 2003; Froiland et al., 2013; Hemphill & 

Tivnan, 2008; Neuman & Dickinson, 2001).  Literacy achievement is the foundation 

of success in the education system (Keating & Hertzman, 1999; Willms, 1999) and, 

without intervention, at each stage in the system the gap between a child’s literacy 

skills and the skills demanded by the curriculum can widen (Whitehurst & Lonigan, 

1998). 
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Given the importance of vocabulary in early literacy achievement, a reliable 

measure of vocabulary is crucial in any research.  In the early years vocabulary is 

usually conceptualised as having two components: receptive vocabulary— a child’s 

ability to recognise and understand word meaning spoken orally—and expressive 

vocabulary— a child’s ability to use words appropriately in different contexts.  The 

Peabody Picture Vocabulary Test (PPVT) is the most common measure of receptive 

vocabulary used in the early literacy research.  This test and others such as 

Woodcock Reading Mastery Test (WRMT) are administered orally, which makes 

them suitable for pre-literate assessment (Pearson, Hiebert, & Kamil, 2007).  For 

example, the PPVT was a required evaluation measure in all grants funded under 

the large USA Early Reading First Program, which was initiated in 2002 and funded 

over 220 projects (Hoffman et al., 2013; U.S. Department of Education, 2013).  In the 

NLSCY, the PPVT was included as a measure of general vocabulary. 

Inattention-hyperactivity.  In addition to the cognitive skill of receptive 

vocabulary, children also need non-cognitive skills.  Janus and Duku (2007) and 

Spira and Fischel (2005) listed a range of skills, including adaptability, flexibility, 

following spoken and unspoken rules, cooperating with peers, and respecting 

people and property.  Spira and Fischel (2005) and Sims and Lonigan (2013) noted 

that inattentive, hyperactive, and impulsive behaviours have links to early literacy 

skills as well as to broader school achievement.  Difficulties with impulse control, 

attentional capacity, and hyperactivity hinder a child’s ability to acquire knowledge 

such as vocabulary and hence to benefit from school (Spira & Fischel, 2005). 
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A variety of measures are available, including behaviour-rating forms most 

often completed by parents or teachers as well as direct measures completed by the 

child, such as computer-based neuropsychological tasks (Sims & Lonigan, 2013).  

Spira and Fischel (2005) noted that behavioural-rating measures of inattention-

hyperactivity vary over the pre-school years with different measures at 2 to 3 years 

compared with 4 to 5 years.  They suggest that these differences may be necessary 

because of neurological changes over this period.  In the NLSCY, inattention-

hyperactivity was measured using a parent-report scale with different measures at 

2 to 3 years and 4 to 5 years. 

Employment and Marital Status of the Family 

A major change in the lives of Canadian families over the last thirty years has 

been the increase in the proportion of mothers who are in the labour force and have 

dependent children.  This change has had the potential to add to the resources 

available to the family.  In families with young children it is of interest to examine 

the influence of such employment.  Although many studies have looked at the 

influence of the mother’s employment on children’s behaviour, few have considered 

this employment within the context of the employment of the family as a whole. 

In the three decades before 2009 as the total employment of all Canadian 

women increased, the largest changes have been for women with dependent 

children under 16 years.  The percentage of women employed has increased by 25 

percent for those with the youngest child under 3 years; 23 percent with the 

youngest aged 3 to 5 years; and 22 percent for those with the youngest child aged 6 
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to 15 years.  For women under 55 years with no child under 16, the increase has 

been 14 percent.  These increases are clearly visible in Figure 2.2.  As well, since 

1996 the rates for women with the youngest child aged 6 to 15 years have been 

almost identical to those for women with no child under 16 years, with the 

difference being no more than 2 percent.  However, the presence of a very young 

child (under 3 years) still reduces the probability of a women being employed.  In 

2009, 64 percent of such women were employed compared with 79 percent of those 

with the youngest child aged 6 to 15 years. 

 
Figure 2.2.  Percentage distribution of employed women with and without children 

by age of youngest child, 1981 to 2009.  Redrawn from Ferrao (2010, p. 9). 

Although the employment rate for women with children under age six has 

been increasing, the rates of increase have not been uniform across all such women.  

Figure 2.3 shows the percentage distribution of employed women by marital status 
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and age of youngest child.  For both sole and couple mothers, the employment rate 

for those mothers with a very young child under 3 years is always below that for 

those whose youngest is aged 3 to 5 years, indicating that labour force participation 

increases as the children grow.  At the beginning of the series the rate for sole 

mothers (SM) with youngest child aged 3 to 5 years is above that for mothers who 

have a partner (couple mothers) but the rates for couple mothers (CM) increase and 

exceed the rate for sole mothers after 1985.  The noticeable trend in these figures is 

that the rate for sole mothers with the youngest under three years old is always at 

least 12 percentage points below the other three groups.  At the peak of these 

trends, in 2007, the rate for these mothers is 18 percentage points below the rate 

for sole mothers with the youngest aged 3 to 5 years.  The downturn visible for 

2008-09 is the effect of the recent recession.   

In the NLSCY, the Early Childhood Development (ECD) cohorts of children 

aged 0 to 5 years, collected between 1994 and 2008, overlap this data.  The data in 

Figure 2.3 suggest that increasing proportions of survey mothers will be employed 

but that a difference should be expected between couple and sole mothers.   
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Figure 2.3.  Percentage distribution of employed women working by marital status 

and age of youngest child 1981 to 2009.  CM = couple mother, SM = sole mother.  

Source: Ferrao (2010) 

A feature that continues to distinguish women’s work patterns is that at all 

ages they are more likely than men to work part-time.  In 2009, 27 percent of all 

employed women worked part-time compared with 12 percent of men (Ferrao, 

2010).  However, since the mid-1990s, the largest proportions of part-time work for 

both men and women have been in the age group 15 to 24.  In about 72 percent of 

cases part-time work is associated with secondary or post-secondary education.  In 

2009, 55 percent of women and 39 percent of men in this group worked part-time.  

For the other groups of women the overall trend has been a small decrease in the 

proportion working part-time, shown in Figure 2.4.  Since 1996 the rates for women 

aged 25 to 44 years and 45 to 54 years have been nearly identical. 
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Figure 2.4.  Percentage distribution of employed women working part-time by age, 

1981 to 2009.  Redrawn from Ferrao (2010, p. 14). 

For women with dependent children, a variety of factors can affect their 

labour market participation but the care of children is a major reason why some 

women choose to work part-time.  Looking in more detail at the 25 to 44 year age 

group that overlaps the average age of mothers in the NLSCY sample, caring for own 

child is the most common reason for preferring part-time work in 2000 and 

accounts for 33 percent of the part-time group. 

Although more Canadian women than men work part-time, the Canadian rate 

(in 2007) of 26 percent for all women is in the middle of the range for OECD 

countries.  In the Netherlands, 60 percent of women work part-time and in 

Germany, Australia, and United Kingdom the rate is just under 40 percent (Marshall, 
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2008).  Part-time work has been presented as one means by which women can 

balance the competing demands of work and family.  The downside for such 

workers is that part-time employment often comes with a cost, notably in the form 

of reduced pay and conditions such as lack of access to various types of leave 

(Connolly & Gregory, 2008; Paull, 2008). 

In the preceding analysis I have shown three important trends in women’s 

employment.  First, the participation rates for women have converged but those 

with younger children have lower rates of participation.  Second, sole parents have 

lower participation rates than mothers in couple families but those with the 

youngest children have the lowest rate.  Third, caring for children continues to be a 

common reason for women to work part-time but the rate for Canada is about 

average for countries of the OECD.  I have so far considered women’s participation 

in isolation from their families.  Because the labour force behaviour of a partner can 

influence a mother’s participation, I now briefly consider changes in families. 

Consistent with the increasing participation of women, changes have also 

been observed in the labour force behaviour of families.  Between 1980 and 2005 

the work patterns of couple families and sole mothers—both with children under 16 

years—changed dramatically, with much of this change occurring from 1980 to 

1990.  Amongst couple families, the proportion where both members were working 

full-year full-time increased by 17 percentage points, from 15 percent to 32 percent 

of all couples.  This resulted in declines in the proportion of families with one 

member working full-year, full-time and one not working, the so-called traditional 
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family, as well as those families with one member working part-year or part-time 

and the other not working.  For sole mothers, there was an increase of 8 percentage 

points in the proportion working full-year, full-time to 51 percent.  The proportion 

of sole fathers working full-year, full-time increased just 2 percent to 65 percent of 

all sole fathers (LaRochelle-Cote, Gougeon, & Pinard, 2009). 

Factors affecting the resources from employment.  In the section above I 

showed that the demographic characteristics of maternal age, marital status, and 

age of children modify the labour force participation of mothers.  Participation by 

mothers can contribute to the wellbeing of families and so it is important to 

understand additional factors that modify the likelihood of being employed or the 

level of income that mothers earn.  If mothers’ employment and wages are ways to 

increase resources to children then to develop effective policies one needs to 

appreciate the dynamics of the labour market.  Over the time in which the NLSCY 

survey has been run the labour force participation rate of mothers has increased by 

around 10 percent.  All other things being equal, this should have led to an increase 

in SES for these families. 

However, the reality is not so straightforward.  It has often been observed 

that mothers, compared to women without children and to men, receive lower 

wages (Correll, Bernard, & Paik, 2007).  The factors responsible include: part-time 

vs. full-time employment; level of education; human capital depreciation from time 

away from the labour force; availability of child care; institutional structures such as 
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access to paid maternity leave and regulation of pay levels; age and level of work 

experience; and perceptions of mothers as less competent and committed. 

Paull (2008), in her analysis of United Kingdom (UK) data, argued that part-

time work should be seen as a feature of the effect of childbirth on labour force 

participation and hence rates of pay since women without children do not have such 

high rates of part-time work.  This is consistent with earlier evidence from 1972 

that in the USA women without children have careers that look essentially like 

men’s (Rindfuss, Cooksey, & Sutterlin, 1999).  Using data from the British Household 

Panel Study (BHPS) for the years 1991 to 2004, Paull observed that although birth 

has no discernible effect on male full-time work, for women childbirth results in full-

time (more than 30 hours per week) participation dropping from 90 percent to half 

that number (43 percent) just after the birth of the first child and that it further 

declines to 30 percent 10 years after the birth.  This reflects increasing numbers of 

women working part-time as additional children are born.  This increase in part-

time work is also reflected in declines in the number of hours worked.  Amongst 

women who return to work within two years of the birth of their first child, the 

average hours worked per week drops by over 12 hours, with a further drop of 

three hours after a subsequent birth (Paull, 2008).  Gibbings and Heyworth (2005) 

also noted a reduction in hours in similar Australian data, where the birth of the first 

child results in a 19 hour drop and a subsequent child produces a 1.5 hour drop. 

This analysis suggests that, at least in the UK, the relationship between 

women and the labour market is very much bound up with the presence of children.  
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Booth and van Ours (2008) also used the BHPS to observe that when women are 

forced to operate within the constraints of the institutional labour market that 

provides unsuitable child care coupled with low pay, women respond by wanting to 

work fewer hours. 

Several studies have examined the role of legislative change in outcomes for 

mothers.  In many OECD countries, employment outcomes such as pay are 

influenced by legislation that has evolved over time.  For example, (Petersen, 

Penner, & Hogsnes, 2007) demonstrated that in Norway between 1980 and 1997 

the pay outcomes for mothers were due not to employers paying mothers less but 

rather to characteristics of female employment.  For example, mothers had lower 

levels of education.  However, the size of the wage differential has decreased over 

time as, among other things, access to government-sponsored childcare has 

improved.  This shows that government family policy affects the size of any wage 

penalty associated with motherhood. 

OECD countries vary in the amount of support they provide for maternal 

employment.  Gash (2008) examined these institutional effects on labour market 

outcomes in six OECD countries: the UK, Denmark, Finland, France, Germany, and 

the Netherlands.  Wages are not the only form of employment benefit; institutional 

structures can affect other conditions such as access to paid maternity leave and 

whether part-time work (in OECD figures defined as fewer than 30 hours per week) 

is available (Gash, 2008).  Compared with other women in the labour force, women 

with dependent children differed in their characteristics.  They were more likely to 
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be: working part-time; in less skilled occupations; less highly educated than other 

working women; and younger with less working experience. 

Aisenbrey, Evertsson, and Grunow (2009) in comparing the USA, Germany, 

and Sweden and found that institutional differences between the three countries 

resulted in different patterns of work after childbirth.  In the USA, with very poor 

maternity leave, 65 percent of women are back at work only three months after 

giving birth and 80 percent are back after one year.  By contrast, in Sweden 25 

percent are back after one year and in Germany 30 percent have returned after one 

year.  In Sweden the parental leave regulations provide an incentive for reducing the 

spacing between children.  Many Swedish women leave employment for one or two 

years and then virtually all return to the labour market.   

An additional effect observed in all three countries was that time out of the 

labour force affected the occupational mobility of women.  For the USA, even short 

periods of time out of the labour force were associated with reduced chances of 

upward mobility and an increased probability of moving downward in terms of 

occupational prestige (Aisenbrey et al., 2009).  When legislation provides protection 

for women who take parental leave, the effect of such leave is altered.  In Sweden, 

for example, there is no negative effect on occupational prestige until after 15 

months of leave.  In Germany the very long but unpaid period of legal parental leave 

appears to destabilise women’s careers.  The longer a woman remains on parental 

leave, the more likely it is that she will move to another job (Aisenbrey et al., 2009). 
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Han, Ruhm, Waldfogel, and Washbrook (2009) also showed that women’s 

employment is affected by public policies that may interact with each other.  In the 

USA, options for mothers vary greatly both by the state of residence and by the SES 

and structure of the family.  For example, policies that encourage workforce 

participation target sole mothers receiving welfare.  A combination of such policies 

results in 28 percent of mothers in the US having worked by the time their infant is 

three months old compared with mothers in the UK, where only 7 percent have 

worked. 

In Canada, Phipps, Burton, and Lethbridge (2001) analysed the Statistics 

Canada General Social Survey 1996 and found that any wage difference was reduced 

by considering human capital depreciation and controlling for part-time work.  

Importantly, for women who returned to the same job, either full-time or part-time, 

any wage reduction was smaller but for these women the average length of 

interruptions was also shorter (1.9 years) compared with those who returned to a 

different job (5.8 years) (Phipps et al., 2001). 

More recently in Canada, Zhang (2009) used the Survey of Labour of Income 

Dynamics (SLID) data and found that women who were absent from the workforce 

for less than a year had earnings equivalent to women without children.  Amongst 

those women who were absent from one to three years, Zhang observed an earnings 

gap for those with three or more children.  The greatest probability of reduced 

earnings was associated with longer periods of time out of the labour force.  This is 
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consistent with observations in Germany that as periods out of the labour force 

increase there is increasing disruption to employment (Aisenbrey et al., 2009). 

One of the mechanisms by which countries can reduce the opportunity costs 

of having children and at the same time facilitate continued attachment to the 

labour market is by introducing maternity leave.  In the next section I summarize 

the Canadian provisions. 

Canadian maternity leave and parental leave.  Maternity leave in Canada 

dates from 1971, when birth mothers became eligible to claim up to 15 weeks of 

paid maternity leave.  There are currently two schemes that cover both mothers and 

fathers.  However, both schemes require parents to have contributed to 

employment insurance in the year before the birth and so not all Canadian parents 

are eligible.  About 80 percent of mothers with newborns are currently eligible for 

maternity leave. 

In January 1, 2006 the Quebec Parental Insurance Plan (QPIP) replaced the 

federal Employment Insurance Parental Benefits Program (PBP) for parents in 

Quebec.  The QPIP provides 18 weeks of maternity leave, paid at 70 percent of 

average earnings while PBP still provides 15 weeks paid at 55 percent of average 

earnings.  In addition in QPIP it is possible for parents to opt for a higher rate of 

payment of 75 percent for a shorter number of weeks and leave is also available for 

adoptive parents.  The QPIP also provides 5 weeks of paternity leave that may only 

be taken by the father (Marshall, 2008). 
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Since 1990 the PBP has offered 10 weeks of paid parental leave, which may 

be shared between qualifying parents to enable them to care for their newborn.  In 

2001 a number of other changes were introduced to extend eligibility and to extend 

paid leave to 35 weeks, with the stated aim of promoting child development and 

helping parents balance the demands of work and very young children (Marshall, 

2008).  The QPIP offers 32 weeks of parental leave since it has longer maternity and 

paternity leave. 

Socioeconomic Status 

In describing the resources available to families it is common to group some 

of these resources together in the concept of socioeconomic status (SES).  There are 

many definitions in the literature but (Boyd, 2008) provides a recent one: “A term 

for the relative position of persons, families, households and other aggregates with 

respect to social and economic factors, particularly the capacity to create and 

consume the goods valued in post-industrial societies” (p. 52). 

An important feature of SES is that researchers can organise it into a scale 

and use it as a measure of the social processes at work in families and 

neighbourhoods.  It is common to measure SES at the household or family level but 

less usual to use neighbourhood factors as a separate measure of SES.  The 

theoretical basis for and measurement of SES are complex.  Appendix C provides 

details of both in my paper titled The measurement of SES from social surveys and 

censuses. 
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The SES of a child’s family in early childhood is important since evidence 

suggests that the relationship between family income and the child’s outcomes is 

strongest at this point and that this difference may persist as the child grows.  

Considering cognitive outcomes from the NLSCY—such as the PPVT-R and later 

reading and mathematics scores—Phipps and Lethbridge (2006), in a survey of 

income and child outcomes, find that children in the bottom quintile in 1994 had a 

high probability of remaining there when observed four years (two cycles) later.  

This association is large and persists even when a variety of child, parent, and 

household characteristics are included.  This persistence suggests that problems 

that develop early in life can increase in magnitude as the child grows (Phipps & 

Lethbridge, 2006).  

Higher income as a component of SES is consistently associated with better 

outcomes for children, regardless of the measure of income employed, the assumed 

functional form of the relationship, the age of the child, or the outcome measure 

used.  This was found to be true for the NLSCY, the Youth in Transition Survey 

(YITS), and the Program for International Student Assessment (PISA) data.  In 

general, the relationship between income and an outcome is best represented by a 

continuous income specification rather than a simple cut-off.  Phipps and Lethbridge 

(2006) suggested using an income measure averaged over as many years as are 

available in the data set.  This means that at all levels of family income, those with 

slightly higher income do better on a particular outcome than those just below.  

Importantly, for a given outcome, the slope of the relationship is often greater for 
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younger children, further reinforcing the findings that increases in family income 

are particularly important early in the child’s life (Phipps & Lethbridge, 2006).   

Gregg, Washbrook, Propper, and Burgess (2005) concluded that growing up 

in poverty affects many aspects of child development.  McConnell, Breitkreuz, and 

Savage (2010) showed that the link between SES and child outcomes is both 

moderated and mediated by financial hardship, parenting stress, and parenting 

behaviour.  Higher levels of parental social support were associated with lower 

levels of parenting stress, ineffective parenting, and child difficulties.  Parental social 

support was important irrespective of parenting stress levels.  However, it can be 

difficult to know the cause and effect; for example, if a child shows disruptive 

behaviour and the parent reacts by becoming stressed, ineffective parenting may 

ensue. 

Pre- and Postnatal Characteristics of Mother and Child 

The variables of interest here were smoking during pregnancy, breastfeeding 

for at least three months, the health of the child at birth, and being a female child. 

The harmful effects of smoking while pregnant are well-established (Hackshaw, 

Rodeck, & Boniface, 2011).  The number of cigarettes smoked is also important with 

higher rates of smoking being associated with a higher probability of adverse 

outcome. 

The positive benefits of breastfeeding are well-established and although the 

current recommendations are for six months of breastfeeding (Health Canada, 

2012) I was interested in looking at the effects of a shorter duration.  Previous 
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NLSCY research (Brownell, Willms, & Tramonte, 2009) used a cut-off of three 

months.   

In the NLSCY, the mother was asked for her opinion about the overall health 

of the child at birth.  Poor or fair health at birth has been associated with a number 

of developmental problems for children (Oates, Karmiloff-Smith, & Johnson, 2012).  

Outcomes for girls have often varied from that of boys. 

Maternal Depression 

There is extensive literature on the adverse effect of maternal depression on 

children’s outcomes from infancy to the teenage years.  The effects cover a wide 

range of domains, from less secure attachment in infancy through to delay in self-

regulation in early childhood and being less socially competent in adolescence 

(Elgar, Mills, McGrath, Waschbusch, & Brownridge, 2007; Goodman & Gotlib, 1999).  

In work using the NLSCY, Elgar et al. (2007) found that various parenting practises 

mediated the path between depressive symptoms in parents and maladjustment in 

children aged 10 to 15 years.  For example, parental nurturance mediated links to 

children’s externalizing problems and prosocial behaviour.  In addition, they found 

that there was a negative correlation between depression and parental behaviour 

that, using a conceptualisation suggested by Baumrind, indicated an authoritative 

style.  Depression was positively correlated with a coercive parenting style, which 

can lead to behavioural problems in children (Elgar et al., 2007). 

Naicker, Wickham, and Colman (2012) examined the effects for adolescents 

of early exposure to maternal depression.  They found that such children were 
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particularly sensitive to exposure to maternal depression from ages 2 to 5 years but 

not in the first year of life.  Such exposure gave a two-fold increase in the probability 

of emotional disorders.  This outcome is consistent with a model in which cognitive 

development begins to develop rapidly as the child reaches the toddler stage;  the 

child may be disadvantaged if the mother is depressed at this time and is not 

available for symbolic play and shared reading activities. 

In a study that examined maternal depression experienced by children 21 

months or less, Maughan, Cicchetti, Toth, and Rogosch (2007) found that this 

experience was associated with later child emotion regulation patterns and 

socioemotional functioning when the child was 4 and 5 years old.  They concluded 

that for infants and toddlers, exposure to maternal depression in this period affects 

the child’s capacity to regulate emotion during preschool. 

Parental Engagement in Early Literacy Development 

There has been support both in the literature and in public policy for 

encouraging parents to read to their children.  Dickinson et al. (2003) argued that 

the process of learning to read requires a focus on sound-symbol relationships and 

that book reading to pre-literate children is a means of helping them acquire 

language.  This language may increase phonological awareness.  Shared reading 

with children is an effective way to enhance children’s oral language skills (Senechal 

& LeFevre, 2002; Whitehurst & Lonigan, 1998). 
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The Influence of Socioeconomic Status at the Neighbourhood Level 

Descriptive research has viewed neighbourhoods as a form of social address 

(other forms include class and marital status) but it is possible to consider the 

processes by which neighbourhoods exert their influence.  Leventhal and Brooks-

Gunn (2001) identified three models: 

i. Institutional resources – the availability of resources taking into account 

quality, accessibility, and affordability; 

ii. Relationships – characteristics of parents as well as support networks and 

the home environment; and 

iii. Norms/collective efficacy – the ability of formal and informal community 

institutions to supervise and monitor the behaviour of residents, 

particularly adolescents, and the presence of any physical risks for 

residents.   

They suggested the relationship model may be of most use to study how 

parents socialise their children and how the parents’ own relationships influence 

the socialisation of their children.  The family is the most important institution for 

children in the early years and so this is when relationship mechanisms may be 

most relevant.  Avenilla and Singley (2001) stated the need to build into any model 

of neighbourhood effectiveness the role that families play in altering the structural 

effects that neighbourhoods have in both child and adolescent development. 

Sampson (2001) considered that the social-organisational context of child 

development extends beyond the family and he believed that when neighbourhoods 



41 

 

are characterised by an extensive set of interlocking social networks, as suggested 

by the bioecological theory, this not only connects the adults but also encourages 

the informal social control and support of children.  The advantage of 

neighbourhood parents knowing each other is that they can establish acceptable 

norms for the behaviour of the children.  This intergenerational closure of a local 

network provides the children with social capital that is collective in nature.  Both 

the social closure and the establishment of norms can also include teachers, youth 

leaders, and other institutions such as the juvenile justice system.  Neighbourhoods 

with many forms of disadvantage have a reduced capacity to achieve collective 

control and establish social capital for the children (Sampson, 2001). 

Many of the studies that have reported neighbourhood effects have used data 

from the USA.  In general, Canadian neighbourhoods are considered to be less 

homogeneous, particularly in relation to extreme poverty (C. L. Jones et al., 2002; 

Kohen, Brooks-Gunn, Leventhal, & Hertzman, 2002) so neighbourhood effects may 

be smaller.  The observational data in surveys is also affected by selection bias since 

most adults have some say about where they live and parents have a large influence 

on their children. 

In studying how particular parents responded to the behaviour of other 

children in the neighbourhood, Korbin (2001) used Bronfenbrenner’s bioecological 

theory to examine the meaning that parents in the USA took from their 

neighbourhood.  She found that when parents perceived the neighbourhood as one 

in which they were unable to intervene in or control the behaviour of 
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neighbourhood children, collective efficacy was reduced.  This finding suggests that 

the way people perceive the neighbourhood can be as important as the actual 

physical structures.  For example, residents may perceive a lack of postal drop boxes 

as indicating that the local authorities were apathetic to their needs (Korbin, 2001).   

The meaning that residents ascribed to movement into their neighbourhood 

was influenced by the composition of that movement.  For example, home 

purchasers were positively received since they were perceived as making a 

commitment to the neighbourhood.  Renters were negatively perceived because 

they were considered to produce instability (Korbin, 2001). 

Research into low birthweight (LBW) babies has often emphasised maternal 

characteristics but in general the research has not considered how the 

neighbourhood in which she lives shapes the risk for a particular mother.  These 

factors could influence LBW directly or through interactions with individual 

maternal factors.  Muhajarine and Vu (2009) collected information on all LBW births 

(less than 2500 grams) in Saskatoon over a three-year period.  As well as individual 

factors such as mother’s marital status and previous stillbirths, they used six 

additional measures designed to measure an underlying contextual domains such as 

SES disadvantage and social disconnection at a neighbourhood level.  Controlling for 

the characteristics of the mother, mothers in socioeconomically disadvantaged areas 

were 1.3 times more likely to have a LBW baby than women in relatively affluent 

areas. 
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By controlling for the physical condition of the mother’s neighbourhood, 

Muhajarine and Vu (2009) found that SES disadvantage was associated with 

increased risk of LBW.  The measure of social disconnection is related to the 

concepts of social capital and collective efficacy.  The study showed that 

neighbourhood social disconnection affected the outcomes of a high-risk group of 

sole mothers.  This finding adds to the evidence that social processes such as trust 

and collective efficacy that enhance neighbourhood connectedness have a positive 

effect on health (Muhajarine & Vu, 2009).  The study also points to potential benefits 

of interventions that target high risk areas, as well as individuals, in order to reduce 

maternal and child health disparities. 

To study the problem of overweight children within the context of the 

neighbourhood, Oliver and Hayes (2008, 2005) did a cross-sectional study using 

Cycle 4 of the NLSCY and followed it up with a longitudinal study.  The first study 

found that prevalence of overweight children was inversely related to 

neighbourhood SES and that neighbourhood characteristics directly influence the 

odds of being overweight.  From the SES gradient, the prevalence of overweight 

children increased from 24 percent in high SES neighbourhoods to 35 percent in low 

SES areas.  In addition, the parent reports on available neighbourhood facilities 

showed an underlying opportunity structure that is consistent with the observed 

gradient. 

Between 1977/78 and 2004, the proportion of Canadian children aged 6 to 

11 years old who were overweight doubled from 13 percent to 26 percent.  It is 
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difficult to determine what may be causing this increase but longitudinal data sets 

have an important part to play in examining the possible role of neighbourhood 

disadvantage over time (Oliver & Hayes, 2008).  Disadvantaged neighbourhoods 

may have a food supply that is less healthy with, for example, more fast food outlets, 

limited access to recreation such as parks, and increased safety concerns such as 

neighbourhood violence. 

Neighbourhoods have a greater influence on the weight outcomes for 

children as they get older (Oliver & Hayes, 2008).  This is consistent with greater 

exposure to the neighbourhood as children grow.  The period from childhood to 

early adolescence is critical for establishing disparities in overweight that vary by 

neighbourhood income.   

Little research has been done on the movement of families within and 

between neighbourhoods.  It could provide insight into another mechanism through 

which neighbourhoods exert their influence.  In addition, the effect of 

neighbourhood has been principally investigated in relation to urban areas.  There 

is less research on the outcomes for families in rural areas.  Crockett, Shanahan, and 

Jackson-Newsom (2002) have suggested that this lack of research partially stems 

from an image of rural areas as being high in social capital and with it positively-

functioning families.  In recent years large changes have occurred in rural areas with 

the decline of traditional industries and the decrease in levels of population. 
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Conclusions 

The increasing employment of women in the labour force for at least the last 

three decades has been a major change for households.  The increase has not been 

uniform across the entire population of Canadian women.  Particularly for those 

with dependent children, the increase is affected by the age of the children and the 

marital status of the woman.  The birth of a child also affects employment by 

destabilising careers, which can result in downward movement in occupational 

status.  This phenomenon is amenable to policy intervention; maternity and 

parental leave that enable women to return to work without having to seek a new 

job are particularly effective. 

The concept of capital has been used to describe available resources.  

Economic and human capital are often included in measures of socioeconomic 

status.  Measures of SES can be constructed at both the household and 

neighbourhood level.  Mothers’ earned income contributes to economic capital and 

her occupational status contributes to human capital.  Jobs are thus a mechanism by 

which the human capital of education is converted into the economic capital of 

income.  A mother’s employment has the potential to increase the resources 

available to the household if it is a couple household and the father is also employed.  

However, her income may provide resources that substitute for those traditionally 

provided by the father if the father is in a low-wage job or is unemployed or not 

present in the household.  The structure of the household thus has an important 
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effect on the resources available.  Modern families in OECD countries display greater 

diversity in structure and the number of sole parent families increases. 

Within the household, a number of different mechanisms convert measures 

of SES to outcomes for children.  As the level of resources varies, the outcomes for 

children also vary. 

The level of education of the mother, apart from playing a crucial role in the 

nature of employment, also affects many aspects of family life.  It increases the 

likelihood and length of breastfeeding and decreases smoking and drug use.  Better-

educated mothers choose higher quality childcare and differ from other mothers in 

how they socialise their children. 

In Canada, higher levels of education are associated with both a higher 

likelihood of taking leave at the birth of a child and a longer length of maternity and 

parental leave.  Increased time spent on parental leave in the first year of a child’s 

life is associated with improved cognitive outcomes for the child.  Characteristics 

such as marital status and education interact in family structure within households.  

On average, sole mothers have lower education levels, are more likely to be 

unemployed or in low status jobs, and often have fewer resource.  Maternal health is 

also important: episodes of depression both reduce the likelihood of employment 

and affect the parenting style of the mother.  Activities such as reading to the child 

that have a positive effect on various child outcomes decrease in frequency when 

mothers have experienced depression, are in unemployed households, or are sole 

mothers. 
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The varying levels of resources available to households with different levels 

of socioeconomic status can also be observed at the neighbourhood level.  The 

resources provided by facilities such as health centres, playgrounds, and childcare 

vary across neighbourhoods.  The people who make up a neighbourhood also 

contribute to the effect on child development.  Neighbourhoods that are high in 

social disconnectedness produce poorer outcomes over and above the 

characteristics of the mother.  Health outcomes for children such as obesity and low 

birth weight are more common in neighbourhoods with lower levels of SES.  

From birth to preschool, children live in households and neighbourhoods in 

which there are a wide variety of available resources.  These resources affect the 

outcomes of children in several domains at this stage in their development.  Since 

these outcomes influence development at later ages, it is important to provide 

appropriate resources to ensure that all children benefit from their exposure to 

formal education. 
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Chapter 3: Methodology—Data Sources, Issues, and Models 

Introduction 

In the literature review I showed that children’s outcomes are affected by the 

level and kind of resources to which they have access within both the home and the 

surrounding environment.  Parental employment is an important contributor to 

these resources.  

The main purpose of this research is to examine how the employment and 

unemployment of the mother and her partner during her child’s early years affect 

cognitive and behavioural outcomes of this child at age 4 to 5 years.  This analysis is 

set within the context of the home and the neighbourhood and gives rise to the 

following research questions: 

1. Relationship of the child’s Peabody Picture Vocabulary Test (PPVT) score to 

household and neighbourhood factors: 

1.1 How does the employment and unemployment of the mother affect the 

receptive vocabulary score of the child at 4 to 5 years? 

1.2 To what extent do other factors within the household such as SES, 

parenting style, and maternal depression influence this vocabulary 

score? 

1.3 Does the neighbourhood SES have an effect on the vocabulary score, 

independent of the characteristics of the household?  

2. Effect of extended periods of parental unemployment on the likelihood of 

poor child outcomes: 
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2.1 What is the effect of extended unemployment of the mother during her 

child’s early years from birth to age 5 on the likelihood of the child 

having poor outcomes at 4 to 5 years on two dichotomous dependent 

variables: (i) receptive vocabulary and (ii) inattention-hyperactivity? 

2.2 To what extent do other factors within the household such as SES, 

parenting style and maternal depression influence these same 

outcomes at 4 to 5 years: (i) receptive vocabulary and (ii) inattention-

hyperactivity? 

2.3 Does the neighbourhood SES have an effect on these outcomes, 

independent of the characteristics of the household? 

3. Are the relationships between child outcomes and household and 

neighbourhood factors stable across time in the five cohorts of the research 

sample? 

Data and Samples 

I used data from two Statistic Canada collections: 

i. The National Longitudinal Survey of Children and Youth (NLSCY); and  

ii. The Canadian Census 1996, 2001, and 2006. 

Detailed information on sampling and data collection procedures for both 

collections can be found on the Statistics Canada website, 

http://www.statcan.gc.ca/rdc-cdr/data-donnee-eng.htm. 

The data sets are part of the data holdings made available through the 

University of New Brunswick Research Data Centre (RDC).  More detailed 

http://www.statcan.gc.ca/rdc-cdr/data-donnee-eng.htm
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information about the RDC program is available on the Statistics Canada website at 

http://www.statcan.gc.ca/rdc-cdr/index-eng.htm.  Below I discuss the relevant 

characteristics of the parts of these collections that I used. 

The National Longitudinal Survey of Children and Youth (NLSCY).  The 

principle data source is the NLSCY.  Statistics Canada commenced collecting data for 

this survey in 1994 and additional cycles were run every two years until 2009, 

giving a total of eight cycles.  The original sample was designed to produce 

provincial estimates for children aged 0 to 11 by two-year age groups.  The overall 

sample design of the NLSCY is complex and can provide information on a large 

range of research questions.   

From Cycle 2, an Early Childhood Development (ECD) cohort was included at 

each cycle and a stratified, clustered, weighted random sample of infants aged 0 to 1 

in the 10 Canadian provinces were selected at each cycle.  The sampling frame 

excluded children living in institutions, on Indian Reserves or Crown lands, in 

remote locations, and in the three territories.  This resulted in lack of coverage of 

approximately one percent of children in this age group.  Only one child per family 

was selected.  These children were each followed for two additional cycles when the 

children were aged 2 to 3 and 4 to 5 years (i.e., up to their entry into school1).  The 

ECD sample was designed to monitor children’s development in the pre-school 

years and had both a longitudinal and a cross-sectional component.  In this study I 

use only the longitudinal sample. 

                                                        
1 A few children had actually started school when the interview was conducted. 

http://www.statcan.gc.ca/rdc-cdr/index-eng.htm
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Structure of the research sample.  I selected a subset of the total ECD 

sample with the following characteristics:  

i. Three waves of data, including a child longitudinal weight at Wave 3, are 

available for each case. 

ii. The sample size is constant over the three waves. 

iii. In Wave 1, the person most knowledgeable (PMK) about the child is the 

child’s biological mother. 

iv. The biological mother is the PMK for all 3 waves of data. 

v. The mother’s spouse or partner is mostly the child’s biological father and 

may be present in one or more waves of data or none. 

vi. There are five cohorts of data—Cohort 1 began 1996-97 and Cohort 5 in 

2004-05. 

The decision to choose mothers was driven primarily by my research interest in the 

changing patterns of maternal employment.  In addition, in the NLSCY the PMK is 

nearly always the child’s biological mother.  Surveys that collect information 

relating to young children need to rely on an informant: in the NLSCY the person 

chosen is the individual who is nominated by the selected family as being most 

knowledgeable about the sample child.  This informant is known as the “person 

most knowledgeable” or PMK. 

Households where the mother is not the PMK for all three waves may differ 

in some way from households where the mother is the PMK for all waves.  A change 

in PMK may indicate some form of instability or alteration in the family structure.  
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For example, the mother may be unavailable due to ill health, work commitment, or 

custody issues.  I deleted the small number of cases where the mother was not the 

PMK across three waves since my intention in this research is to focus on the most 

common experience of families.  

The cycles of the NLSCY from which I selected the sample are shown in Table 

3.1.  The data consists of five cohorts that commence in cycles two through six of the 

NLSCY.  For each cohort there are three waves, one through three, collected over 

three NLSCY cycles.  Each cohort is shown by a series of shaded cells.  The bottom 

row of the table gives the sample sizes for each cohort.  In the remainder of the 

dissertation, the sample will be referred to as the research sample to distinguish it 

from the complete NLSCY sample.



53 

 

Table 3.1 

Origin of the Five ECD Cohorts by Wave and Cycle  

 

Age of 

Children  

 

 Wave # 

NLSCY Cycle and Years 

Cycle 1 

1994-

1995 

Cycle 2 

1996-

1997 

Cycle 3 

1998-

1999 

Cycle 4 

2000-

2001 

Cycle 5 

2002-

2003 

Cycle 6 

2004-

2005 

Cycle 7 

2006-

2007 

Cycle 8 

2008-

2009 

Total 

Sample 

0 & 1 

Years 

Wave 1 

Not 

used 

Cohort 

1 

Cohort 

2 

Cohort 

3 

Cohort 

4 

Cohort 

5 

Not 

used 

Not 

used 
 

2 & 3 

Years 

Wave 2 

 
Not 

used 
1 2 3 4 5 

Not 

used 
 

4 & 5 

Years 

Wave 3 

  
Not 

used 
1 2 3 4 5 

 

Sample 

size of 

cohort 

   2,022 4,827 1,503 1,645 1,840 11,837 

Note: Sample size for each cohort is given in the final row.  The sample size is 
constant over the three waves of data. 
 

The Canadian Census 20% Sample 1996, 2001, and 2006.  The long-form 

of the Canadian Census forms the basis of these Census 20% Sample files.  The most 

detailed level of geography in the confidential data files for the Census available in 

the RDC is the Census Subdivision (CSD).  The census data were aggregated at either 

the household or individual level to estimate measures of socioeconomic status and 

other characteristics of the neighbourhood at the CSD level.  

Each NLSCY record contains either the Enumeration Area (EA) or 

Dissemination Area (DA) code for the place of residence of the survey child, which 

does not directly match the CSD value on the census records.  However, since each 
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DA or EA belongs to only one CSD, it was possible to use to Statistics Canada 

concordance tables to derive a unique CSD code for each record.  The NLSCY is a 

stratified clustered random sample so some CSDs have several NLSCY records while 

others have none.  However, the sample is not large compared with, for example, the 

regular labour force surveys which sample approximately 54,000 households and so 

at the CSD level there is mostly only a small number of cases per CSD, 

For each cycle of the NLSCY, the geographic coding was done according to 

Standard Geographical Classification appropriate for the year of the cycle.  The 

Classification is updated with each census so NLSCY cycle 3 used the Classification 

that was current for the 1996 Census, whereas Cycle 7 used the Classification for the 

2006 Census.  Given the years over which the NLSCY was collected, the records for 

the Census 1996, 2001 and 2006 were used.  This range of years also meant that 

selection of Census variables was restricted to those that were the same at each 

census. 

Methodological Issues 

In this study, the structure of the research sample—a longitudinal design 

with a complex sample design—gives rise to both analysis and inferential problems.  

I discuss these technical issues below. 

Weights.  Weights are the link between the sample and the population 

(Cunningham & Huguet, 2012) that enable the findings from any analysis to be 

related to the population.  In each cycle, the sub-samples in the NLSCY sample have 

different weights because the probability of selection varies across these sub-
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samples.  In the ECD cohorts, the children are a representative sample of 0- to1-

year-olds from the 10 provinces for the two years during which each ECD cohort 

was selected.  However, over the three waves of each cohort, new arrivals affect the 

representativeness of the cohorts.  Additional children who arrive in the 10 

provinces through immigration are not included in the selected sample, although 

children whose parents move within Canada are followed (Statistics Canada, 2009). 

Attrition.  Attrition is a type of non-response where individuals drop out of 

the sample and are lost to follow-up.  In longitudinal studies this can occur in more 

than one part of the survey over time.  In common with all surveys, attrition can 

occur when an individual who is selected as part of the sample does not take part in 

the survey because they cannot be located, they refuse to participate, or they are 

unable to participate.  In the NLSCY, the child forms the sampling unit but it is the 

PMK who answers the questions about the child. 

After the initial wave of the survey, the PMK needs to be interviewed twice 

more.  At each of these two waves attrition can occur because the family migrates 

from Canada, the child dies, the family who cannot be traced, or the PMK or other 

responsible adult declines to participate further in the study.  Thus over time the 

size of the sample declines.  The Microdata User Guide for Cycle 8 provides details 

about the samples and their response rates (Statistics Canada, 2009, Chapter 5). 

The construction of weights to account for attrition in longitudinal surveys is 

an active field of statistical research (Steele & Durrant, 2011; Vandecasteele & 

Debels, 2007).  Traditionally weights have been constructed using socio-
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demographic characteristics such as age and sex.  However, these variables do not 

always produce weights that lessen bias.  Vandecasteele and Debels (2007) found 

that attrition bias in the European Community Household Panel could be reduced by 

using a weight that included variables that were better predictors of drop-out such 

as survey-related variables.  In a similar way, methods based on logistic regression 

and calibration using information about predictors of drop-out have been developed 

for Cycles 6 and onward for the NLSCY and have improved unit nonresponse 

adjustment (Tam, Tremblay, Franklin, & Girard, 2007). 

Statistics Canada produced both cross-sectional and longitudinal weights for 

the ECD samples but because I am interested in the various longitudinal populations 

that make up the ECD cohorts I have used the longitudinal weights.  To calculate 

these weights, the design weight for each child is adjusted by nonresponse and post-

stratification factors (Statistics Canada, 2009, Chapter 11).  Thus, at the end of three 

waves, the sample is not representative of all 4- to 5-year-olds in Canada but of 4- to 

5-year-olds who were born and remain in Canada.  An additional part of the ECD 

sample provides a cross-sectional sample of Canadian children age 0 to 5 years but 

these children are not followed longitudinally across three waves and so do not 

form part of the sample chosen for this research.  Similarly, it is not a truly 

representative sample of all Canadian families or of the children’s parents.  The 

families of the ECD sample children are in the process of change and because the 

sampled child may be anywhere in the birth order, a family of two children at Wave 

1, for example, may have three children by Wave 3. 
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Missing data.  Missing data from particular variables or item nonresponse 

occurs when individuals do not know an answer to a question or refuse to answer or 

there is an error in the administration of the questionnaire.  In common with most 

social surveys (Acock, 2005; Peugh & Enders, 2004; Rubin, 1996) the NLSCY has 

missing data for particular variables (i.e., item non-response within an individual 

record).  The problem of this missing data is exacerbated in longitudinal data where 

missing data at one wave can cause missing data in the series of observations 

(Treiman, 2009). 

In analysis, missing data is of concern because of the potential for bias in 

parameter estimates (Treiman, 2009).  The theoretical basis underlying missing 

data is well established (Rubin, 1996).  However, despite advances in dealing with 

missing data through multiple imputation or maximum likelihood, recent reviews at 

the substantive researcher level show that most papers do not use these methods 

(Paul, Mason, McCaffrey, & Fox, 2008; Peugh & Enders, 2004).  So there is a disjoint 

between theory and practice.  The problem arises because there are practical 

difficulties that are hard to overcome and the evidence from simulation studies can 

be in conflict (Allison, 2000).  For example, the use of Full Information Maximum 

Likelihood  for imputing missing data requires the untestable assumption that data 

is missing at random but it has been suggested (Feng, Cong, & Silverstein, 2012) that 

longitudinal data is more likely to be missing not at random (MNAR) and only 

occasionally will it be missing completely at random (MCAR).  I discuss the 
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treatment of missing data in particular variables in this study in the section below 

that deals with the derivation of individual variables. 

Inference from the research sample.  In descriptive analysis, the frequency 

weight is used to produce estimates of population totals.  However, in conducting 

analytical studies using statistical models care needs to be taken to ensure that any 

statistical tests are based on the sample size and not on the population size 

(Cunningham & Huguet, 2012).  This requires the use of relative or normalised 

weights, which are achieved in Stata with the use of the pweight command (UCLA: 

Statistical Consulting Group, n.d.b).  This command also results in the production of 

robust standard errors using the Huber-White sandwich estimators.  These robust 

standard errors are more conservative and can address a number of minor 

problems such as heteroscedasticity and observations that have undue leverage or 

influence (UCLA: Statistical Consulting Group, n.d.a). 

As shown in Table 3.1, time is present in the research sample in two ways.  

Firstly, the cohorts are based on the cycles of the NLSCY that were approximately 

two years apart.  Each cohort is a stratified random sample of children aged 0 to 1 

years born in a given two-year period.  Within each cohort data was collected in 

each of three waves when the child was aged 0 to 1, 2 to 3, and 4 to 5 years. 

Since each cohort is independent of the others, these samples may be 

combined to give an independent pooled cross-section (Wooldridge, 2000).  This 

pooling increases the sample size and, since the data is collected at different points 

in time, can increase the precision of the estimates, which results in greater power 
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for test statistics.  Pooling is helpful in this matter provided “the relationship 

between the dependent variable and at least some of the independent variables 

remain constant over time” (Wooldridge, 2000, p.409).  The increase in sample size 

is important since two of the groups that are of interest in this research, namely 

unemployed couples and female earner couples, contain few members. 

The relationships being measured may be changing over time. A trend could 

take one of a number of different functional forms: for example it could be linear, 

exponential or quadratic. However, there are only five time points so parsimony 

suggests that a linear trend is the simplest to fit and interpret (Singer & Willet, 

2003). To model the linear trend I added an ordinal scale that represents the 

cohorts. To make the fitted models easier to interpret, the scale begins at 0 (for 

Cohort 1) that represents the beginning of the ECD collection. Cohort 5 has a value 

of 4.  

An alternative to an ordinal variable for a linear trend is to create a set of 

four dummy variables—one to represent each cohort—with Cohort 1 as the 

reference category.  Such a series enables you to model more precisely the variation 

across the cohorts because no assumption is made about the overall shape of any 

distribution.  However, it makes it harder to derive generalisations about any 

relationship and it uses more degrees of freedom, although in the current study with 

a large sample size that is not an issue. The presence or absence of any trend is 

discussed in Chapter 5 in the results for research question 3.  
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Since the NLSCY is a longitudinal survey, the data in the ECD cohorts have 

been collected over three waves to produce a longitudinal dataset.  In such data, the 

observations at one wave are correlated with those at other waves.  For example, 

the presence of maternal depression is estimated at each wave and a mother who is 

depressed at Wave 1 is likely to be depressed at subsequent waves.  The level of 

heterogeneity within an individual’s responses may be quite different from the 

variation found in the parameter estimated for the population as a whole.  A 

common way to model this heterogeneity is to use variance components to describe 

subject-level effects.  These variance components are mostly termed random effects 

that lead to models known as random-effects or mixed-effects regression models.  

Such models are very flexible (or general) and are able to handle both time-

invariant and time-varying coefficients and are robust to missing data and 

irregularly spaced data collection time points (Gibbons, Hedeker, & DuToit, 2010). 

A simple mixed-effects regression model for the measurement y of individual 

i (i = 1, 2, …, N subjects) on occasion j (j = 1, 2, …, nj occasions) is:  

 

However, based on my research questions, the dependent variables in 

potential models are derived from two outcome measures that are both measured 

only once when the child is 4 to 5 years old so this type of model is inappropriate 

since for measurement y, occasion j is always equal to 1. 

A multiple linear regression model is the most usual technique in the social 

sciences for examining the relationship between an outcome variable that is 

0 1ij ij ijy t
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measured once and a range of explanatory variables (Treiman, 2009).  A general 

form for such a model for a particular observation i is: 

 

In the current data set, although this is true for the outcome variable, many of 

the explanatory variables have been measured at each wave and these observations 

are correlated across waves.  What is the best way to incorporate this repeated and 

correlated information into the model?  When a variable that is measured at each 

wave is included it is possible to use lags of this variable, i.e., (Xt, Xt – 1, Xt – 2) 

where t = 3 is the measurement at Wave 3.  However, if Xt – 1 and Xt – 2 are proxies 

for Xt and Xt has the strongest relationship with the dependent variable, then 

parsimony suggests that only Xt should be included in the model (Nichols, 2012).  

Another option is to use some form of cross-sectional summary of each 

longitudinal series, such as the mean, mode, or trend.  The best choice depends on 

the nature of the variable but also on the research question to be answered.  I 

provide the derivation and final form of these variables in the next section. 

Variables Selected and Derived from the NLSCY 

I have selected an extensive range of variables from the NLSCY and modified 

many of these for inclusion in the analysis.  Longitudinal surveys especially those 

with multiple cycles such as the NLSCY, often have problems with consistent 

measurement over cycles.  In order to use a particular variable, it must be measured 

in an identical way in each cycle.  In the NLSCY, changes across cycles meant that 

some variables were not able to be used.  For example, variables related to child 

0 1 1 2 2..........i i i k ik iy x x x
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care illustrate this issue.  A variable that provided information about the type of 

child care used such as centre-based care, care in private home with registered 

carers or care in home of relative was asked in Cycle 8.  However this was not able 

to be used because the pre-coded categories had changed from Cycle 6 and in Cycle 

4 and earlier had not been asked at all. 

I explain the derivation of key variables and have arranged the final forms of 

the variables in sections that correspond to the outcome variables plus the six 

substantive areas that I explored in the literature review.  These variables are set 

out in tables below.  

Outcome variables.  I created three outcome variables based on two NLSCY 

measures collected in Wave 3 when the child is 4 to 5 years old.  The measures are:  

i. The child’s Peabody Picture Vocabulary Test–Revised (PPVT-R) raw 

score, a measure in the cognitive domain; and  

ii. The inattention-hyperactivity scale raw score, a measure in the 

behavioural domain. 

Statistics Canada standardised the raw score on the PPVT-R to produce an 

integer scale with a mean of 100 and a standard deviation of 15.  This scale 

measures the child’s emergent or receptive vocabulary, which is an important 

precursor of literacy.  

From this scale a binomial variable of low PPVT-R score was derived.  A low 

PPVT-R score is defined as a score of 85 or less (i.e., more than one standard 
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deviation below the mean).  Such a score indicates susceptibility to poor reading 

skills and an increased risk of reading failure. 

The second binomial variable is a high score on the inattention-hyperactivity 

scale.  Statistics Canada has scaled the inattention-hyperactivity raw score.  Willms, 

Tramonte and Chin (2009) show that the scale has weak measurement properties at 

the top end and it is reasonable to produce a binomial variable.  A score of greater 

than 10 indicates a mild to severe level of inattention-hyperactivity behaviour 

(Brownell et al., 2009).  Children were identified in the NLSCY as having problems of 

inattention-hyperactivity if they were frequently unable to sit still, they were easily 

distracted, restless, had trouble sticking to an activity or concentrating, fidgeted, 

acted impulsively, or could not wait their turn during games or group activities 

(Statistics Canada, 2009). 

These variables are summarised in Table 3.2. 

Table 3.2  

Outcome Variables 

Descriptive name Description Values 

PPVT-R score Score achieved on Peabody Picture 

Vocabulary Test–Revised – a measure 

of emergent vocabulary. 

Measure scaled by Statistics Canada. 

Integer score between 

40 and 160, 

standardised with 

mean = 100, SD = 15 

PPVT-Low score A binomial variable that indicates if the 

child’s score is more than 1 SD below 

the mean, i.e., 85 or less. 

1 = PPVT-R score less 

than or equal to 85 

0 = otherwise 

Inattention- 

Hyperactivity 

high score 

A binomial variable that measures if the 

child’s score indicates the presence of 

inattention-hyperactivity. 

Measure scaled by Statistics Canada. 

1 = inattention-score 

greater than 10, 

i.e., mild-to-severe 

0 = otherwise 
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Measure of employment and couple status of the family.  In households 

with both parents, the employment of the mother may be influenced by the father’s 

(or partner’s) employment and so I have examined the mother’s behaviour within 

the context of the employment patterns of both parents (McMunn, Kelly, Cable, & 

Bartley, 2011; Phimister, Vera-Toscano, & Weersink, 2002).  That is, my measure 

takes into account both employment status and couple status.  In the NLSCY, 

questions about employment and income are asked in relation to a reference year, 

which was the year immediately preceding the interview.  In the NLSCY, the term 

not working is used to describe those who are not in the labour force as well as 

those who are unemployed (i.e., those who are in the labour force but seeking 

work). In the dissertation I have used not working and unemployed interchangeably.   

During the period of a year there may be many different patterns of working.  

In the NLSCY, a detailed categorical variable is provided that summarises the 

patterns of working for mothers and partners.  This variable shows that the number 

of weeks worked is not distributed evenly throughout the year but is clustered at 

the ends of the distribution.  Most parents have either worked full-year or nearly full 

year (greater than 47 weeks) or have not worked at all or very little.  Consistent 

with this variable, in a summary measure for the period, people who have worked at 

least 26 weeks in the year are classified as working (employed).  Otherwise they are 

classified as little working or not working (unemployed).  In most cycles of the 

NLSCY, individuals who are taking maternity or parental leave are counted as 
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working and are not separately identified as being on leave.  The categories2 of the 

summary measure for parents in a given reference year are as follows. 

i. Dual earners couple: both members of the couple worked full-year or for 

more than 26 weeks  

ii. Male earner couple: male partner worked full-year or for more than 26 

weeks, mother not working or worked for less than 26 weeks 

iii. Female earner couple: mother worked full-year or for more than 26 

weeks, father not working or worked for less than 26 weeks 

iv. Both unemployed or little employed couple: neither mother nor partner 

worked full-year, and if either worked he/she did so for less than 26 

weeks 

v. Sole mother employed: partner not present but mother worked for at 

least 26 weeks  

vi. Lone mother unemployed or little employed: partner not present and 

mother not working or worked for less than 26 weeks 

In using multivariate regression to model the relationship between aspects of 

maternal employment and couple status and the outcome variable of PPVT-R, I had 

intended to use the employment patterns and couple status at each wave.  However, 

this led to an over-parameterization of employment and couple status, making 

interpretation difficult across the waves.  As a remedy, I devised a new variable 

                                                        
2 The categories I chose were influenced by those used by (McMunn et al., 2011) but I devised the 

method to allocate cases independently (McMunn, personal communication, September 13, 2012). 
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based on the original categorical variable to summarize both employment and 

couple status over the three waves.  This is shown in Table 3.3. 

Table 3.3 

Employment and Couple Status Variables 

Descriptive name Description Values 

Dual earner 

couple RC 

Both members of the couple are 

employed at all three waves or at least 

two waves.  Reference category. 

1 = dual earner couple 

0 = otherwise 

Male earner 

couple 

Male partner employed at each of three 

waves or at least two waves, mother not 

employed at two or three waves. 

1 = male earner couple 

0 = otherwise 

Female earner 

couple 

Mother employed at each of three 

waves or at least two waves, father not 

in paid work at two or three waves. 

1 = female earner couple 

0 = otherwise 

Unemployed 

couple 

Both unemployed or little employed: 

partner not in paid work for two or 

three waves, mother not in paid work at 

all three waves. 

1 = unemployed couple 

0 = otherwise 

Employed 

sole mother  

Partner not present for at least one 

wave, but mother in paid work at least 

one wave. 

1 = employed sole mother  

0 = otherwise 

Unemployed 

sole mother  

Lone mother unemployed or little 

employed – partner not present for at 

least one wave, and mother not in paid 

employment at any wave. 

1 = unemployed 

sole mother  

0 = otherwise 

Note: RC = Reference category 

Within the households followed in this sample, the number of sole mothers 

increases over the waves as couples, who were together for the birth of the child, 

separate.  In order to study these sole mothers as a group, I classified any mother 

who was a sole parent at any wave as a sole mother.  
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In a household that has no employed adults, there is often a substantial 

reduction in resources and if this exists over all waves due to chronic 

unemployment or little employment, the whole household can be affected.  In the 

categorisation, I considered a sole mother to be unemployed if she was classified as 

not working in the reference year prior to each of the three interviews.  Otherwise, I 

considered her to be an employed sole mother.  Similarly, I considered couples to be 

unemployed if the mother was unemployed at each of three waves and the partner 

was employed at no more than one wave. 

I classified each case as belonging to only one category.  If a mother had been 

a sole mother for only one wave she was classified as either Lone mother employed 

or Lone mother unemployed.  For both categories of unemployed the mother had to 

be not working at each wave.  An unemployed couple where the partner was 

employed for two waves was classified as a Male earner couple. 

The information about employment relates to a reference year that is the 

year prior to the interview.  Since the interviews occurred approximately two years 

apart, if behaviour in the non-reference year periods differs from that recorded in 

the survey, then it is possible for mothers to be classified incorrectly.  However, 

there is no information available in the survey that could allow me to correct any 

such errors. 

There is little information about mothers’ labour force experience before the 

birth of the survey child in the ECD cohorts and hence any statistics estimated from 

the sample only describe the characteristics of women once they have become 
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mothers.  Such women may vary from those who stay childless in characteristics 

that affect their employment.  It is known that childless women tend to be older and 

better educated than mothers (Phipps et al., 2001).  This restriction on the 

applicability of any statistics also applies to the partner. 

The five dummy variables contained missing data.  I used a version of the 

mean substitution with indicator variable technique to substitute for this data.  For 

each of these variables I substituted the value of 0 for missing data and created a 

flag variable which was set to 1 if the value was missing and 0 otherwise (Cohen and 

Cohen, 1983). 

Socioeconomic Status (SES) at the family level.  I showed in the literature 

review that the concept of socioeconomic status is an important measure of the 

resources available to the child from both the family and the neighbourhood.  These 

measures can also be thought of as types of capital.  Family SES is a combination of 

information about the educational achievement of the parents, occupational status 

of the parents, and income of the family.  The variables from the NLSCY consisted of: 

i. Number of years of education completed by mother 

ii. Number of years of education completed by partner 

iii. Occupation status code for mother 

iv. Occupation status code for partner 

v. Total household income 

I modified these variables extensively and used them to produce a measure 

of maternal education and a composite measure of the remainder of the SES 
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variables.  Total family income was converted to equivalent income by dividing by 

the square root of the number of individuals in the household. The source of income, 

for example, earned income versus government payments, is not provided in the 

NLSCY.  I included maternal education as a separate variable since the literature and 

previous work using the NLSCY (Boyce, Tramonte, & Willms, 2009) has shown that 

the level of education of the mother has an important influence on outcomes for her 

children.  I describe the process of creating the SES variable in detail in Appendix B.  

In addition to these two variables, I included the variable of social support as a 

measure of social capital.  Table 3.4 provides a summary of these three variables. 

Measure of social support.  This is a measure of the level of support that the 

PMK feels she has from friends, family members, and the community.  It is an integer 

scale from 1 to 18.  The higher the number, the greater the level of support the PMK 

feels.  It has been scaled by Statistics Canada.  I have centred the variable about its 

mean for this analysis. 

Table 3.4 

Measures of Human, Economic, and Social Capital 

Descriptive name Description Values 

Years of education 
mother 
standardised  

The number of years of education 
completed by the mother, centred on 
mean 

Mean = 0, SD = 1 

Remainder of HH 
SES standardised 

Average of sum of three components, 
centred on mean 

Mean = 0, SD = 1  

Social support 
score MC 

Level of support perceived by mother, 
centred on the mean. 
Original Scale = 1 to 18 

Mean = 0 

Note: HH = Household, MC = Mean Centred 
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Measures of pre- and postnatal characteristics.  These variables were 

only measured in the first wave of the survey.  The harmful effects of smoking while 

pregnant are well-established (Hackshaw et al., 2011).  Not all cycles of the survey 

had information on the amount of cigarettes smoked during the pregnancy so 

smoking in two or three trimesters was taken as a level of smoking that would 

expose the growing infant to greater amounts of the chemicals in cigarettes than just 

smoking in one trimester.  

The positive benefits of breastfeeding are well-established and although the 

current recommendations are for six months of breastfeeding (Health Canada, 

2012) I was interested in looking at the effects of a shorter duration.  Previous 

NLSCY research (Brownell et al., 2009) used a cut-off of three months and I adopted 

this duration here.  Although it was possible for mothers still to be breastfeeding 

when the interviews took place, all infants were six months or older at interview 

and so such a child was counted as having breastfed for at least three months. 

The mother was asked for her opinion about the overall health of the child at 

birth.  Poor or fair health at birth has been associated with a number of 

developmental problems for children (Oates et al., 2012).  Outcomes for girls have 

often varied from those of boys and so I included a variable for gender. 

Except for Female child, the other three dummy variables had missing data 

and so I used a version of the mean substitution with indicator variable.  For each of 

these variables I substituted the value of 0 for missing data and I created a flag 

variable that was set to 1 if the value was missing and 0 otherwise. 
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Table 3.5     

Variables of Pre- and Postnatal Characteristics   

Descriptive name Description Values 

Smoked  

2 or 3 trimesters 

Mother smoked in either 2 or 3 of 
the trimesters of this pregnancy. 

1 = smoked in 2 or 3 trimesters 

0 = otherwise 

Female child Gender of the survey child.  1 = female child 

0 = male child 

Breastfed  

GE 3 months  

The survey child was breastfed by 

the mother for at least 3 months. 

1 = breastfed for  GE 3 

months 

0 = otherwise 

Child poor/fair 

health at birth  

The health of the child was rated as 

either poor or fair at birth. 

1 = health poor or fair 

0 = otherwise 

 

Measures of maternal depression across the waves.  The parent 

questionnaire in the NLSCY focuses particularly on the occurrence of depressive 

symptoms as a measure of mental health (Statistics Canada, 2009).  The 12 

questions that make up the scale are asked at each wave and relate to the period in 

the week before the interview.  I was interested in whether the timing of maternal 

experience of depression—whether it occurs in all waves or only at the beginning or 

end of the waves—has a negative effect on the outcomes of the survey child.  

Previous work (Letourneau, Tramonte, & Willms, 2013a) that investigated the effect 

of depression on child outcomes in the NLSCY found that the timing of maternal 

depression makes a difference in its effect on children. 

Using the methodology of (Somers & Willms, 2002), I classified mothers 

scoring above a cut-off of 9 as depressed and those falling below or at this value as 

non-depressed.  I created four mutually exclusive variables. 



72 

 

Table 3.6 

Measures of Maternal Depression   

Descriptive name Description Values 

Depression  

all waves 

At each wave the mother achieved a 

score which classified her as depressed  

1 = mother scored 9 or 

greater all waves 

0 = otherwise 

Depression early 

including Wave 1 

Mother classified as depressed at 1 

or 2 waves, one of which is Wave 1 

1 = mother depressed early 

0 = otherwise 

Depression late 

including Wave 3 

Mother classified as depressed at 1 

or 2 waves, one of which is Wave 3 

1 = mother depressed late 

0 = otherwise 

Depression in  

no waves RC 

The mother was not classified as 

depressed in any wave 

1 = mother scored 9 or 

less at each wave 

0 = otherwise 

Note: Cases where the mother was depressed in Wave 1 and Wave 3 were assigned 
to Depression early.  RC = reference category. 
 

The four dummy variables had missing data and I used a version of the mean 

substitution with indicator variable technique to account for this data.  For each of 

these variables I substituted the value of 0 for missing data and created a flag 

variable that was set to 1 if the value was missing and 0 otherwise. 

Measures of parenting style.  Of the four measures of parenting style 

included in both Wave 2 and Wave 3, I chose to use Ineffective Parenting and 

Consistent Parenting based on previous research by Gauthier, Tramonte, and Willms 

(2009) on measures of parenting style. 

In response to the question “How often do you feel you are having problems 

managing your child in general?” parents who score highly on the Ineffective 

Parenting scale are more likely to report that they have problems all or mostly all of 

the time.  In the Consistent Parenting scale, to the question “When you give your 

child a command or order to do something, what proportion of time do you make 
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sure he/she does it?” a more consistent parent is more likely to respond that he or 

she makes sure that the child carries out the command “all or nearly all of the time” 

(Statistics Canada, 2009). 

Table 3.7 

Measures of Parenting Style 

Descriptive 
name 

Description Values 

Ineffective  

Wave 2 score 

MC 

Wave 2 score on ineffective parenting scale. 

Variable scaled by Statistics Canada. 

Integer Scale 1 to 24  

High scores indicate 

ineffective parenting 

Ineffective  

Wave 3 score 

MC 

Wave 3 score on ineffective parenting scale. 

Variable scaled by Statistics Canada. 

Integer Scale 1 to 26  

High scores indicate 

ineffective parenting 

Consistent  

Wave 2 score 

MC 

Wave 2 score on consistent parenting scale. 

Variable scaled by Statistics Canada. 

Integer Scale 1 to 20  

High scores indicate 

consistent parenting 

Consistent  

Wave 3 score 

MC 

Wave 3 score on consistent parenting scale. 

Variable scaled by Statistics Canada. 

Integer Scale 1 to 20  

High scores indicate 

consistent parenting 

 

I entered all these variables in the models as mean-centred variables.  To aid 

the interpretation of regression models, I centred integer variables about their 

means by subtracting the mean from each observation.  The mean thus has a value 

of 0 and so in the regression equation the value of x = 0 is now the mean for that 

variable whereas in the original variable the score of 0 may have no actual 

observations.  This is true in relation to these variables since the measures of 

parenting style run from 1 so an intercept of 0 has no meaning on this scale.  This 
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centering of the variable has no effect on the estimated coefficient but aids in the 

interpretation. 

Parental engagement with the child.  At all three waves, various measures 

of parental engagement with the child are included in the NLSCY.  My exploratory 

analysis suggested that reading to or with the child had a strong positive 

relationship with the PPVT-R score achieved.  Certainly there has been support both 

in the literature (Senechal & LeFevre, 2002; Whitehurst & Lonigan, 1998) and in 

public policy (Canadian Education Statistics Council, 2009) for encouraging parents 

to read to their children.  

Table 3.8  

Measures of Parental Engagement   

Descriptive name Description Values 

Read daily across 

waves  

Mother or partner reads to or with 

child on a daily basis in both Wave 1 

and Wave 3 

1= child read to daily 

0= otherwise 

Read daily in W3 

 

Mother or partner reads to or with 

child on a daily basis in Wave 3 

1= child read to daily 

W3 

0= otherwise 

Read daily in W1 

 

Mother or partner reads to or with 

child on a daily basis in Wave 1  

1= child read to daily 

W1 

0= otherwise 

Read less 

frequently RC  

Mother or partner does not reads to or 

with child on a daily basis in any wave 

1= child not read to 

daily 

0= otherwise 

Note: RC = reference category, W1 = Wave 1, W3 = Wave 3 

The frequency of reading was asked at each wave, with the exact question 

asked depending on the age of the child.  Unfortunately, there were errors in the 

reporting at Wave 2 when the child was aged from 2 to 3 years and so only data 
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from Wave 1 and Wave 3 were useable.  As in the experience of maternal 

depression, I was interested in whether consistent engagement in the form of daily 

reading over all waves would have a greater impact than less frequent reading.  I 

constructed four mutually exclusive variables that are shown in Table 3.8. 

SES at the neighbourhood level in NLSCY data.  The measurement of SES 

at the neighbourhood level is less precise.  In the literature review I showed that 

previous researchers have used a variety of measures for defining neighbourhoods 

and measuring SES at this level.  In the NLSCY, variables measure the mother’s 

perception of the neighbourhood as well as the rural-urban location of the 

household. 

There are two measures of the mother’s satisfaction with the neighbourhood 

as a place to raise children based on her perception of different aspects of the 

neighbourhood, namely neighbourhood safety and social cohesion.  These are each 

measured on a 10-point scale, with 5.0 indicating a neutral position.  They are not a 

direct measure of SES, although they may reflect the SES of the neighbourhood.  For 

example, higher SES neighbourhoods may be perceived as safer.  

In addition to the two measures of neighbourhood satisfaction, the dataset 

had a variable that was coded for the size of the residential location.  I used four 

mutually exclusive dummy variables to model the residential location of the survey 

child and the household.  I reduced the original five-level classification of residential 

location to four levels by combining two levels of urban areas.  
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Table 3.9 

Variables of Characteristics of the Neighbourhood from NLSCY 

Descriptive name Description Values 

Neighbourhood 

safety score 

 

Mother’s perception of the extent of 

danger and problems in neighbourhood. 

Measure scaled by Statistics Canada. 

Integer scale 1 to 10 

Neighbourhood 

cohesion score 

 

Mother’s perception of the extent of 

cohesion or neighbourliness. 

Measure scaled by Statistics Canada. 

Integer scale 1 to 15 

Urban area 

more than 

99,999 RC 

Household is located in urban area 

where the population is greater than 

99,999.  Reference category.  

1 = population more than 

99,999 

0 = otherwise 

Town 30,000 to 

less than 

100,000 

Household located in mid-sized town 

with a population from 30,000 to 

99,999 

1 = population 30,000 

or more & less than 

100,000 

0 = otherwise 

Small town less 

than 30,000 

 

Household located in small town with a 

population less than 30,000 

1 = population less than 

30,000 

0 = otherwise 

Rural area Household located in rural area 1 = rural area 

0 = otherwise 

RC = reference category 

The three dummy variables had missing data and I used a version of the 

mean substitution with indicator variable technique to account for this data.  For 

each of these variables I substituted the value of 0 for missing data and created a 

flag variable which was set to 1 if the value was missing and 0 otherwise.  

Variables selected from the Canadian Census 20% sample 1996, 2001, 

and 2006.  In addition to neighbourhood variables from the NLSCY, I derived 

measures from the Canadian Censuses 1996, 2001, and 2006 at the Census 

subdivision (CSD) level.  The distribution of these measures reflects the distribution 
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of the cases in the NLSCY.  For example, a CSD with few young children has a lower 

chance of being represented in the NLSCY than a CSD with a younger age profile.  

The measures are either proportions or medians for SES characteristics such 

as the median estimated price of owner-occupied dwellings and the proportion of 

the population of labour force age with education above secondary school 

graduation.  Table 3.10 provides a description of the variables I created. 

Table 3.10 

Variables Created from the Censuses 1996, 2001, 2006 for each CSD 

Descriptive name Description Values 

% of CSD who 

own home 

Percentage of household in CSD that own their 

own home 

0 to 100 

% of CSD not 

moved in 5 years 

Percentage of households that did not move in 

the last 5 years 

0 to 100 

% migrated in 

last 5 years 

Percentage of households that migrated to 

Canada within the last 5 years 

0 to 100 

% with college 

degree or higher 

Percentage of population of labour force age with highest 

level of education either university or college degree 

0 to 100 

% with no 

qualifications 

Percentage of population of labour force age with no 

secondary graduation certificate and no further training 

0 to 100 

% of labour force 

age employed 

Percentage of population of labour force age 

employed at time of census 

0 to 100 

Median 

household 

income 

Median household income CV In $10,000 

Median household 

equivalent income 

Median equivalent household income CV In $10,000 

Median value of 

homes in $10,000 

Median value of owner-occupied dwellings In $10,000 

Note: CV = Constant Value 
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I could not calculate these measures using the NLSCY because the smaller 

sample sizes for this survey mean that many CSDs are represented by few data 

points and are not a random sample of the population since they only relate to those 

families with young children.  For example, the neighbourhood might be 

characterised by low unemployment and high income but the parents of the NLSCY 

children may not have these characteristics.  

Each NLSCY record contains either the Enumeration Area (EA) or 

Dissemination Area (DA) code that does not directly match the CSD value on the 

Census records.  Since each DA or EA belongs to one CSD I used to Statistics Canada 

concordances to derive a unique CSD code for each record. 

The data I used from the NLSCY covers the period 1996 to 2009.  For each 

cycle I took the EA or DA for each household in the sample from the geographic 

classification that was current for that survey.  This means, for example, that within 

a cohort the values recorded for Wave 1 were different from the values at Wave 3 

and across the five cohorts the 1996, 2001 and 2006 Censuses were involved.  The 

method I used to aggregate at the CSD level had to be repeated for each Census.  

The data from the Canadian censuses aggregated to the CSD level has been 

provided by Statistics Canada for use within Research Data Centres (RDC).  The 

geographic level that is available in such datasets limits the amount of detail that is 

in my final dataset.  Other NLSCY research using census data has been done at the 

DA level using non-confidentialised census data and other special census files.  
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Models  

Multiple linear regression.  To provide evidence for my research questions 

1.1 to 1.3, I have fitted a series of linear regression models using Stata.  In describing 

the research sample I argued that the clustering at the CSD level was insufficient to 

warrant the use of multilevel models. Each model has the following general form: 

 

Consistent with the population process that I believe produces the modelled 

relationship, it is possible to fit interactions between variables to this model.  I did 

this but none of the interactions were significant at the 0.1 level or lower and so I 

dropped these interactions from the model. 

Logistic regression.  Research questions 2.1 to 2.3 examine whether 

unemployment is associated with poor outcomes for the child.  I have expressed 

these poor outcomes as two binomial variables: a low PPVT-R score—a measure of 

receptive vocabulary—is often a precursor of problems in learning to read; and a 

high Inattention-hyperactivity score indicates the presence of inattention-

hyperactivity—a behavioural problem.  I provided details of the outcome variables 

above in Table 3.2. 

For both these variables, the model takes the following general form: 

 

where p is the probability of the outcome category being studied, bounded by 0 and 

1.  The odds of a categorical outcome divide the probability of the outcome 

0 1 1 2 2.......... k ky x x x

logit(p) = b0 + b1X1 + b2X2..........bkXk +e,
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occurring (p) by the probability of it not occurring (1 - p) within a given group 

(Miller, 2005). 

The logit is defined as the natural log of the odds of the outcome:  

ln (p/[1 – p].  Substituting this expression for logit(p), the expression becomes 

 

Logit models generate coefficients in the form of log-relative odds.  These are 

difficult to understand intuitively so the odds ratio or relative odds may be 

computed instead (Miller, 2005).  The odds ratio is the odds of the outcome of one 

group divided by the odds for another group.  I illustrate this using the variable for 

gender where male = 0 and female = 1 and the outcome is a low PPVT score (lowP).  

The reference category is male, which is the denominator.  The formula for the odds 

ratio (OR) is 

 

Since the odds ratios are a type of relative difference (Miller, 2005) they can 

be described in the following way: 

i. If OR = 1 the odds are the same in both groups. 

ii. If OR > 1 the odds in the numerator group is higher than in the 

denominator group.  This represents a risk factor. 

iii. If OR < 1 the odds in the numerator group is lower than in the 

denominator group.  This represents a protective effect. 

ln[
p

(1- p)
] = b0 + b1X1 + b2X2..........bkXk + e,

OR =
p[lowP] female / (1- p)[lowP] female

p[lowP]male / (1- p)[lowP]male
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So if ORfemale = 0.5 then a female child has half the odds of a low PPVT-R score 

compared with a male. 

But if ORfemale = 1.5 then odds of a female child having a low PPVT-R score is 

50 per cent greater than for a male child. 

Summary 

In this chapter I have set out the variables and models necessary to analyse 

data from the ECD cohorts of the NLSCY in order to answer my research questions.  I 

detail the outcomes from the estimation of the models in Chapter 5. 
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Chapter 4: Descriptive Analysis of the Research Sample 

Introduction 

The research sample I have chosen is complex because of the range of family 

types that are represented in it and also because of the large number of variables I 

have selected.  To assist in understanding the sample and the models that form the 

key parts of my analysis, I present a descriptive analysis of this data in the following 

tables.  Chapter 5 presents the results of the fitted models.  

At Wave 1, in 90 percent of cases the child was living with the biological 

mother and a spouse or partner, who, in most cases, was the biological father.  Ten 

percent of children were in households with only their biological mother.  This 

proportion increased over the waves to 15 percent at Wave 3 when the survey child 

was 4 to 5 years old.  There may have been other adults in the household, such as 

grandparents and dependent and independent children over the age of 18 years. 

For couples, the median number of people in the household was 4, with 2 

children under 18 years.  For sole mothers, the median number was 3, with 2 

children.  At the birth of the survey child, the mean age of the mother was 26 years 

when the mother was a sole parent and 30 years for a couple mother.  In couple 

families the father was 32 years old on average.  For sole parent households the age 

of the father was not consistently recorded and is not reported.  These 

characteristics of the household are summarised in Table 4.1. 



83 

 

Table 4.1  

Characteristics of Households by Couple/Sole Parent Status 

Characteristic 

Biological mother 
with 

spouse/partner 
(couples) 

Biological mother 
without 

spouse/partner 
(sole mother) 

 

Percentage in group W1 89.6% 10.4% 
 

 

Percentage in group W2 85.3% 14.7% 
 

 

Percentage in group W3 85.1% 14.9% 
 

 

Median number in HH 4 people 3 people 
 

 

Median number of 

children under 18 years 
2 children 2 children 

 

Mean age of mother at 

birth of survey child 
29.8 years 26.1 years 

 

Mean age of partner at 

birth of survey child 
32.3 years NA 

 

Note: Weight = child longitudinal weight, NA = not applicable, HH = household 
W1 = Wave 1, W2 = Wave 2, W3 = Wave 3  

 

In Chapter 3, in the section on measure of employment and couple status of 

the family, I described the method I used for deriving a variable that summarises 

employment and couple status over waves.  I classified each case as belonging to 

only one category.  If a mother had been a sole mother in one wave I classified her as 

either an employed sole mother or an unemployed sole mother.  For both categories 

of unemployed, the mother had to be not working at each wave.  I classified an 

unemployed couple where the partner was employed for two waves as a male 

earner couple.  Table 4.2 shows the percentage distribution of cases using the 

combined variable. 
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Table 4.2  

Frequency and Percentage Distribution of Cases by Employment and Couple Status 
Summarised over All Waves 
Type Frequency Proportion 

Dual earner couple 6,037 51.0 

Male earner couple 3,196 27.0 

Female earner couple 142 1.2 

Unemployed couple 178 1.5 

Employed sole mother  1,728 14.6 

Unemployed sole mother  556 4.7 

Total 11,837 100.0 

 

The child was influenced by the other adults and children with whom he or 

she shared the household.  Although the sample for each cohort was a random 

sample of children aged 0 to 1 when it was selected, the child may have been in any 

position in the birth order and the number of children may have changed across the 

waves.  This is demonstrated in Table 4.3, which reports the number of children less 

than 18 years in the household at each wave.  This shows that in the majority of 

cases, the survey children had at most one sibling.  The percentage of households 

with three or more children did increase by 11 percent—from 19 to 30 percent—

over the waves. 

Table 4.3  

Percentage Distribution of the Number of Children Under 18 Years in HH at Each Wave 
Number of 
children 

Wave 1 
Percent 

Wave 2 
Percent 

Wave 3 
Percent 

1 child 38.9 21.9 15.4 
2 children 42.1 49.1 54.3 
3 children 13.6 20.5 22.3 
4 or more 5.3 8.5 8.0 
Total 100.0 100.0 100.0 

Note: Weight = child longitudinal weight 
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The composition of the household is one of a number of factors that 

influenced mothers’ labour force participation over the three waves.  In the next 

section I examine a variety of influences, such as her level of education and the 

presence of depression, in more detail.  

I discussed the structure of the variables I used in my analysis in Chapter 3, 

where I divided the potential covariates into groups by subject matter.  In this next 

section, using the same subject matter groups, I tabulate these variables against the 

categorical variable of employment and couple status to demonstrate how 

characteristics vary across the population of households.  This analysis informs my 

interpretation of the parameters of the fitted models. 
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Human, Economic, and Social Capital 

Table 4.4  

Mean Values of Human and Social Capital Variables by Employment and Couple Status  

Variable 
Dual 
earner 
couple 

Male 
earner 
couple 

Female 
earner 
couple 

Unemployed 
couple 

Employed 
sole 
mother  

Unemployed 
sole  
mother  

Total 
sample 

Years of 
education 
mother W1 

14.1 13.2 13.4 11.0 12.8 11.6 13.5 

Years of 
education 
partner W1 

13.7 13.3 12.4 11.0 (12.9) (12.6) 13.3 

HH income 
W1 $1,000s 

64.6 54.4 44.7 22.2 33.7 19.7 54.2 

HH income 
W3 $1,000s 

78.1 61.3 55.3 25.6 36.3 19.4 63.3 

% change 
W1 to W3 

20.9 12.7 23.7 15.3 7.7 -1.5 16.8 

Boyd score 
mother W1 

61.0 (48.7) 55.3 (32.7) 44.8 (27.6) 56.1 

Boyd score 
mother W3 

62.0 (50.0) 55.2 (38.2) 49.4 (35.5) 57.3 

Boyd score 
partner W1 

60.4 58.0 (43.2) (34.4) (52.5) (43.4) 58.2 

Boyd score 
partner W3 

62.6 59.7 (46.8) (40.0) (56.0) (56.1) 59.8 

Social 
support 
score W3 

19.7 19.5 19.2 17.6 19.1 18.1 19.4 

Note: Weight = child longitudinal weight, Boyd scores: Integer scale 1 to 100, higher 
number indicates higher status.  Mean all waves, mother & partner = 58. 
 

Except for the social support score, the other variables are components of the 

measure of socioeconomic status.  The derivation of the measure of employment 

and couple status summarizes the characteristics of individuals over the three 

waves. Thus a family would be categorized as a female earner household if the male 

had employment in no more than one wave.  In the NLSCY, individuals who have 
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even a week’s employment in the previous year will have an occupation recorded in 

the data.  Most of the partners in these categories will have missing data. It is 

possible to calculate occupational status scores for these cases but the numbers are 

shown in brackets to indicate that the information is incomplete and maybe 

unreliable.  A similar rationale applies to the years of education of partners of sole 

mothers.  

The uncombined variables are shown here mostly in their original metric 

since these scales of measurement are easier to understand.  I described the method 

I used to derive the measure of SES in Chapter 3 and Appendix B. 

Years of education.  Mothers in the dual earner couples, who were most 

likely to work, had the highest years of education (14.1 years) and the unemployed 

mothers in unemployed households had the lowest years of education (11.0 years 

for couple mothers and 11.6 years for sole mothers).  The unemployed couple 

households seemed particularly disadvantaged since on average the partners had 

only 11.0 years of education, the lowest of all the groups.  The figures for partners of 

sole mothers are estimated from incomplete information and may be unreliable.    

It was unusual for couple households to have only the mother employed—

the female earner couples represent only 1 percent of households—so it is 

interesting that in these cases the mother’s years of education were 13.4, exceeding 

the partner’s at 12.4 years.  In the more traditional male earner couples where only 

the partner was working, the partner and the mother had almost equal education of 

13.3 and 13.2 years respectively. 
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The other important characteristic of education is that the human capital that 

is acquired through this experience has an effect on many aspects of parenting, such 

as the decision to breastfeed, the style of parenting, and the development of the 

child in areas such as vocabulary acquisition. 

Household income.  The income reported in this table is in constant dollars 

so any changes represent changes in real value and are not due to inflation.  

Household income was imputed by Statistics Canada.  Clearly, living in a household 

with two working adults was associated with higher incomes but having one male 

earner in a couple resulted in higher income than having one female earner in a 

couple even though the mean years of education of these two earners were nearly 

identical at 13 years.  The female earner couple income was 11 percent higher at 

Wave 1 than the income of employed sole mothers, although there is a difference of 

only 5 percent in their years of education.  As a proportion of the Wave 1 income, 

the increases for the employed couple households were on average 2.7 times as 

great as those for the unemployed couple and sole mothers.  The variable Household 

income reports income from all sources so the unemployed households would most 

likely have been receiving government payments of some kind.  

Boyd-NP occupational status score.  As I discussed in Chapter 3, the major 

problem in using these scores is that if an individual had not had any work at all 

within the reference year then an occupation and hence a Boyd score was not 

recorded for them.  In order to derive an SES score for each household at each wave, 

I used Boyd scores from other waves if these were available.  The literature 
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indicated that over time males’ occupational status tends to increase but females 

status tends to stay stationary or decline.  

It is not possible to used borrowed scores for such an analysis.  So the figures 

shown in Table 4.4 are only from individuals who had been employed for at least a 

week in the reference year and had a Boyd score.  The scores in brackets are for 

mothers and partners who were classified as not working in the summary 

employment and couple status variable but some of whom had had short-term 

employment that resulted in a Boyd score being calculated for them.  The figures for 

the partners of the sole mothers are shown in brackets and are calculated from the 

Boyd score of their partners when they are present in the household.  The 

employment and couple status classification counts as a sole mother someone who 

does not have a partner for at least one wave.  

The table shows that, consistent with the trends seen in both the years of 

education and family income, the mothers in dual earner couples had the highest 

occupational status of all the mothers.  Of all the partners, those in dual earner 

families had the highest occupational status.  In the male and female earner couples, 

the member of the household that was employed had higher occupational status 

than the not-working member.  The direction of the causality in this relationship is 

not certain, but the mothers in the female earner couples also had on average higher 

years of education than their partners, which may partially account for why they 

were employed rather than the partner.  The employed member of the male earner 

couples had slightly higher occupational status compared with the employed 
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member of the female earner couples but lower status than either member of the 

dual earner couples.  The employed sole mother had lower occupational status than 

the mother in the female earner couples.  For employed household members, the 

Boyd scores for Wave 3 are higher than the scores for Wave 1 but only by 1 or 2 

points. 

The lowest occupational status is observed for the unemployed sole mothers 

and the mothers in the unemployed couples.  The unemployed couples seem to be 

particularly disadvantaged since the male partner’s occupational status was also the 

lowest among the males. 

Social support score.  The social support score is a measure of the level of 

support the mother felt she had from friends, family members, and the community.  

The highest social support score (19.7) is for the mothers who were part of dual 

earner couples and the lowest (17.6) is for mothers who were part of unemployed 

couples.  The unemployed sole mothers (18.1) are in between.  It is not surprising 

that mothers who were unemployed felt they had less support compared with 

mothers who had access to greater resources, either from their own employment or 

from a spouse.  It may be that unemployment created a perception of lower support 

or that lower social support made it difficult for such mothers to find jobs.  The 

employed sole mothers had social support scores close to those of the mothers in 

female earner couples. 
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Pre- and Postnatal Characteristics 

Table 4.5  

Percentage Distributions for Dichotomous Variables of Pre- and Postnatal 
Characteristics of Mother and Child by Employment and Couple Status  

Variable 
Dual 

earner 
Couple 

Male 
earner 
Couple 

Female 
earner 
Couple 

Unemployed 
Couple 

Employed 
sole 

mother  

Unemployed 
sole 

mother  

Total 
sample 

Percent 
Smoked 2 or 3 
trimesters  

10.4 13.2 26.6 34.8 26.5 38.1 15.4 

Percent  
Did not smoke/ 
smoked 1 
trimester only 
RC 

89.6 86.8 73.4 65.2 73.5 61.9 84.6 

Percent 
female child  

48.0 50.2 49.9 47.2 50.6 52.9 49.4 

Percent male 
child RC 

52.0 49.8 50.1 52.8 49.4 47.1 50.6 

Breastfed GE 3 
months  

64.2 65.2 57.8 48.1 53.6 40.8 61.6 

Breastfed LT 3 
months RC 

35.8 34.8 42.2 51.9 46.4 59.2 38.4 

Child 
poor/fair 
health at birth  

3.7 3.4 1.4 4.4 5.0 6.5 3.9 

Child health 
good or better 
RC 

96.3 96.6 98.6 95.6 95.0 93.5 96.1 

 Note: Weight = child longitudinal weight, RC = reference category 

Smoking is associated with a number of harmful outcomes for the baby 

(Hackshaw et al., 2011; Oates et al., 2012) so it is concerning to see that the average 

rate of smoking (36.5 percent) in 2 or 3 trimesters for unemployed mothers was 

three times that for dual and male earner couples (11.8 percent).  These mothers 
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were unemployed after the baby was born: their employment state before the birth 

of the survey child is not known.  The average percentage for mothers of female 

earner couples and sole mother earners was 26.5 percent.  

In addition, 5.5 percent of the babies of unemployed mothers were in fair or 

poor health at birth compared with 3.6 percent of babies of dual and male earner 

couples.  These unemployed mothers were also least likely to breastfeed for at least 

three months (44.5 percent) compared with dual and male earner couples (64.7 

percent) and female earner couples and sole mother earners (55.7 percent). 

Parenting Style 

Table 4.6  

Mean Values of Parenting Style Variables by Employment and Couple Status 

Variable 
Dual 

earner 
couple 

Male 
earner 
couple 

Female 
earner 
couple 

Unemployed 
couple 

Employed 
sole 

mother 

Unemployed 
sole 

mother 

Total 
sample 

Ineffective 
W2 score 

8.8 9.1 8.4 8.7 8.9 9.4 8.9 

Ineffective 
W3 score 

8.7 8.7 8.6 8.1 8.6 9.0 8.7 

Consistent 
W2 score 

15.4 15.2 14.4 13.3 14.7 13.7 15.1 

Consistent 
W3 score 

15.8 15.7 15.3 13.6 15.2 14.2 15.5 

Note: Weight = child longitudinal weight 

Ineffective: Integer scale 1 to 24, higher score is more ineffective parenting 

Consistent: Integer scale 1 to 20, higher score is more consistent parenting;  

 

There is a slight trend in both these pairs of figures.  For the ineffective 

parenting score, the Wave 3 scores are lower for all groups than Wave 2, so parents 

were slightly less ineffective.  For the consistent parenting score, the Wave 3 scores 
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are higher than the Wave 2 scores so parents were slightly more consistent.  The 

unemployed sole mothers had the highest ineffective parent score (9.4) while the 

unemployed couples had the lowest consistent parent score (13.3). 

Maternal Depression 

Table 4.7  

Percentage Distribution for Measures of Maternal Depression by Employment and 
Couple Status 

Variable 
Dual 

earner 
couple 

Male 
earner 
couple 

Female 
earner 
couple 

Unemployed 
couple 

Employed 
sole 

mother  

Unemployed 
sole 

mother 

Total 
sample 

Depression 
all waves 

1.0 2.2 2.2 6.3 6.5 13.2 2.7 

Depression  
early inc. W1  

12.9 17.7 14.2 25.7 25.1 27.2 16.8 

Depression 
late inc. W3  

8.0 9.1 8.0 15.1 18.7 22.5 10.7 

Depression in 
no waves, RC 

78.1 70.8 77.3 59.1 49.7 37.1 69.8 

Total 100.0 100.0 100.0 100.0 100.0 100.0 100.0 

Note: Weight = child longitudinal weight, RC = reference category 
 

This table shows that for mothers living in sole mother or unemployed 

households, the probability of experiencing depression at some point across the 

waves was approximately double that for mothers in employed couple households.  

So the average percentage experiencing depression amongst employed couple 

households was 25 percent while amongst unemployed couples and sole mothers 

the percentage was 51 percent.  These rates of depression are higher than those 

observed in NLSCY research by Letourneau, Tramonte, and Willms (2013), who 

used a cut-off equivalent to 18 on the CES-D scale.  In the present study, I based the 

methodology on that of Somers and Willms (2002), who used a lower cut-off of 9.  
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Depression can result from a variety of experiences including both unemployment 

and becoming a sole mother after the breakdown of a relationship.  It is also notable 

that the unemployed sole mothers had the highest rate of being depressed at all 

waves (13 percent) as well as smallest rate of no depression (37 percent). 

Parental Engagement—Daily Reading with the Child 

Table 4.8  

Percentage Distribution for Variables of Parental Engagement by Employment and 
Couple Status 

Variable 
Dual 

earner 
couple 

Male 
earner 
couple 

Female 
earner 
couple 

Unemployed 
couple 

Employed 
sole mother  

Unemployed 
sole mother  

Total 
sample 

Read daily 
all waves 47.0 48.4 37.6 32.5 39.0 32.8 45.1 

Read daily 
Child  
4-5 years 

16.7 18.0 16.9 21.8 16.5 20.0 17.4 

Read daily 
Child  
0-1 years 

17.9 15.5 18.4 18.8 18.6 18.3 17.5 

Read less 
than daily 
RC 

18.4 18.1 27.1 26.9 25.9 28.9 20.0 

Total 100.0 100.0 100.0 100.0 100.0 100.0 100.0 

Note: Weight = child longitudinal weight, RC=reference category 
 

In the last of the household tables, these percentages show a now-familiar 

pattern where the parents in dual earner (47 percent) and male earner couples (48 

percent) were approximately 12 percent more likely to read to the survey child 

every day than parents in the other groups.  It is not necessarily the presence of two 

adults in the household that made the difference, since the smallest proportions (33 
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percent) were observed for both unemployed couples and unemployed sole 

mothers.  Both of these types of mother might be expected to have more time with 

the child since they are not working, but they also have lower years of education, so 

perhaps they did not understand the value of the reading to the child.  Employed 

sole mothers and female earner couples were in an intermediate position of reading 

daily in 38 percent of cases. 

Neighbourhood Characteristics from the NLSCY 

There are two groups of indicators that report characteristics of the 

neighbourhood rather than the household.  I chose them to be measures of 

neighbourhood SES. 

The scores on the neighbourhood safety and cohesiveness scale are in the 

expected direction with dual earner and male earner couples having the highest 

scores, female earner couple and sole mother earner having mid-values and 

unemployed sole mothers scoring lowest on both scales. 

In relation to the figures on rural/urban location, 22.8 percent of 

unemployed couples lived in rural areas but only 13.4 percent of unemployed sole 

mothers did so, similar to the proportion of male and female earner couples.  The 

lowest proportion living in a rural area was 9.5 percent for employed sole mothers.  

Given that families mostly have some say in where they live, the employed sole 

mothers may have had a stronger attachment to the labour force and so they lived in 

non-rural areas where employment prospects were better.  Of course it is not 

actually possible to tell the direction of any causation. 
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Table 4.9  

Mean Values for Neighbourhood Measures and Percentage Distribution of Residential 
Size by Employment and Couple Status 

Variable 
Dual 

earner 
couple 

Male 
earner 
couple 

Female 
earner 
couple 

Unemployed 
couple 

Employed 
sole 

mother  

Unemployed 
sole 

mother  

Total 
sample 

Neighbourhood 
safety score W3 

6.7 6.5 6.3 6.4 6.3 6.1 6.5 

Neighbourhood 
cohesiveness 
score W3 

11.0 11.0 10.6 10.1 10.3 10.0 10.8 

Urban area 
more than 
99,999 RC 

64.3 58.8 59.2 44.3 61.4 65.3 - 

Town 30,000 to 
less than 
100,000 

9.2 9.8 5.6 15.4 12.8 9.0 - 

Small town less 
than 30,000 

15.6 16.2 20.9 17.5 16.3 12.3 - 

Rural area 10.9 15.2 14.3 22.8 9.5 13.4 - 

Total 100.0 100.0 100.0 100.0 100.0 100.0 - 

Note: Weight = child longitudinal weight, RC = reference category,  
Safety score: Integer scale 1 to 10, higher score - belief in greater safety 
Cohesiveness score: Integer scale 1 to 15, higher score – perception of greater 
cohesiveness 
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Neighbourhood Characteristics from the Census 

Table 4.10  

Mean Percentages for Census Variables of Neighbourhood Characteristics at the CSD 
Level by Employment and Couple Status 

Variable 
 

Dual 
earner 
couple 

Male 
earner 
couple 

Female 
earner 
couple 

Unemployed 
couple 

Employed 
sole 

mother  

Unemployed 
sole 

mother  

Total 
sample 

% of CSD 
owns home 

70.2 71.3 68.7 68.0 66.6 64.0 69.6 

% CSD not 
moved in  
5 years 

81.1 80.6 83.8 84.4 82.1 82.5 81.3 

% college 
degree or 
more 

16.8 15.7 14.5 14.0 15.7 14.4 16.2 

% of labour 
force age 
employed 

72.1 71.9 67.0 63.9 70.7 67.7 71.4 

% migrated in 
last 5 years 

2.5 2.5 1.8 2.1 2.3 2.1 2.4 

Median value  
owned homes 
in $10,000s 

15.2 15.4 13.0 11.3 13.8 12.2 14.8 

Note: Weight = child longitudinal weight 
 

I chose the variables from the Canadian Census as measures of 

socioeconomic status at the neighbourhood level, so these proportions are those of 

the Census subdivision (CSD) in which the survey child’s household resided.  Higher 

socioeconomic status is associated with a higher proportion of households owning 

their own homes and with those homes having a higher median value.  Dual and 

male earner couples lived in CSDs with the highest proportion of home ownership 

(70 and 71 percent) and where the median values (in lots of $10,000) were also the 
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highest (15.2 and 15.4).  The CSDs characterised by the smallest proportions of 

homeowners (64 percent) were those occupied by unemployed sole mothers.  The 

CSDs with the smallest median values of homes ($11.3) were occupied by 

unemployed couples. 

Mobility can be associated with moving to improve job prospects or to 

upgrade housing.  The CSDs with the fewest movers were those occupied by 

unemployed couples, where 84 percent had not moved in the last five years.  

Similarly, new migrants to Canada often settle in urban areas, which also have with 

better employment prospects.  The highest proportion of individuals who had 

migrated in the last 5 years was 2.5 percent in the CSD occupied by dual and male 

earner couples.  The smallest percentage was 1.8 percent of individuals in CSDs of 

female earner couples. 

In CSDs with higher socioeconomic status one would expect a higher 

proportion of labour force age to be working.  The highest proportions (72 percent) 

were in the CSDs of dual and male earner couples.  In addition, the largest 

proportions of the labour force that had a college or university degree (17 and 16 

percent) were in the CSD of these two groups.  The smallest proportion of employed 

population (64 percent) was in the CSD of unemployed couples, where 14 percent 

had a degree. 

Summary 

The descriptive analysis has revealed evidence of particular groups, such as 

dual earner and male earner couples, being associated with more favourable 
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characteristics, such as higher years of schooling, better status jobs, and higher 

income.  In addition, such couples were more likely to have other characteristics 

such as the mother having a greater propensity to breastfeed, a lower probability of 

experiencing depression, and an increased likelihood of living in neighbourhoods 

with a larger proportion of homeowners and a greater proportion of employment 

for those of labour force age.  On the other hand, the households where there were 

no employed adults (the unemployed couples and unemployed sole mothers) seem 

particularly disadvantaged with very low income, a greater experience of 

depression, and poorer neighbourhoods.  
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Chapter 5: Results 

In this chapter I present the results from the models that I fitted to examine 

the relationships between receptive vocabulary and inattention-hyperactivity and 

the employment of the mothers within the household.  My research sample 

consisted of children who were with their biological mother for each wave of the 

Early Childhood Development (ECD) cohorts.  To make the tables more compact I 

have shown only the coefficients with the appropriate level of significance.  The 

complete output with standard errors and confidence intervals for parameter 

estimates appears in Appendix A. 

Dependent Variable: Receptive Vocabulary Score of Child at 4 to 5 Years 

Table 5.1 shows the results of a series of linear regression models of the 

relationship between the mother’s and her partner’s employment and 

unemployment, other characteristics of the household, and the outcome of the 

receptive vocabulary score of the child at 4 to 5 years.  The receptive vocabulary is 

measured by the PPVT-R score, which is an integer variable (M=100, SD=15).  

Models A to F each contain a group of related variables to allow me to examine the 

unconditional relationship between the variables of this domain and the dependent 

variable. The variables in Model G were entered simultaneously. 
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Table 5.1 
 
Regression Models of Relationship between Mother’s Employment, Other Characteristics of the HH, and Outcome of  
Child’s Vocabulary Score (Dependent Variable: PPVT-R Score) 

Explanatory Variable 
Coefficient 

Model A Model B Model C Model D Model E Model F Model G Model H Model J 

Intercept 
 
 

102.75 100.59 99.11 101.33 102.51 96.52 96.86 101.40 96.22 

Dual earner couple  Ref Cat 
 
 

    Ref Cat 
  

Male earner couple -1.08** 
 
 

    -0.05 
  

Female earner couple -2.61** 
 
 

    -0.38 
  

Unemployed  couple  -9.00*** 
 
 

    -2.40 
  

Employed sole mother -3.66*** 
 
 

    -0.48 
  

Unemployed sole mother -7.88*** 
 
 

    -2.62** 
  

Years of Education 
mother standardised 

 1.28***     0.91*** 
  

Remainder of  HH SES 
standardised 

 2.57***     1.96*** 
  

Social support score MC 
 
 

0.44***     0.33*** 
  

 



 

 

 

1
0

2
 

Table 5.1 Continued          

Explanatory Variable 
Coefficient 

Model A Model B Model C Model D Model E Model F Model G Model H Model J 

Smoked 2 or 3 trimesters 
 
 

 -1.70***    1.25** 
  

Smoked 1 trimester or  
did not smoke   

Ref Cat    Ref Cat 
  

Female child 
 
  

1.16***    1.33*** 
  

Male child 
 
  

Ref Cat    Ref Cat 
  

Breastfed GE 3 months 
 
  

3.32***    1.07** 
  

Breastfed LT 3 months 
 
  

Ref Cat    Ref Cat 
  

Child had poor or fair  
health at birth   

-0.91    -1.09 
  

Child had good or better 
health at birth   

Ref Cat    Ref Cat 
  

Ineffective parenting score 
W2 MC    

-0.04   0.01 
  

Ineffective parenting score 
W3 MC    

0.19**   0.16** 
  

Consistent parenting score 
W2 MC    

0.48***   0.23*** 
  

Consistent parenting score  
W3 MC    

0.54***   0.22*** 
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Table 5.1 Continued          

Explanatory Variable 
Coefficient 

Model A Model B Model C Model D Model E Model F Model G Model H Model J 

Depression all waves  
 
    

-3.45***   1.20 
  

Depression early including 
W1  

 
    

-3.03***  -1.21** 
  

Depression late including 
W3  

 
    

-4.43***  -1.99*** 
  

Depression in no waves  
 
    

Ref Cat  Ref Cat 
  

Read daily across waves 
 

     
 8.01***  5.04*** 

  

Read daily in W3  
 
     

 3.95***  2.51*** 
  

Read daily in W1  
 
     

 3.52***  1.95*** 
  

Read less frequently in  
all waves  

 
     

Ref Cat Ref Cat 
  

Neighbourhood safety score 
MC 

 
     

 
 

0.55***  

Neighbourhood cohesiveness 
score MC 

 
     

 
 

0.42***  
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Table 5.1 Continued          

Explanatory Variables 
Coefficients 

Model A Model B Model C Model D Model E Model F Model G Model H Model J 

Urban area GE 100,000 RC 
 
     

 
 

Ref Cat  

Town 30,000 to LE 99,999  
 
     

 
 

0.60  

Small town LT 30,000  
 
     

 
 

 0.83*  

Rural area  
 
     

 
 

-0.86*  

% of CSD who owns home 
 
     

 
 

  0.05*** 

% of CSD not moved in  
5 years 

 
     

 
 

 -0.04 

% with college degree or 
higher 

 
     

 
 

  0.18*** 

% of labour force age 
employed 

 
     

 
 

  0.04 

% migrated in last 5 years 
 
     

 
 

 -0.87*** 

Median value of homes in 
$10,000s      

 
 

  0.13*** 

Note: MC = Mean Centred, Weight = child longitudinal weight, Ref Cat = Reference Category, *P < 0.1, **P < 0.05, ***P < 0.01 
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Research question 1.1.  How does the employment and unemployment of 

the mother affect the receptive vocabulary score of the child at 4 to 5 years? 

Model A: Employment and couple status of household.  Model A shows that 

compared with dual earner couples with a predicted score of 102.7, the expected 

PPVT-R score for other types of HH is lower by varying amounts.  They form three 

groups.  The first group is dual earner couple and male earner couple households, 

which are just 1.1 points apart.  This suggests that children do equally well in a 

household with two earners or in the more traditional structure with the father as 

earner and the mother not employed.  The second group includes female earner 

couples and the employed sole mothers.  Here a child can be expected to score 

approximately 3 points or 20 percent of a standard deviation (SD) lower, with an 

average predicted score of 99.6.  The last group is unemployed sole mothers and 

unemployed couples, where a child can be expected to score on average 8.4 points 

or 56 percent of a SD lower, with an average predicted score of 94.4.  These mothers 

and their partners experienced either no employment or very low levels of 

employment throughout the child’s life from birth to age 4 to 5.  The outcomes 

indicate that the experience of unemployment in the household is associated with a 

deleterious effect on the child’s receptive vocabulary. 

Research question 1.2.  To what extent do other factors within the 

household such as socioeconomic status (SES), parenting style and maternal 

depression influence this vocabulary score? 
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 These factors are: human, economic, and social capital; pre- and postnatal 

characteristics of the mother and child; parenting style; maternal depression; and 

parental engagement with the child.  

The descriptive analysis in Tables 4.4 to 4.10 shows that overall, sole mothers 

and unemployed couples are disadvantaged on many measures.  The disadvantage 

experienced by these households with young children is often a complex mix of 

factors. 

Model B: Human, economic, and social capital.  The findings from Model B 

suggest that the measures of human, financial, and social capital in this study are 

important.  The model shows that there is a positive relationship between the 

child’s vocabulary score and the education of the mother, the remainder of 

household socioeconomic status, and social support.  I standardized the measures 

for education and the remainder of SES and I mean centred the social support score 

to make the model easier to interpret.  The intercept (100.6) represents the 

expected score of a child who lives in a household where the mother has average 

education (13.5 years), the family has average SES, and the mother’s social support 

score is average (19.4). 

An increase in one standard deviation for maternal education raised the 

child’s expected vocabulary score by 1.3 points and an increase of 2 SDs resulted in 

a difference of 3 points or 20 percent of a SD.  For the variable Remainder of SES an 

increase of 1 SD resulted in an increase of 2.6 points so a change of 2 SDs led to an 

expected increase of 5.2 PPVT-R points or 35 percent of a SD.  This would be the 
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difference between a child in a family in the top 2 percent of the SES distribution 

and a child from a family with average SES.  Although the coefficient for the social 

support score is significant at the 0.01 level, the effect is not large.  For example, 

there is a 2 point difference between the average social support score of a dual 

earner couple and the lowest score of an unemployed couple mother (Table 4.4).  

This difference represents a 1 point difference in vocabulary score. 

Model C: Pre- and postnatal characteristics of mother and child.  

Consistent with results shown in Table 4.5, having smoked in 2 or 3 trimesters and 

the child having had poor or fair health at birth both had a negative relationship 

with the child’s vocabulary score.  Only the smoking variable is significant at less 

than the 0.1 level and results in an average decrease of 1.7 points. 

Both being a female child and having been breastfed for at least three months 

have a positive relationship with the vocabulary score, so a child who was both 

female and breastfed would on average have a 4.5 point higher score, which is 30 

percent of a SD. 

Overall, the intercept (99.1) represents the vocabulary score of a child whose 

mother did not smoke during 2 or 3 trimesters, who was not breastfed for at least 3 

months, who was male, and who had better than fair or poor health at birth.  A child 

whose mother smoked, who was not breastfed, who was male, and who had poor or 

fair health at birth would on average score 96.5—or 47 percent of a SD lower—than 

a female child whose mother breastfed and did not smoke and where the child’s 

health at birth was better than poor or fair (103.6 points).   
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Model D: Measures of parenting style.  I had anticipated that a mother’s 

score on the ineffective parenting scale would be negatively related—and her score 

on the consistent parenting scale would be positively related—to her child’s 

vocabulary score.  The results are only partially consistent with this expectation.  

There is a small negative but non-significant coefficient (-0.04) for the Wave 2 

ineffective score.  However, the Wave 3 score is small but positive (0.19). 

The expected language score of a child whose mother scored 4 points (20 

percent) higher on both consistent parenting scale, with average scores on the 

ineffective parenting scale, is 4.0 points or 26 percent of a SD higher than a child 

whose mother’s consistent parenting score was average.  

The intercept of 101.3 represents the expected vocabulary score of a child 

whose mother was at the average for each of the four measures of parenting style. 

Model E: Maternal depression across the waves.  I structured the 

depression variables to look at four mutually exclusive experiences of depression: 

depression present at each wave; depression present early (i.e., not at Wave 3); 

depression present late (i.e., not at Wave 1); and no experience of depression.  I did 

this because I hypothesized that a mother’s experience of depression near the time 

when the child’s receptive vocabulary was being measured on the PPVT-R scale 

would have a larger negative effect on the vocabulary score than an earlier 

experience of depression.  Those who were depressed across all waves would have a 

larger effect again.  
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Model E shows that the experience of depression by a mother across the 

three waves had a significant negative effect on her child’s PPVT-R score.  All 

coefficients are associated with at least a 3 point decline in vocabulary score (20 

percent of a SD).  The late experience of depression had the largest negative effect of 

-4.4 points (30 percent of a SD).  

The presence of depression was one of the clear differences between sole 

and couple mothers (Table 4.7).  Sole mothers, whether employed or not, had rates 

of depression of at least 50 percent compared with less than 30 percent for earner 

couples.  Amongst those who experienced late depression, the rate for earner 

couples was less than 9 percent whereas for unemployed couples and sole mothers 

the rate was from 15 to 23 percent.  So mothers who were in households that were 

neither unemployed nor included a sole mother had low rates of depression 

compared with the other groups. 

It is noticeable that the effect on child’s vocabulary score of mothers who had 

depression at all waves is 1.0 points higher than those with a late experience of 

depression but 0.5 points lower than those who experienced depression early.  A 

possible explanation is that as I constructed these dummy variables the mothers 

who experienced depression over all waves were experiencing depression at a 

milder level and were allocated to one group, while those who experienced 

depression later but at a more severe level were allocated to another.  I discussed 

the measurement of depression in Chapter 3. 
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Model F: Parental engagement—daily reading with the child.  This model 

looks at the relationship between daily reading to the child by the parent and the 

child’s vocabulary score.  Previous research has shown a positive relationship 

between parent storybook reading and children’s receptive vocabulary skills 

(Senechal & LeFevre, 2002).  In Table 4.8, the proportion of parents not reading 

every day to the survey child was at least 8 percentage points smaller for dual 

earner and male earner couples compared with the four employment and couple 

status groups that did not contain an employed male partner. 

In Model F, the effect sizes of the coefficients are among the largest I 

observed in these models of direct effects.  The expected increase in PPVT-R score 

where parents read daily across the waves is 8 points (53 percent of a SD).  Reading 

daily in only one wave3 did not have such a large effect but for those reading daily in 

Wave 3 the expected increase is 4.0 points (27 percent of a SD) and for those who 

read daily in Wave 1 but not in Wave 3 there is an expected increase of 3.5 points 

(23 percent of a SD). 

The intercept (96.5) represents the expected value of the PPVT-R score for a 

child whose parent read to him or her with less than a daily frequency over all 

waves, that is, a couple of times a week or less often. 

Model G: Household environment and the child’s vocabulary score.  Model 

G is a full model that includes all the variables from Models A to F to examine the 

role of employment and couple status in conjunction with those variables that 

                                                        
3 See Table 3.8 for an explanation of the derivation of this variable. 
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measure aspects of the home environment.  The variables were entered 

simultaneously.  The coefficients for the variables that are still significant in this 

model are smaller in absolute size than in the models of direct effects.  The 

exception to this is the coefficient for the female child dichotomous variable, which 

increases from 1.16 to 1.33, (15 percent). 

The most important change is that except for unemployed sole mothers, the 

employment and couple status variables are no longer significant.  The coefficient 

for unemployed sole mothers is -2.6, which is a third of the size it was when I 

considered direct effects in Model A.  The coefficient for the variable Unemployed 

couple (-2.4) is similar in size, although this coefficient is not significant at p < 0.10.  

The sample size of this group was the smallest of all the employment and couple 

status categories.  This indicates that in households with employed parents, after 

the education of the mother, the socioeconomic status and social capital of the 

household, and other variables such as the mother’s experience of depression are 

taken into account, whether the child has one or two parents working had little 

impact.  It is sometimes assumed that parents who are employed spend less time 

with their children but research using time-use diaries (Bianchi, Robinson and 

Milkie, 2006) shows that compared with non-working mothers, working mothers 

have not decreased time spent with their children and since 1985 all mothers have 

increased the time spent with children. In Table 4.8 I showed that households with 

all adults unemployed were less likely to have read daily to their child. 
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For children in unemployed households, the expected value of their language 

score is reduced by 2 to 3 points or approximately 17 percent of a SD. 

This is consistent with Table 4.4, where I showed that the level of education 

of both the mother and her partner differentiated between the levels of the 

employment and couple status variable.  The amount of household income also 

distinguished between the groups. 

In Model C, the coefficient of smoking for 2 or 3 trimesters is negative (-1.7) 

and so the expected vocabulary score of a child whose mother smoked during 

pregnancy is 1.7 points lower than for other mothers holding all else constant. This 

is consistent with the research that shows that smoking during pregnancy has 

harmful effects (Hackshaw et al., 2011).  

In my research sample, smoking during pregnancy is associated with other 

characteristics (Table 4.5) such as being unemployed, being a sole mother, lower 

levels of education and depression that also have a negative relationship with 

vocabulary score. When all these characteristics are entered into the model in Model 

G, the coefficient is small but positive (1.2). This could be a causal relationship even 

though it is inconsistent with previous research but it could also result from a 

missing variable in the model if this missing variable was positively associated with 

characteristics of smokers. 

Other NLSCY research has found a similar relationship. In the Successful 

Transitions research Brownell, Willms, and Tramonte (2009) using logistic 

regression, found for the outcome of a low receptive vocabulary that smoking 
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reduced the odds of a low score, but this odds ratio (0.77) was not significant. Their 

result is consistent with the logistic regression results in Table 5.4 where smoking is 

associated with an odds ratio of (0.75).   

The measures of parenting style show a similar pattern to the previous 

model but with smaller coefficients.  The early depression and late depression 

variables are still significant but approximately 40 percent of the size of the 

coefficients when I measured direct effects. This overall pattern of smaller 

coefficients throughout the model, indicates that the variables are not independent 

of each other.  Now that I have included a wider range of variables in the model, the 

size of the coefficients has decreased.  

The variables associated with reading to the child remain significant and 

positive at about 60 percent of their previous size.  Daily reading across waves still 

provides a 5 point difference to a vocabulary score (33 percent of a SD). 

The intercept (96.9) represents a male child of a dual earner couple where 

the mother had mean education.  His household had mean SES and social support 

scores.  This child’s mother did not smoke.  She breastfed him for less than 3 

months.  He had better than poor or fair health at birth.  His mother’s parenting 

scores were equal to the mean and she was not depressed at any wave.  He was read 

to with less than daily frequency across all waves. 
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Research question 1.3.  Does the neighbourhood SES have an effect on the 

vocabulary score, independent of the characteristics of the household?  

Two groups of variables measure the socioeconomic status of the 

neighbourhood.  The first group are measures derived from the NLSCY.  They 

provide information on the mother’s perception of the neighbourhood as well as the 

population size of the rural/urban area in which they live.  The second group are 

derived from the Canadian Census and are measures of neighbourhood at the level 

of Census Subdivision.  The results of the models fitted are given in Table 5.1.  

Model H: Measures of neighbourhood from the NLSCY.  As I discussed in 

Chapter 3, I derived the variables Neighbourhood safety score and Neighbourhood 

cohesiveness score using answers to questions answered by the mother.  These 

scales and those recording rural/urban population sizes are not independent 

measures of neighbourhood since it seems reasonable to assume that families have 

some control over where they reside.  This choice of where to live may influence 

their perception of the neighbourhood as reflected in the safety and cohesiveness 

scores. 

The neighbourhood perception scales are both mean centred and show that 

the expected value of the vocabulary score increased by 0.5 points when the 

mother’s neighbourhood safety score increased by 1 SD.  Similarly, for 

neighbourhood cohesiveness a 1 SD increase resulted in a 0.4 point increase in the 

vocabulary score.  The effect of these two variables is not large. 
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The size of the town where the household resided had a marginal effect, with 

only a small town of less than 30,000 people and a rural area having coefficients that 

are opposite in sign and significant at the 0.1 level.  The intercept (101.4) represents 

a child whose mother perceived her neighbourhood safety and cohesiveness to be 

average and whose household lived in a large urban area. 

Model J: Census neighbourhood characteristics at the CSD level.   

I discussed the derivation of these variables Chapter 3.  They represent different 

aspects of neighbourhood SES.  The coefficients vary in their effect size.  An increase 

in the proportion of the Census Subdivision (CSD) who owned their own home 

resulted in a small positive change in the vocabulary score—a 1 percent increase 

resulted in a 0.05 point increase in the score.  From Table 4.10, the average 

percentage of home owners in the CSDs in which male earner couples lived was 71 

percent compared with 64 percent for unemployed sole mothers—a difference of 7 

percentage points.  This difference resulted in an expected decrease of 0.4 points in 

the score. 

A similar but negative effect size can be seen for the variable that measures 

the proportion of the CSD that has not moved.  An increase in this proportion 

resulted in a decrease in the vocabulary score.  This coefficient is not significant at  

p < 0.10.  This is consistent with Table 4.10 where higher SES male earner couples 

lived in a CSD where 81 percent had not moved in the intercensal period of 5 years 

compared with 84 percent of lower SES unemployed couples.  
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The coefficient for the percentage with a college degree or higher is larger 

(0.177) and on average the difference between the proportion with such a degree 

for a dual earner couple CSD (17 percent) compared with an unemployed couple 

CSD (14 percent) resulted in an expected increase of 0.6 points. 

An increase of 1 percent in the percentage of recent migrants results in an 

expected decrease of 0.9 points in the vocabulary score.  Table 4.10 shows that there 

is little difference (< 1 percent) between households in terms of the average 

percentage that had migrated in the last 5 years.  The median value of owner-

occupied homes in the CSD is expressed in multiples of $10,000.  An increase of 

$10,000 (or 1 point) leads to an expected increase in the vocabulary score of 0.14 

points.  There is a 4 point difference in the average value of houses in the CSDs of 

male earner couples (15.4) compared with unemployed couples (11.3).  As a result 

there is an expected difference in the vocabulary score of 0.6 points. 

Model L: Complete model.  In Model G, I estimated a full household model 

that included all the variables from Model A to F to examine the role of employment 

and couple status in conjunction with measures of the household.  Previous research 

has shown that characteristics of both the household and the neighbourhood can 

have an independent effect on the outcomes of the child.  This is tested in Model L, 

shown in Table 5.2, which presents the results of a combined household and 

neighbourhood model.
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Table 5.2 

Model L: Multiple Linear Regression Model of Relationship between Mother’s 
Employment, Other Characteristics of the Household and the Environment, and 
Outcome of Child’s Vocabulary Score (Dependent Variable: PPVT-R Score) 
 
Explanatory Variable Coefficient 

Robust standard 
error 

Intercept 103.13 3.53 

Dual earner couple  Ref Cat  

Male earner couple   0.08 0.44 

Female earner couple -0.54 1.22 

Unemployed couple  -2.08 1.43 

Employed sole mother  -0.20 0.66 

Unemployed sole mother  -2.34** 1.09 

Years of education mother standardised  1.27*** 0.25 

Remainder of  HH SES standardised  2.03*** 0.25 

Social support score MC  0.32*** 0.06 

Smoked 2 or 3 trimesters   0.97* 0.51 

Smoked 1 trimester or did not smoke  Ref Cat  

Female child   1.37*** 0.37 

Male child  Ref Cat  

Breastfed GE 3months   1.50*** 0.41 

Breastfed LT 3 months Ref Cat  

Child had poor or fair health at birth  -1.04 0.97 

Child had good or better health at birth  Ref Cat  

Ineffective parenting score W2 MC -0.02 0.07 

Ineffective parenting score W3 MC  0.16** 0.07 

Consistent parenting score W2 MC  0.22*** 0.08 

Consistent parenting score W3 MC  0.18** 0.08 

Depression all waves   1.32 1.14 

Depression early including W1 -1.12** 0.53 

Depression late including W3  -1.79*** 0.69 

Depression in no waves  Ref Cat  

Read daily across waves   5.22*** 0.54 

Read daily in W3   2.74*** 0.72 

Read daily in W1   2.07*** 0.64 

Read less frequently in all waves  Ref Cat  

Neighbourhood safety score MC -0.01 0.14 

Neighbourhood cohesiveness score MC -0.02 0.10 
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Table 5.2 Continued   

 
Explanatory Variable Coefficient 

Robust standard 
error 

Urban area GE 100,000 Ref Cat  

Town 30,000 to LE 99,999   0.41 0.56 

Small town LT 30,000   0.43 0.52 

Rural area   0.37 0.57 

% of CSD who owns home  0.01 0.02 

% of CSD not moved in 5 years -0.05 0.03 

%with college degree or higher  0.04 0.04 

% of labour force aged employed -0.04 0.03 

% migrated in last 5 years -0.66*** 0.14 

Median value of homes in $10,000s  0.05 0.04 

Time trend -0.79*** 0.15 

Note: HH = Household, MC = Mean Centred, Ref Cat = Reference Category,  
Weight = child longitudinal weight, *P < 0.1, **P < 0.05, ***P < 0.01  

 

In this model I have shown the robust standard errors in the third column.   

I have combined the groups of variables for the household and neighbourhood 

environments.  Although many of the included variables, particularly within the 

household, are significant the effect size of most of them is modest.  This is 

consistent with a model of child achievement on the vocabulary test where many 

aspects of the child’s life play an important but small part in the outcome (Brownell 

et al., 2009).  This indicates that there is no single policy that can be implemented 

which by itself will bring about dramatic changes in a child’s vocabulary score.    

I discuss this implication further in Chapter 6. 

The parenting scores changed little from Model F with the variables 

Ineffective parenting Wave 3, Consistent parenting Wave 2, and Consistent parenting 

Wave 3 all having a small but positive effect of 0.2 points for each point increase 
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above the mean.  The coefficients for the variables Depression early and Depression 

late are also significant and negative: early = -1.4; late = -2.2.  This shows that the 

mother’s experience of depression in Wave 3, in temporal proximity to when the 

child’s PPVT-R score was measured, had a larger effect. 

An important difference in this combined model is that apart from the 

variable of Percentage who migrated in last five years in the CSD, all the other 

measures of neighbourhood are no longer significant and are reduced in size.  The 

neighbourhood has no effect on the vocabulary score independent of the variables 

in the household.  This is not consistent with other work on the effect of 

neighbourhood measures in the NLSCY.  I will examine this in Chapter 6.  

Model L confirms the importance of parental engagement with the child.  

Compared with less frequent reading, the expected score of a child whose parent 

read to them every day is 5.2 points higher.  This is approximately a third of a SD.  

Reading daily but over a shorter period of time was also beneficial.  Reading daily in 

Wave 3 increased the score by 2.8 points and reading daily in Wave 1 increased the 

score by 2.1 points. 

Summary.  The combined model shows that once other characteristics have 

been entered into the model, the coefficients for the individual levels of the 

categorical variable of employment and couple status are no longer significant with 

the exception of the variable Unemployed sole mother (-2.3).  The coefficient for the 

variable Unemployed couple (-2.1) is similar in size, although this coefficient is not 

significant at p < 0.10.  This shows that employment was important at the household 
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level and being in a household with employed parents was beneficial to the child.  At 

a given level of income the difference between having one and two parents working 

produces little difference in the expected vocabulary score.  Working parents have 

higher education and less depression, which distinguish them from households that 

are unemployed.  However, the significant coefficient for the variable Unemployed 

sole mother and its similarity to the coefficient for Unemployed Couple show that 

both still exhibit variance that is unaccounted for by other variables in the model.  

The coefficients for parental engagement are strong and have a positive 

effect.  This suggests that changes in parental behaviour could bring about benefits 

for children.  The presence of the small time trend suggests that increases in 

predictor variables such as SES and maternal education have not been completely 

matched by increases in the PPVT-R scores of the children.  I will discuss this in 

more detail below. 

Dependent Variable: Low Score on PPVT-R Scale—Potential Difficulty in 

Learning to Read 

In the following analysis I use logistic regression to examine the relationship 

between the experience of not working for the mother and her partner, the 

household environment, and the likelihood of the child receiving a low score on the 

vocabulary test.  I have defined a low score as being one standard deviation (SD) 

below the mean.  This cut-off point is consistent with previous research (Willms, 

Tramonte, & Chin, 2009).  In the research sample, 12.8 percent of the children 

achieved a score that was 1 SD or more below the mean.  The analysis in relation to 
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inattention-hyperactivity follows in the next section.  In Table 5.3 I show the results 

from the logistic regression with the parameters converted to odds ratios. 

Research question 2.1 (i).  What is the effect of extended unemployment of 

the mother during her child’s early years from birth to age 5 on the likelihood of the 

child having a poor outcome on receptive vocabulary at 4 to 5 years? 
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Table 5.3 

 
Logistic Regression Models for Relationship between Household Variables and Outcome of Low Score PPVT-R 
 Odds Ratio 
Explanatory Variable  Model A Model B Model C Model D Model E Model F Model G Model H Model J 

Dual earner couple RC 1.00 
 
 

    1.00   

Male earner couple  1.32** 
 
 

    1.11   

Female earner couple  0.850 
 
 

    0.58*   

Unemployed couple  4.44*** 
 
 

    1.74**   

Employed sole mother  1.99*** 
 
 

    1.35**   

Unemployed sole mother  3.23*** 
 
 

    1.69**   

Years of Education 
mother standardised 

 0.86**     0.90   

Remainder of  HH SES 
standardised 

 0.63***     0.69***   

Social support score MC 
 
 

0.92***     0.93***   
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Table 5.3 Continued          
 Odds Ratio 
Explanatory Variable  Model A Model B Model C Model D Model E Model F Model G Model H Model J 

Smoked 2 or 3 trimesters  
 
 

 1.07    0.68***   

Smoked 1 trimester or 
did not smoke 

  1.00    1.00   

Female child  
 
 

  0.77***    0.71***   

Male child 
 
 

  1.00    1.00   

Breastfed GE 3 months  
 
 

 0.73***    1.05   

Breastfed LT 3 months 
 
 

 1.00    1.00   

Child had poor or fair 
health at birth  

  0.91    0.96   

Child had good or better 
health at birth 

  1.00    1.00   

Ineffective parenting score 
W2 MC 

   0.10   0.99   

Ineffective parenting score 
W3 MC 

   0.97   0.97   

Consistent parenting score 
W2 MC 

   0.94***   0.98   

Consistent parenting score 
W3 MC 

   0.91***   0.95***   
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Table 5.3 Continued          
 Odds Ratio 
Explanatory Variable Model A Model B Model C Model D Model E Model F Model G Model H Model J 

Depression all waves  
 
 

   1.67**  0.84   

Depression early including 
W1  

    1.51***  1.15   

Depression late including 
W3 

    1.84***  1.23   

Depression no waves RC 
 
 

   1.00  1.00   

Read daily across waves  
 
 

    0.30*** 0.43***   

Read daily in W3  
 
 

    0.62** 0.89   

Read daily in W1  
 
 

    0.73*** 0.76**   

Read less frequently 
than daily in all waves  

     1.00 1.00   

Neighbourhood safety 
score MC 

       0.93**  

Neighbourhood 
cohesiveness score MC 

       0.93***  
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Table 5.3 Continued          
 Odds Ratio 
Explanatory Variable Model A Model B Model C Model D Model E Model F Model G Model H Model J 

Urban area GE 100,000 RC 
 
 

      1.00  

Town 30,000 to LE 99,999 
 
 

      0.64***  

Small town LT 30,000 
 
 

      0.61***  

Rural area 
 
 

       0.90  

% of CSD who owns 
home 

        0.99** 

% of CSD not moved in  
5 years 

        1.01 

% with college degree or 
higher 

        0.97*** 

% of labour force-aged 
population employed 

        0.99*** 

% migrated in last  
5 years 

        1.17*** 

Median value of home in 
$10,000s 

        0.99 

Note: MC = Mean Centred, Weight = child longitudinal weight, *P<0.1, **P<0.05, ***P<0.01.  The beta parameters estimated for 
these models included an intercept.  However, when converted to odds ratios the intercept is rarely interpreted and is not 
included by Stata in the output. 
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Model A: Employment and couple status of household.  Does the 

presence of the mother or her partner, either of whom is not working 

(unemployed) increase the likelihood of a low vocabulary score for the child?  In 

the categorisation of employment and couple status, non-working parents are 

found in the male earner couple, female earner couple, unemployed couple and 

unemployed sole mother categories.  Compared with dual earner couple 

households, a child in a household with no working parents was particularly 

vulnerable.  In unemployed couple households a low score was 4.4 times more 

likely to occur and in unemployed sole mother households a low score was 3.2 

times more likely to occur. 

In male earner households, the increase in the odds is smaller; a low score 

is 1.3 times more likely to occur.  Even when a sole mother was employed, the 

odds of her child having a low score were 2.0 times greater, indicating that 

whether or not the mother is employed is not the only factor that increases the 

likelihood of a low score. 

Research question 2.2 (i).  To what extent do other factors within the 

household such as SES, parenting style, and maternal depression influence the 

likelihood of the child having a poor outcome on receptive vocabulary at 4 to 5 

years? 

Model B: Measures of human, economic, and social capital.  These three 

measures of capital all have odds ratios less than one.  An increase of 1 SD in the 

number of years of education of the PMK decreased the odds of a low vocabulary 

score by 14 percent, an increase in 1 SD in the SES score decreased the odds by 
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37 percent, and an increase in one in the social support score reduced the odds 

by 8 percent. 

Model C: Pre- and postnatal characteristics.  Only being female and 

breastfeeding are significant in Model C.  Compared with a male, the odds of a 

female child having a low vocabulary score is 23 percent less.  The odds for a 

child who was breastfed for at least three months are 26 percent less than for a 

child who was breastfed for a shorter period of time. 

Model D: Measures of parenting scores.  Here only the measures of 

consistent parenting are significant.  An increase of 1 point in the Wave 2 score 

reduced the odds of a low vocabulary score by 6 percent.  This is a smaller effect 

than for the Wave 3 score where an increase in 1 point reduced the odds by 9 

percent.  

Model E: Maternal depression across the waves.  All three measures are 

significant and increased the odds of a low score compared with a mother who 

had no experience of depression across the waves.  Depression in all waves 

increased the odds of a low vocabulary score by 67 percent; depression early 

increased the odds by 51 percent; and depression late increased the odds by 84 

percent.   

Model F: Parental engagement—daily reading with the child.  

Consistent with other models, reading daily to the child was associated with a 

reduction in odds of a low vocabulary score compared to parental reading that 

was less frequent than daily.  Reading daily across all waves reduced the odds of 

a low vocabulary score by 70 percent.  Reading daily in Wave 3 reduced the odds 

by 38 percent and reading daily in Wave 1 reduced the odds by 27 percent.  Once 
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again, a greater length of time spent reading resulted in a greater effect.  Reading 

with the child closer to the time of the test also reduced the odds of a low 

vocabulary score more than reading earlier in the child’s life. 

Model G: Household environment.  In the combined model, the 

significance and direction of the parameters differ from Models A to F in some 

respects.  In the variables of employment and couple status, the odds ratios for 

the groups that include unemployed couples and sole mothers maintain their 

significance, although the parameter size is reduced.  For the child of an 

unemployed couple, the odds of a low vocabulary score increased by 74 percent.  

For an unemployed sole mother the odds increased by 69 percent and for an 

employed sole mother they increased by 35 percent. 

The odds ratio for the remainder of SES, the social support score, having 

smoked for 2 or 3 trimesters, and being a female child are all less than one and 

show reduced odds of a low vocabulary score.  The direction of the odds ratio for 

having smoked 2 or 3 trimesters is in the opposite direction to that expected.  In 

this aspect it is similar to its coefficient in the linear regression model, where the 

coefficient was 0.984.  Only the odds ratio for Consistent parenting score W3 is 

significant, which indicates that for each 1 point increase in this Wave 3 score the 

odds of a low vocabulary score was reduced by 5 percent.  

The odds ratios for the measures of depression are no longer significant 

at the 0.1 level or less.  Only two of the daily reading odds ratios are significant.  

These ratios show that reading daily across all waves was associated with a 56 

percent decrease in the odds of a low vocabulary score.  Reading daily in Wave 1 
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reduced the odds of a low score by 24 percent compared with reading less 

frequently than daily in one wave. 

Research question 2.3 (i).  Does the neighbourhood SES have an effect 

on these poor outcomes, independent of the characteristics of the household? 

Model H: Measures of neighbourhood from the NLSCY.  Consistent with 

the linear regression model, four of the odds ratios are significant.  An increase of 

1 point in both the neighbourhood safety and neighbourhood cohesiveness 

scores decreased the odds of a low vocabulary score by 6 percent and 7 percent 

respectively. 

Location of the household in a town with a population of between 30,000 

and 99,999 decreased the likelihood of a low vocabulary score by 36 percent, 

while living in a smaller town of less than 30,000 reduced the likelihood of a low 

score by 39 percent. 

Model J: Census neighbourhood characteristics at the CSD level.  Of the 

six measures derived from the Census, four are significant at less than the 0.1 

level.  The estimated odds ratios for three measures—Percentage who own their 

own home, Percentage with a college degree or higher, and Percentage of labour 

force aged population who are employed—are all only just less than 1 and so 

indicate that a 1 percent increase in the percentage of the CSD resulted in a small 

(1 to 3 percent) reduction in the likelihood of a low vocabulary score.  The odds 

ratio for the variable Percentage who migrated in the last 5 years shows that a 1 

percent increase in this variable was associated with a 17 percent increase in the 

likelihood of a low vocabulary score. 
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Model L: Complete model. 
 
Table 5.4 
 
Model L: Logistic Regression Model of the Relationship between Measures of the 
Household and the Environment and a Low PPVT-R Score 

Explanatory variable Odds ratio 
Robust 

standard error 
Dual earner couple  1.00  

Male earner couple 1.10 0.12 

Female earner couple 0.58 0.21 

Unemployed couple  1.72** 0.47 

Employed sole mother  1.31* 0.19 

Unemployed sole mother  1.65** 0.34 

Years of education mother standardised 0.88** 0.06 

Remainder of  HH SES standardised 0.67*** 0.05 

Social support score MC 0.93*** 0.01 

Smoked 2 or 3 trimesters  0.75** 0.09 

Smoked 1 trimester or did not smoke  1.00  

Female child  0.70*** 0.06 

Male child  1.00  

Breastfed GE 3 months 0.96 0.10 

Breastfed LT 3 months  1.00  

Child had poor or fair health at birth  0.92 0.23 

Child had good or better health at birth  1.00  

Ineffective parenting score W2 MC 0.99 0.02 

Ineffective parenting score W3 MC 0.98 0.02 

Consistent parenting score W2 MC 0.98 0.02 

Consistent parenting score W3 MC 0.95*** 0.02 

Depression all waves  0.86 0.21 

Depression  early including W1  1.16 0.14 

Depression late including W3  1.20 0.18 

Depression in no waves  1.00  

Read daily across waves  0.43*** 0.05 

Read daily in W3  0.85 0.12 

Read daily in W1  0.76** 0.101 

Read less frequently than daily in all waves  1.00  

Neighbourhood safety score MC 1.03 0.04 

Neighbourhood cohesiveness score MC 1.00 0.02 
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Note: MC = Mean Centred, Weight = child longitudinal weight, *P < 0.1, **P < 0.05, 
***P < 0.01 
 

The estimated size of the odds ratios for employment and marital status 

remain virtually equal to those estimated in Model G.  Only those for households 

with no working adults are significant at p < 0.05. 

All three measures of human social capital maintained their significance 

and an increase of 1 SD in the years of education for the mother resulted in a  

12 percent decrease in the likelihood of a low vocabulary score.  A similar 

increase in the remainder of SES resulted in a 33 percent reduction in the score.  

For the social support score an increase of 1 point produced to a 7 percent 

decrease in the score. 

The odds ratios for the variable Smoked 2 or 3 trimesters, being a female 

child, and Consistent parenting score W 3 are similar in size and interpretation to 

Table 5.4 Continued   

Explanatory variable Odds ratio 
Robust 

standard error 
Urban area GE 100,000  1.00  

Town 30,000 to LE 99,999  0.68** 0.10 

Small town LT 30,000  0.68*** 0.09 

Rural area  0.77* 0.12 

% of CSD who owns home 1.00 0.00 

% of CSD not moved in 5 years 1.01 0.01 

% with college degree or higher 0.98* 0.01 

% of labour force age employed 1.00 0.01 

% migrated in last 5 years 1.12*** 0.03 

Median value of homes in $10,000s 1.00 0.01 

Flag time cohort 2 0.73 0.13 

Flag time cohort 3 0.88 0.14 

Flag time cohort 4 0.87 0.16 

Flag time cohort 5 0.95 0.16 
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those in Table 5.3 Model F.  Similarly, none of the odds ratios for the measures of 

depression are significant. 

Parental engagement adds some new information to the model.  Reading 

daily to the child across waves reduced the likelihood of a low vocabulary score 

by 57 percent.  In the cases where the parent only read daily in Wave 1 or Wave 

3, the reduction was approximately 20 percent.  However, only the odds ratio for 

reading daily in Wave 1 is significant. 

It is in the measures of the neighbourhood that there are differences 

between the linear regression model and this logistic model.  In the linear 

regression combined model (Table 5.2), the only neighbourhood variable that 

was significant was Percentage of CSD who migrated in last 5 years.  It had a small 

negative effect (b = -0.651).  In the current model, physical location is more 

important.  Compared with an urban area over 99,999 people, living in a town of 

30,000 to 99,999 or a small town of less than 30,000 reduced the likelihood of a 

low vocabulary score by 32 percent.  For those in rural areas the reduction in the 

likelihood of a low score was 23 percent. 

In relation to the measures from the Census, the odds ratio for the 

variable Percentage who migrated in the last 5 years is significant with a  

1 percent increase in that proportion being associated with a 12 percent increase 

in the likelihood of a low vocabulary score.  In addition, a 1 percent increase in 

the percentage with a college or higher degree reduced the likelihood of a low 

score by 2 percent. 

Summary.  Unemployment in either a couple or sole mother household 

increased the odds of a low score for the child on the vocabulary test (PPVT-R).  
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However, education and SES decreased the odds of a low score.  The size of the 

town of residence had a small effect and decreased the odds of a low score. 

Dependent Variable: High Score on Inattention-hyperactivity Scale—

Presence of Inattention-hyperactivity  

In the research sample, 3.6 percent of children had a high score on the 

Inattention-hyperactivity scale. 

Research Question 2.1 (ii).  What is the effect of extended 

unemployment of the mother during her child’s early years from birth to age 5 

on the likelihood of the child having a poor outcome on inattention-hyperactivity 

at 4 to 5 years? 

Table 5.5 reports the results of a series of logistic regression models 

where the outcome is a high score on an inattention-hyperactivity scale, which is 

indicative of inattention-hyperactivity.  The presence of inattention-

hyperactivity reduces the ability of the child to behave in a manner expected in 

the classroom and can affect the likelihood of the child making a successful 

transition to school.  This scale is a measure of behaviour rather than cognitive 

development and it is expected that the relationship between it and the 

explanatory variables will differ from that for a cognitive outcome such as 

vocabulary score.  The explanatory variables are measures of different aspects of 

the child’s household environment.  The groups of variables are the same as 

those for the low vocabulary score models and I present them in the same order.  

There are several noticeable differences between these results and those for the 

low vocabulary score. 
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Table 5.5  
 
Logistic Regression Models for Relationship between Household Variables and High Inattention-hyperactivity Score 
 Odds Ratio 

Explanatory variable Model A Model B Model C Model D Model E Model F Model G Model H Model J 

Dual earner couple 1.00 
 
 

    1.00   

Male earner couple  0.63** 
 
 

    0.51***   

Female earner couple 0.90 
 
 

    0.73   

Unemployed couple 2.38* 
 
 

    1.61   

Employed sole mother 1.11 
 
 

    0.78   

Unemployed sole mother  2.39*** 
 
 

    1.22   

Years of Education  
mother standardised 

 0.78**     0.86   

Remainder of HH SES 
standardised 

 0.94     1.02   

Social support score MC 
 
 

0.97     1.00   
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Table 5.5 Continued          

 Odds Ratio 

Explanatory variable Model A Model B Model C Model D Model E Model F Model G Model H Model J 

Smoked 2 or 3 trimesters  
 
 

 1.71***    1.40*   

Smoked 1 trimester or  
did not smoke  

  1.00    1.00   

Female child  
 
 

  0.45***    0.48***   

Male child 
 
 

  1.00    1.00   

Breastfed GE 3 months  
 
 

 0.64***    0.74*   

Breastfed LT 3 months  
 
 

 1.00    1.00   

Child had poor or fair 
health at birth  

  1.34    1.47   

Child had good or better 
health at birth  

  1.00    1.00   

Ineffective parenting score 
W2 MC 

   1.07***   1.07***   

Ineffective parenting score 
W3 MC 

   1.30***   1.29***   

Consistent parenting score 
W2 MC 

   1.00   1.02   

Consistent parenting score 
W3 MC 

   0.99   1.03   
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Table 5.5 Continued          

 Odds Ratio 

Explanatory variable Model A Model B Model C Model D Model E Model F Model G Model H Model J 

Depression all waves  
 

 
   4.38***  1.42   

Depression early including 

W1  
    2.11***  1.42*   

Depression late including 

W3 
    3.46***  1.97***   

Depression in no waves 
 

 
   1.00  1.00   

Read daily across waves 
 

 
    0.37*** 0.52***   

Read daily in W3  
 

 
    0.51*** 0.59**   

Read daily in W1  
 

 
    0.60*** 0.61**   

Read less frequently  

than daily all waves  
     1.00 1.00   

Neighbourhood safety 

score MC 
       0.96  

Neighbourhood 

cohesiveness score MC 
       0.95  
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Table 5.5 Continued          

 Odds Ratio 

Explanatory variable Model A Model B Model C Model D Model E Model F Model G Model H Model J 

Urban area GE 100,000 RC 
 

 
      1.00  

Town 30,000 to LE 99,999  
 

 
      1.27  

Small town  LT 30,000  
 

 
      1.05  

Rural area  
 

 
       0.98  

% of CSD who owns home 
 

 
       0.98*** 

% of CSD not moved in  

5 years 

 

 
       1.00 

% with college degree or 

higher 
        1.00 

% of labour force-aged 

population employed 
        1.03** 

% migrated in last  

5 years 
        0.91* 

Median value of home in 

$10,000s 
        0.98 

Note: MC = Mean Centred, Weight = child longitudinal weight, *P < 0.1, **P < 0.05, ***P < 0.01 
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Model A: Measures of employment and couple status.  In Model A, 

compared with the reference category, the odds ratios of the covariates fall into two 

groups.  The odds ratios for children of the male and female earner couples are less 

than 1.0, which indicates that compared with the children of the dual earner couples 

these children were less likely to have a high inattention-hyperactivity score.  There 

is a reduction of 37 percent for the male earner couples and 11 percent for the 

female earner couples but this odds ratio is not significant at the 0.1 level. 

The other three family types—unemployed couple, employed sole mother,  

and unemployed sole mother  —were more likely to have children with a high score, 

although the odds ratio for employed sole mothers is not significant at the 0.1 level.  

For the two unemployed households, the increase in the odds ratio is 240 percent, 

which means the children were 2.4 times more likely to have a high inattention-

hyperactivity score. 

Research question 2.2 (ii).  To what extent do other factors within the 

household such as SES, parenting style, and maternal depression influence the 

likelihood of the child having a poor outcome on inattention-hyperactivity at 4 to 5 

years? 

Model B: Measures of human, economic, and social capital.  Compared 

with the vocabulary test results, only the years of education for the mother was 

significant.  Each 1 SD increase in years of education for the mother reduced the 

odds of a high inattention-hyperactivity score by 22 percent.  The odds ratios for 

remainder of SES and the social support score are very close to 1.00. 
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Model C: Pre- and postnatal characteristics.  Being a female child and 

having been breastfed for at least 3 months reduced the odds of a high inattention-

hyperactivity score by 55 percent and 36 percent respectively.  These effects are 

larger than for a low vocabulary score.  Both the mother having smoked for 2 or 3 

trimesters and the child having been born with poor or fair health increased the 

odds of a high score, but only the smoking variable is significant at less than 0.1 and 

increases the odds by 71 percent.  This is larger than for a low vocabulary score, 

which increased the odds ratio by 7 percent. 

Model D: Measures of parenting style.  For this group, only the two 

measures of ineffective parenting score are significant at the 0.01 level but the size 

of the effect differs.  An increase in 1 point of the variable ineffective parenting score 

W3 increased the odds of a high inattention-hyperactivity score by 7 percent while 

the same change in the variable ineffective parenting score W2 increased the odds by 

30 percent.  This finding reverses that for a low vocabulary score, where only the 

consistent parenting score was significant and it reduced the likelihood of a low 

score.  This suggests that different mechanisms were responsible for the two 

different outcomes. 

Model E: Maternal depression across the waves.  All three measures of 

depression increased the odds of a high score on the inattention-hyperactivity scale.  

These are some of the largest odds ratios in this analysis.  Maternal depression in 

every wave increased the child’s odds of a high inattention-hyperactivity score by 

multiple of 4.4, maternal depression late in the three waves increased it by 3.5 
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times, and maternal depression only early in the three waves increased it by 2.1 

times.  These results are consistent with the hypothesis that the mood of the mother 

directly affected her behaviour towards the child.  The effects shown are also larger 

than those for the low vocabulary score (range 51 to 84 percent).  These results are 

consistent with those reported by Letourneau, Tramonte, and Willms (2013), where 

maternal depression across all waves increased the odds of a high inattention-

hyperactivity score by 3.7 times, late maternal depression increased it by 2.26 times, 

and early maternal depression increased it by 1.94 times. 

Model F: Parental engagement—daily reading with the child.  Given the 

literature, it was not surprising to find that daily reading with the child increased 

the child’s vocabulary score.  Even though inattention-hyperactivity is a behavioural 

measure, daily reading with the child also had a large effect.  Daily reading across all 

waves reduced the odds of a high inattention-hyperactivity score by 63 percent, 

daily reading in Wave 3 reduced it by 49 percent and daily reading only in Wave 1 

reduced it by 40 percent.  Perhaps the parental attention the child received while 

engaged in reading reduced the inattention or hyperactivity of the child.  Although 

the reverse explanation that children who are of a more placid nature are read to 

more often by their parents is also plausible. 

Model G: Combined model in the household.  In the combined model, fewer 

of the odds ratios are significant at less than the 0.1 level and the estimated size of 

several of those that maintain their significance has moved closer to 1.0.  Of the 

variables of employment and couple status only the odds ratio for male earner 
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couple retains its significance.  It is one of the few that has increased in size and now 

indicates that compared with a dual earner couple, being the child of a male earner 

couple reduced the odds of a high inattention-hyperactivity score by 49 percent.  

The variables that are measures of human, economic, and social capital (Model B) 

are not significant either, indicating for both these sets of variables that once the 

other variables are entered into the model, they have little further influence on the 

outcome. 

The pre- and postnatal characteristics maintain their significance.  Having 

smoked 2 or 3 trimesters is now associated with increasing the odds of a high 

inattention-hyperactivity score by 40 percent.  Being a female child has a similar 

effect to Model C and reduced the odds of a high score by 52 percent.  The effect of 

breastfeeding is reduced; it decreased the odds by 26 percent instead of 36 percent. 

The effect of the measures of parenting style remains consistent even when the 

other variables have been taken into account.  The Wave 3 score increased the odds 

of a high inattention-hyperactivity score by 29 percent, which is again larger than 

the 7 percent increase of the Wave 2 score.  Parental behaviour closer to the 

measurement of the inattention-hyperactivity had a greater effect. 

With the measures of depression across the waves, the variable Depression 

across all waves is no longer significant and all three odds ratios are reduced in 

effect size.  Early maternal depression increased the odds of a high inattention-

hyperactivity score by 1.4 times and late maternal depression increased it by 2.0 
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times.  This suggests that depression closer to the time of the measurement of the 

inattention-hyperactivity scale had a larger effect.  

In this combined model the reading daily variables are all significant but 

closer to each other in effect.  Reading daily across all waves, which reduced the 

odds of a high inattention-hyperactivity score by 48 percent, still had the largest 

effect compared with reading daily in Wave 3 (40 percent) and reading daily in 

Wave 1 (39 percent). 

Research question 2.3 (ii).  Does the neighbourhood SES have an effect on 

these poor outcomes, independent of the characteristics of the household? 

Model H: Measures of neighbourhood from the NLSCY.  No parameters for 

neighbourhood measures from the NLSCY are significant at p < 0.1.  They are all 

close to 1 so any effect size is small. 

Model J: Census neighbourhood characteristics at the CSD level.  Of the six 

measures derived from the Census, three are significant.  A 1percent increase in the 

proportion of the CSD who owned their own home reduced the odds of a high 

inattention-hyperactivity score by 2 percent.  There is a 7 percent increase in the 

percentage owning their own home (see Table 4.10) between unemployed sole 

mothers and male earner couples and a difference of this size would reduce the 

odds of a high inattentive-hyperactivity score by 14 percent.  

A 1 percent increase in the proportion of the labour-force-aged population of 

the CSD that was employed is associated with a 3 percent increase in the odds of a 

high inattention-hyperactivity score.  The 8 percent increase in the proportion 
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employed between the average CSD of unemployed couples and dual earner couples 

would increase the odds by 24 percent, which is not in the expected direction. 

The odds ratio for the percentage of CSD who migrated in the last 5 years is 

0.907 and this is just significant at the 0.1 level.  Here a one percent increase in the 

proportion that migrated in the last 5 years is associated with an 8 percent decrease 

in the odds of a high inattention-hyperactivity score. 

Model L: Complete model.  In this model the robust standard errors are 

shown next to the odds ratios.  Consistent with Model G, only the odds ratio for the 

male earner couple is significant (p < 0.01) and indicates that compared with the 

dual earner couple, the likelihood of a high inattention-hyperactivity score for the 

child is reduced by 47 percent.  Of the SES variables and the social support score, 

only the mother’s education is significant and consistent in size with estimates in 

Models B and G. 

Consistent with Model G, being a female child also reduced the likelihood of a 

high inattention-hyperactivity score by 48 percent.  The odds ratios for the 

measures of parenting style are again similar to Model G, providing evidence that 

the addition of the neighbourhood variables has no additional effect on the 

parameters.  An increase in 1 point in the ineffective parenting scale for Wave 2 

increased the likelihood of a high inattention-hyperactivity score by 8 percent.  A  

1 point increase in the Wave 3 score increased the likelihood by 29 percent. 

The odds ratios for maternal depression have reduced in size and the odds 

ratio for the variable Depression all waves is not significant at the 0.1 level.  
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Depression early including W1 increased the likelihood of a high inattention-

hyperactivity score by 41 percent.  Again Depression late including W 3 increased the 

likelihood by 202 percent.   

Table 5.6 

Model L: Logistic Regression Model of the Relationship between Outcome of Presence 
of Inattention-hyperactivity and Measures of the Household and Neighbourhood 
Environment 

Explanatory variable Odds ratio 
Robust 

standard error 
Dual earner couple 1.00  
Male earner couple  0.53*** 0.11 
Female earner couple  0.79 0.36 
Unemployed couple  1.58 0.70 
Employed sole mother  0.74 0.18 
Unemployed sole mother  1.15 0.33 
Years of education mother standardised 0.82** 0.08 
Remainder of  HH SES standardised 1.01 0.12 
Social support score MC 0.99 0.03 
Smoked 2 or 3 trimesters  1.34 0.25 
Smoked 1 trimester or did not smoke  1.00  
Female child  0.49*** 0.08 
Male child  1.00  
Breastfed GE 3 months  0.73 0.12 
Breastfed LT 3 months  1.00  
Child had poor or fair health at birth  1.41 0 .45 
Child had good or better health at birth  1.00  
Ineffective parenting score W2 MC 1.08*** 0.03 
Ineffective parenting score W3 MC 1.29*** 0.03 
Consistent parenting score W2 MC 1.02 0.03 
Consistent parenting score W3 MC 1.02 0.03 
Depression all waves  1.32 0.46 
Depression early including W1  1.41* 0.29 
Depression late including W3  2.02*** 0.46 
Depression in no waves  1.00  
Read daily across waves  0.53*** 0.11 
Read daily in W3  0.65* 0.16 
Read daily in W1  0.59** 0.16 
Read less frequently than daily in all waves  1.00  
Neighbourhood safety score MC 1.02 0.06 
Neighbourhood cohesiveness score MC 0.98 0.03 
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Table 5.6 Continued   

Explanatory variable Odds ratio 
Robust 

standard error 
Urban area GE 100,000  1.00  
Town 30,000 to LE 99,999  1.11 0.27 
Small town LT 30,000  0.92 0.19 
Rural area  0.89 0.21 
% of CSD who owns home 0.99 0.01 
% of CSD not moved in 5 years 1.01 0.01 
% with college degree or higher 1.01 0.02 
% of labour force age employed 1.03** 0.01 
% migrated in last 5 years 0.90* 0.05 
Median value of homes in $10,000s 0.99 0 .02 
Flag time cohort 2 0.60* 0.16 
Flag time cohort 3 0.54*** 0.12 
Flag time cohort 4 0.55** 0.16 
Flag time cohort 5 0.57** 0.15 
Note: MC = mean centred, Weight = child longitudinal weight, N = 11768, *P < 0.1, 
**P < 0.05, ***P < 0.01 
 

I next consider the variables that measure parental engagement in the act of 

daily reading to the child.  The estimated odds ratios in this combined model have 

changed slightly (by no greater than 0.05) from those in Model F, which suggests 

that the addition of the neighbourhood variables has no substantial effect on these 

parameters.  Daily reading across all waves reduced the odds of a high inattention-

hyperactivity score by 48 percent.  Daily reading in Wave 3 reduced the odds by  

35 percent and daily reading in Wave 1 reduced the odds by 41 percent. 

I included variables to measure a possible time trend in the combined model 

for the linear regression.  The single ordinal variable Time trend that I used as a 

measure of time in the linear regression was not significant and so in this combined 

model I included a series of dummy variables.  The reference category is Cohort 1.  

Flag time cohort 2 shows that compared to Cohort 1, the odds of a high inattention-
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hyperactivity score are reduced by 40 percent.  For Flag time cohort 3 they are 

reduced by 46 percent.  For Flag time cohort 4 the odds are reduced by 48 percent 

and for Flag time cohort 5 they are reduced by 43 percent.   

None of the variables that are measures of neighbourhood in the NLSCY are 

significant at less than the 0.1 level and only two of the measures from the Census 

are significant.  An increase of 1 percent in the proportion of the population of 

labour force age who are employed resulted in a 3 percent increase in the odds of a 

high inattention-hyperactivity score.  An increase of 1 percent in the proportion of 

the CSD who migrated in the last 5 years decreased the odds of a high score by 10 

percent.  Similarly, Ross and Willms (2009) found that neighbourhood factors had 

small effects on inattention and physical aggression but larger effects on vocabulary 

and physical activity. 

In summarizing the findings from this model I note that the presence of 

inattention-hyperactivity is a behavioural measure.  I expect that the processes that 

generate such behaviour have characteristics that distinguish them from the 

processes that gives rise to a low vocabulary score.  The coefficient for male earner 

couples maintains its significance and size, which suggests that the households of 

these couples had qualities that conferred a protective advantage.  Parental 

engagement in the form of reading to the child was also beneficial, which indicates 

that reading to or with a child has benefits beyond improving reading skills.  

Negative parental behaviour such as ineffective parenting and the experience of 

depression, particularly if they occurred in the same wave as the measure, increased 
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the risk of inattention-hyperactivity.  As a whole, the household seems to have been 

a more important influence than the neighbourhood environment, where there are 

only two tiny effects.  Overall there was a range of influences that helped determine 

the measured behaviour.   

Stability of Relationships over Time 

Research Question 3.  Are the relationships between child outcomes and 

household and neighbourhood factors stable across time in the five cohorts of the 

research sample? 

Dependent variable: Receptive vocabulary score of child at 4 to 5 years.  

Within Canada over the 15 years during which the NLSCY data has been collected 

there have been increases in the number of years of education achieved as well as 

increases in the real value of wages (Morissette, Picot, & Lu, 2012).  Changes over 

time may also be taking place in other factors.  It is possible that over time the 

relationship that exists between the explanatory variables and the outcome variable 

is also changing.  A change over time can be tested by including a variable Time 

trend for cohorts in the model (Model L, Table 5.2).  The values of the variable are 0 

to 4 for Cohort 1 to Cohort 5 to maintain a meaningful intercept.  The coefficient  

(-0.81) is significant at the 0.01 level.  

All other things being equal, an estimated vocabulary score in one cohort will 

be 0.8 of a point lower than the preceding cohort due to the passage of time over the 

two year period.  From Cohort 1 to Cohort 5 the score would (0.8*4 = 3.2) points or 

about 20 percent of a SD lower.  This small trend in the scores may result from a 
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number of causes.  The trend may be picking up specification errors due to missing 

variables.  A possible scenario is that parental IQ, which is not in the model, caused 

part of the variation in language scores and in the income earned by parents (which 

is a component of SES).  The coefficient for SES will overstate the relationship 

between SES and the language score.  If SES increased in later cohorts because of 

real increases in wages due to a buoyant economy then the relationship between 

parental IQ and SES would change but the relationship between IQ and vocabulary 

score would remain the same.  So to give the same predicted score, values from later 

cohorts would need to be adjusted downwards.  However, the effect size for the 

trend is small compared with other variables such as parental engagement. 

I also fitted a model that included a series of dummy variables for Cohorts 2 

to 5 (the reference category was Cohort 1) to test whether there was any variation 

from year to year in the relationships.  None was significant.  I also fitted various 

interactions, including between depression and unemployed couples and between 

depression and sole mothers, but none achieved significance. 

Given the large positive effect for parental engagement, I was interested to 

know whether there was an interaction between this engagement and the 

experience of maternal depression.  Would the effect of depression be reduced if, 

while a mother was depressed, daily reading with the child was still carried out?  

The interaction terms I fitted were not significant and so I have not included them in 

the models reported here.  
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In Chapter 3 I discussed a number of issues in the analysis of survey data. 

The presence of missing data is of concern in such analysis because of the potential 

for bias in the parameters that are estimated.  I also suggested the creation of a 

series of flags for variables with missing data (Cohen and Cohen, 1983).  These flags 

each have a value of 1 if the value is missing and otherwise the flag is set to 0.  These 

flags can be used as a test of whether the missing data is missing completely at 

random (MCAR).  I included the series of variables created as flags in the complete 

model (Table 5.2) to test for this relationship.  A non-significant coefficient indicated 

that the data is MCAR.  The coefficients for Flag male earner couple (p < 0.05) and 

Flag depression early (p < 0.05) were significant, indicating that the missing data in 

these variables was not MCAR.  Anyone using this model should consider that 

coefficients estimated when data is not MCAR might be biased. 

Dependent variable: Low score on PPVT-R scale.  In the logistic regression 

model of a low score on the vocabulary test there was no evidence of a trend over 

time where the likelihood of a low score either increased or decreased in a linear 

fashion.  There was also no evidence of variation from cohort to cohort in 

relationship to Cohort 1.  

Dependent variable: High score on inattention-hyperactivity scale.  For 

the logistic regression model of the presence of inattention-hyperactivity there is no 

evidence of a linear trend.  However, there is variation around the Cohort 1 

relationship with a reduction in the likelihood of a clinical score of inattention-

hyperactivity of approximately 50 percent.  The proportion of children in the 
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research sample with a high score for inattention-hyperactivity is only 3.6 percent.  

This is much lower than the 12.8 percent with a low vocabulary score and may lead 

to larger variation in the estimated relationship. 

Conclusions 

In Chapter 4, the descriptive analysis of the mother’s and her partner’s 

employment and unemployment showed that employment for women was 

associated with other positive characteristics in the household and the 

neighbourhood, such as lower rates of depression and higher incomes.  When a 

mother herself was not employed, the presence of an employed partner provided 

many of the same benefits to the household as maternal employment.  The most 

disadvantaged households were those in which there was no employed adult. 

In this chapter I set out to examine the characteristics of a mother’s 

employment during her child’s early years and to examine how characteristics of the 

household and the neighbourhood environment, which included measures of SES, 

were associated with various outcomes for the child.  Three outcomes were 

considered: the child’s vocabulary score as an integer variable; a dichotomous 

variable indicating the presence of a low vocabulary score; and a dichotomous 

variable indicating the presence of inattention-hyperactivity. 

The models provided additional insight into the relationship between 

employment, household and neighbourhood environments, and outcomes for the 

child.  Overall, the models showed that maternal employment did not appear to 

disadvantage children in relation to their receptive vocabulary, but had a more 
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nuanced relationship with the two measures of vulnerability.  The behaviour of the 

parents in the household in parenting in a consistent way and reading to their child 

on a daily basis could have a positive effect that was as large as that due to SES.  The 

health of the mother also mattered and her experience of depression could have a 

negative effect on children’s outcomes.  The effect of the neighbourhood either when 

measured in the NLSCY or at the CSD level using the Canadian Census was modest 

and appears to be correlated with the variance in household variables. 

In the next chapter I present a further discussion of these findings, 

particularly in relation to previous research. 
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Chapter 6: Discussion and Conclusions 

I begin this chapter with summaries of the results organised by the three 

dependent variables used in the estimated models.  I discuss the findings in the 

context of previous research and note the contribution of my research to the 

existing literature.  I then outline possible policy implications of the findings and 

conclude with a description of future research. 

Dependent Variable: Receptive Vocabulary Score of Child at 4 to 5 Years 

Model A (Table 5.1) modelled the effect of family employment and 

unemployment on the child’s PPVT-R (vocabulary test) score.  Predicted scores for 

the six employment and couple status groups are shown in Figure 6.1. 

 

Figure 6.1.  Predicted PPVT-R scores for employment and couple status groups. 
 

The impact of unemployment is seen in the group of unemployed sole 

mothers and unemployed couples, where a child could be expected on average to 

score 56 percent of a SD lower than the child of a dual earner couple.  These 

88 90 92 94 96 98 100 102 104

Dual earner couple

Male earner couple

Female earner couple

Employed sole mother

Unemployed sole mother

Unemployed couple

PPVT-R score 



 

153 

 

mothers and their partners experienced little or no work throughout the child’s life 

from birth to age 4 to 5 years.  This experience was exacerbated by low levels of 

education and low status jobs for the little work that they did report (see Table 4.4). 

The addition of variables (Model G, Table 5.1) that measure other aspects of 

the household—such as SES, parenting style, and maternal depression—reduced the 

size of the coefficients estimated for employment and couple status.  Characteristics 

of the mothers and their partners (Tables 4.4 to 4.8) are helpful in understanding 

the coefficients in Model G.  For example, the number of years of education for 

mothers was highest amongst the dual earners (14.1 years) but mothers in other 

groups where there were employed adult members also had high levels of 

education: 13.4 years (female earner couple) and 13.2 years (male earner couple).  

Employed sole mothers had an average of 12.8 years of education.  Mothers in 

unemployed households had the least education:  11.6 years for unemployed sole 

mothers and 11.0 years for unemployed couples.  On average they had not 

completed secondary school.  Similar gradients exist for household income and for 

occupational status.  This indicates that for mothers and their partners, selection 

into the various categories of employment and couple status was brought about by 

other characteristics such as lower levels of education, poorer status jobs when 

employed, and lower levels of income.  

I estimated the independent effect of neighbourhood characteristics on the 

language score (Model H and Model J, Table 5.1).  The effect sizes of these variables 

are small and the expected difference in vocabulary scores does not exceed 1 point 
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on any one variable based on the average values of the different employment and 

couple groups in Tables 4.9 and 4.10. 

Model L (Table 5.2) provides the results for the relationship between a 

child’s vocabulary score and aspects of that child’s world.  Many of the coefficients at 

the household level are significant but mostly the effect sizes are small.  The 

neighbourhood had little effect once factors at the household level are 

simultaneously included in the model.  In general, the results from this model are 

consistent with a model of child achievement on the vocabulary test where many 

aspects of the child’s life played an important but small part in the outcome 

(Brownell, Willms, & Tramonte, 2009).  The analysis suggests that the effect of a 

mother’s employment on her child’s receptive vocabulary is transmitted through 

other aspects of the household such as parenting style and parental engagement, but 

that increases in family income lead to an increase in the child’s expected score.  

This is consistent with other NLSCY research (Willms, 2002) that showed a graded 

association between SES and vocabulary test score. 

It follows from this that to the extent that the parents’ employment added to 

the family income and thus to the household SES, such employment had a positive 

effect on the child’s score.  This relationship indicates that a policy for unemployed 

parents that is focussed primarily on placing people in work without any increase in 

income is unlikely to improve a child’s cognitive functioning.  Work by Belsky 

(1990) and Waldfogel (2007) that evaluated welfare to work programs in the USA 
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found that a mother’s return to work that did not result in an increase in income had 

a negative effect on the children.  

The coefficient for the unemployed sole mother is still significant and 

reduces the expected value of the vocabulary score by about 17 percent of a SD.  Is it 

the long-term effect of being unemployed or the experience of sole parenthood that 

makes the difference?  Looking at the other coefficients for unemployment and 

couple status estimated in Model L, the coefficient for unemployed sole mother (-

2.6) is closest in size to that for unemployed couple (-2.4).  This suggests that it 

would be useful to do future work in which two variables for household 

employment/unemployment and sole parenthood are substituted for employment 

and couple status. 

A weakness in the model is that I was not able to include variables measuring 

childcare.  Across the NLSCY cycles the variables about childcare were not 

consistent in what they measured and there were no measures of child care quality.  

The literature (Tramonte & Willms, 2009) suggests that it is child care quality as 

opposed to long hours in care that has the greatest negative effect on a child’s 

outcomes.   

One problem in determining which is cause and which is effect in this model 

is that we have no information on these families before the conception of the child.  

For example, it may be that women with depression were less likely to be employed 

and were therefore more likely to have a child since the opportunity cost was lower.  

As I discussed in the introduction, the attraction of the NLSCY is the large sample of 
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children that is not matched in any of the other Canadian longitudinal datasets.  The 

downside is that there is no information on employment history before children. 

The above analysis shows the deleterious effect that growing up in a 

household with no working adults can have on a child’s receptive vocabulary at age 

4 to 5 years.  Children who are vulnerable to poor outcomes in a range of domains 

are of particular concern to society, educators, and politicians.  In the next sections I 

summarize the results from the two deleterious outcomes: a poor score on the 

vocabulary test, which indicates problems in learning to read; and a high score on 

the inattention-hyperactivity scale, which indicates the presence of inattention-

hyperactivity that can increase the difficulties a child might have in making the 

transition to formal schooling. 

Dependent Variable: Low Score on PPVT-R Scale—Potential Difficulty in 

Learning to Read 

Model A (Table 5.3) shows that little or no work is an important factor in the 

likelihood of a child having a poor outcome on receptive vocabulary at 4 to 5 years.  

When compared with a child of a dual earner couple (Model A, Table 5.3), a child in 

an unemployed family had odds of a low vocabulary score that were 320 percent 

larger for the child of an unemployed sole mother and 440 percent larger for a child 

in an unemployed couple household.  The odds ratio for a child of an employed sole 

mother was 200 percent larger and the likelihood of a low score increased by 32 

percent for a child of a male earner couple.  In each case where there was a non-

working mother there was a higher likelihood of a low vocabulary score, as 
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compared with a dual earner couple.  This was also true for sole mothers as a group, 

indicating that several factors were responsible.  

The fully adjusted model (Model L, Table 5.4) shows that unemployment of 

all adults in the household had an important effect, as it increased the odds of a low 

vocabulary score by 60 to 70 percent compared with a dual earner couple.  There is 

some evidence that having a sole mother was also influential since the child of an 

employed sole mother had 30 percent higher odds of a low vocabulary score. 

Measures of resources available at the household level need to be considered 

because an increase in mother’s education of 1 SD reduced the odds of low 

vocabulary score by 12 percent; a 1 SD increase in SES decreased the odds of a low 

score by 33 percent; and a 1 point increase in the social support score decreased the 

odds of a low score by 7 percent.  Daily reading across all waves reduced the odds of 

a low vocabulary score by 57 percent and daily reading in Wave 1 decreased the 

odds by 24 percent.  The size of the neighbourhood was also important.  Compared 

with urban areas greater than 100,000, living in a smaller town or rural area 

decreased the odds of a low vocabulary score by 32 percent for small and medium 

size towns and by 24 percent for rural areas.  In the CSD in which the family was 

located, an increase of 1 percent in the proportion of recent migrants also increased 

the likelihood of a low vocabulary score by 12 percent.  
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Dependent Variable: High Score on Inattention-Hyperactivity Scale— 

Presence of Inattention-Hyperactivity  

Model A (Table 5.5) shows that extended unemployment of the mother and 

her partner during her child’s early years from birth to age 5 increased the 

likelihood of the child having a poor outcome on the inattention-hyperactivity scale 

at 4 to 5 years.  Compared with a child in a dual earner family, the odds of a child of 

either an unemployed couple or an unemployed sole mother having a high 

inattention-hyperactivity score was 2.4 times larger (Model A, Table 4.5).  In 

addition, the odds of a high score for a child of male earner couple was 48 percent 

lower.  Once again there is an association between unemployment and a poor 

outcome.  At least for male earner couples, employment appears to have had a 

protective effect. 

Once the measures of both household and neighbourhood characteristics are 

added to the model (Model L, Table 4.6) the patterns of association between the 

explanatory variables and the outcome variable are quite different from those 

observed in the logistic model for a low vocabulary score.  Within the household 

itself, the child being female reduced the odds of a high inattention-hyperactivity 

score by 52 percent.  Belonging to a male earner couple family reduced the odds by 

49 percent.  In contrast, the odds ratio for a female earner couple retained its 

significance in the low vocabulary score model.  These odds ratios for being a female 

child and being in a male earner couple family did not change substantially when I 

added neighbourhood characteristics to the model.  
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The effect of maternal health and behaviour on outcomes is important.  The 

scale of parenting style as measured by the variable ineffective parenting is 

significant when measured at both Wave 2 and Wave 3.  This was not the case for 

the model of a low vocabulary score.  At Wave 2, a 1 point increase in ineffective 

parenting score4 increased the odds of a high inattention-hyperactivity score by  

8 percent.  At Wave 35, a 1 point addition to the ineffective parenting score 

increased the odds of a high inattention-hyperactivity score by 29 percent. 

Maternal depression also increased the likelihood of a high inattention-

hyperactivity score.  Compared with a mother with no experience of depression, the 

mother being depressed in Waves 1 and 2 increased the likelihood of a high 

inattention-hyperactivity score for her child by 41 percent.  Being depressed late, in 

Wave 3, increased the odds of a high score by 202 percent.  This suggests that 

depression closer to time of measuring the child’s outcome had a larger effect.  

These results for measures of depression vary from those estimated by Letourneau, 

Tramonte, and Willms (2013), where being continually depressed increased the 

odds of a high inattention-hyperactivity score by 242 percent and later depression 

increased it by 172 percent. 

It should be remembered that both the measures of depression and the 

child’s inattention-hyperactivity are based on the mother’s answers.  It is possible 

that a mother who was depressed interpreted her child’s behaviour more 

                                                        
4 Scale of 24 points, high values indicate ineffective parenting 

5 Scale of 26 points, high values indicate ineffective parenting 
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negatively.  Having a child who was more inattentive-hyperactive at ages 2 to 3 

years may have made a mother feel inadequate and therefore more depressed and 

likely to view her child’s subsequent behaviour more negatively.  It is difficult to 

determine the direction of causality in this observational data.  

Since inattention-hyperactivity is a measure in the behavioural domain it is 

perhaps surprising that parental engagement in the form of reading to the child 

made a difference.  Compared with a household where the child was read to less 

frequently than daily, reading daily when the child was very young reduced the odds 

of a high inattention-hyperactivity score by 41 percent, reading daily when the child 

was 4 to 5 years reduced the odds by 35 percent, and reading daily across all waves 

reduced the odds by 48 percent.  An explanation is that since the measure of 

inattention included reports about the child’s ability to sit still and whether they had 

difficulty concentrating on a task, it may be that reading frequently to the child 

offered parental attention and the act of listening to a story provided training in 

sitting still and concentrating on a task.  An alternative explanation is that children 

who cannot sit still do not get read to.  That is, reading may have no ameliorative 

effect if children who need the amelioration are not the ones read to. 

Summary of Findings  

The results of my analysis provide evidence that the family has an important 

effect on children’s outcomes as measured just before they begin formal schooling.   

I considered the employment of the mothers in relation to the other adults present 

in the family and began by identifying six groups: dual earner couples; male earner 
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couples; female earner couples; unemployed couples; employed sole mothers; and 

unemployed sole mothers.  Children benefited from growing up in households 

where there were employed adults and from the income that this generated.  

The role of SES factors such as education and employment provides strong 

evidence that the resources or capital to which families had access made a 

difference to their children’s outcomes.  Employment had an important role in 

families and higher levels of education were a factor in improving the outcomes for 

the families in which the adults worked.  However, employment and education did 

not account for all the differences in family income since on average the female 

couple earners had equal years of education to the male earners but lower income.  

The unemployed families had very low levels of education; on average they had not 

completed secondary school.  The little information that is available about their 

occasional employment revealed that they also had very low status jobs, mostly as 

unskilled workers in manufacturing and as labourers in construction and 

agriculture. 

Comparing the results from the analysis of the low vocabulary scores 

(cognitive domain) and the high scores for inattention-hyperactivity (behavioural 

domain) provides evidence that different mechanisms generate these two outcomes.  

For the cognitive behaviour, the measures of SES were important but for the 

behavioural outcome SES had a smaller direct effect.  The presence of maternal 

depression and an ineffective parenting style increased the likelihood of inattentive-

hyperactive behaviour. 
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In both cases parental engagement in the form of daily reading to the child 

reduced by 50 percent the likelihood of these poor outcomes compared with less 

frequent reading.  This shows the importance of parental behaviour within the 

household. 

In summary, here are the things that matter to reduce the likelihood of low 

receptive vocabulary: parental resources in the form of human capital (education) 

and economic capital (income from employment); parental behaviour (for example, 

breastfeeding and consistent parenting style) and good parental health (no maternal 

depression); and what the parents do (daily reading to the child).  Independent of 

the household effects, neighbourhoods have only small effects on children’s 

outcomes in vocabulary.  To reduce the likelihood of high-levels of inattention-

hyperactivity these are the things that matter: maternal resources in the form of 

human capital (education); parental behaviour (effective parenting style) and good 

parental health (no maternal depression); and what the parents do (daily reading to 

the child).  Independent of the household effects, neighbourhoods have only small 

effects on children’s outcomes in inattentive-hyperactive behaviour. 

Contribution of the Research  

This research adds to the body of knowledge about young Canadian children 

that has used the NLSCY as a data source, particularly the Successful Transitions 

project.  My work shows that employment is one feature of the household from 

which families draw resources.  What matters for children is not necessarily 

whether or not the mother is working but the overall employment status of the 



 

163 

 

household.  This effect can be seen most clearly in the expected score difference 

between male earner couples and unemployed couples.  In both families the mother 

was not working but being in a household with no employed adults during 

childhood accounted for a score difference of about 50 percent of a SD.  Family 

income is important since it adds to SES and so to the extent that a mother’s 

employment adds to the total income that employment will have a positive effect.  

Sole parent households are vulnerable to low incomes and hence low SES because 

they have only one adult available for employment and costs such as child care may 

be a higher proportion of any income.  The importance of SES has been found in 

other NLSCY studies (Boyce et al., 2009; Brownell et al., 2009; Strohschein, 

Tramonte, & Willms, 2009). 

It is important to consider employment together with couple status at the 

household level rather than the individual level.  This is consistent with results from 

the British Millennium Cohort Study that also found that employment was best 

understood at the household level (McMunn et al., 2011). 

Census Subdivisions (CSDs) as a useful level at which to derive 

neighbourhood characteristics.  In the Research Data Centres, Statistics Canada 

has made available individual and household records from the Canadian Censuses.  

The level of geographic identifier on these records is the Census Sub-division (CSD).  

The intention of providing this data is to enable researchers to use it to add 

neighbourhood contextual information to datasets such as the NLSCY.  Gonthier, 

Hotton, Cook, and Wilkins (n.d.) acknowledge that the definition of what constitutes 
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a neighbourhood is still a matter of debate.  For my study I used data from the 1996, 

2001, and 2006 Censuses to provide measures of the neighbourhood.  I aggregated 

these measures at the CSD level and attached them to each record of the sample 

from the NLSCY. 

Other Canadian work with the NLSCY, such as that of Dupere, Lacourse, 

Willms, Leventhal, and Tremblay (2008), Kohen et al. (2002), and Ross and Willms 

(2009) has made use of files specially created by Statistics Canada to include 

neighbourhood information.  The level of geographic identifier on these datasets has 

been the dissemination area (DA)—a smaller area in the geographic classification.  

Kohen et al. (2002) found that children’s scores on the vocabulary scale were 

strongly positively associated with affluent neighbourhoods and negatively 

associated with poorer neighbourhoods with low social cohesion, independent of 

family characteristics.  Dupere et al. (2008) found that among young adolescent 

females both neighbourhood effects and peer effects were associated with early 

sexual initiation but this effect did not exist for young males. 

In my study the neighbourhood effects are small, particularly once the 

household measures are added to the models.  It is difficult to make direct 

comparisons with other studies since the measures I used are not identical.  In the 

linear model of the vocabulary score the variable Percentage migrated in the last 5 

years is the only Census measure that is significant in the final model (Model L, 

Table 4.2) and even then it is very modest in its effect (coefficient = -0.67).  CSDs 

vary by about 2 to 3 percent in the differences in the proportion migrated (see Table 
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4.1).  For the models of low vocabulary score, the same variable—Percentage 

migrated in the last 5 years—had a significant coefficient and each 1 percent 

increase was associated with a 12 percent increase in the likelihood of a low 

vocabulary score.  This is about half the size of household measures such as having a 

mother who was an employed sole parent.  The model for high score on inattention-

hyperactivity scale shows the reverse effect: a 1 percent increase in migration is 

associated with a 10 percent decrease in inattention-hyperactivity.  

Generally, this study provides evidence that neighbourhood measures 

aggregated at the CSD level may be too heterogeneous to use with children’s data.  

Census information at the DA level is provided by Statistics Canada in the public use 

data files but the detail of the information is reduced to protect confidentiality. 

Statistics Canada could consider how more detailed Census information at the DA 

level, could be provided for matching with the confidential data in the RDCs.  The 

question of how future work will take place now that the Long Form of the Census 

has been cancelled is a separate but critical issue. 

Suitability of the Boyd-NP occupational status scores.  In this research I 

used the Canadian Boyd-NP occupational status scores (Boyd, 2008) to convert the 

occupational codes of the National Occupational Classification (NOC-S) scheme 2001 

into scores on a linear scale that runs from 0 to 100.  As discussed in Willms, 

Tramonte, and Chin (2009), these Canadian measures were not available when the 

measure of SES was derived for the NLSCY data used in the Successful Transitions 

project.  For that SES measure a conversion was undertaken using the International 
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Standard Classification of Occupations (ISCO-88) and the International Socio-

economic Index. 

With the Boyd scores the process is straightforward once the occupational 

codes have been converted to one of the NOC-S schemes.  The early cycles of the 

NLSCY were coded using the Standard Classification of Occupation 1980 and 1991 

(SOC 80 and SOC 91) and these codes had to be converted to NOC-S 2001.  The later 

NLSCY cycles were coded using the NOC-S 2006.  To enable comparisons over time 

in the longitudinal data all the occupational codes were converted to NOC-S 2001. 

Boyd (2008) reviewed the codes after the 2006 Census.  Status codes suitable 

for use with the NOC-S 2006 are available.  Between censuses, some occupations 

moved up or down the Boyd-NP scale.  My experience with using the Boyd scores 

indicates that these scores are suitable as a measure of occupational status in 

Canadian data. 

Limitations of the Research 

Results from Successful Transitions indicate some of the limitations of my 

research.  Two measures deserve attention.  I chose to base the presence of 

depression on a cutoff of 9 on the depression scale in the NLSCY (section 3.5.6), 

using the methodology of Somers and Willms (2002).  Letourneau, Tramonte, and 

Willms (2013) used item response theory (IRT) and selected a cut-off that would 

correspond to 18 on the same scale.  This gave a much smaller group who were 

depressed but they were characterised by higher scores on the scale.  Comparing 

the results for inattention-hyperactivity, Letourneau et al. (2013) showed that 
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depression increases the likelihood of inattention-hyperactivity and there is a dose-

related response, where depression over three waves is related to a higher 

likelihood of inattention-hyperactivity than later depression only.  While this is true 

for my unadjusted model (Model E, Table 5.5), once the other household variables 

are added to the model (Model L, Table 5.6), the odds ratio for the variable Late 

depression is higher (OR = 2.02) than that for Early depression (OR = 1.41).  

Depression over all waves is not significant at p < 0.10.  Clearly, the nature of the 

depression measure affects the size of estimated parameters. 

The other group of measures is that for parenting style.  Willms, Tramonte, 

and Chin (2009) scaled the results from the questionnaire using IRT to produce four 

parenting styles: authoritative, authoritarian, permissive, and neglectful.  In my 

work I used two measures: Ineffective parenting score and Consistent parenting 

score.  These were scaled by Statistics Canada and measured at both Wave 2 and 

Wave 3.  Comparing the results for a high inattention-hyperactivity score, the size of 

the odds ratios in Letourneau et al. (2013) were larger and all measures were 

significant (p < 0.05).  This confirms that the structure of the measures affects the 

estimated parameters, which is not surprising but needs to be kept in mind. 

Implications for Policy Interventions 

Willms (2006) sets out five types of interventions that may be used to 

improve outcomes for school children.  I use this plan to suggest possible policy 

interventions that arise from my findings.  Based on my research, interventions may 

be targeted either at parents or at children.  The effectiveness of interventions 
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depends on the nature of the causal relationship between the intervention and the 

desired outcome.  For example, for a training course on parenting skills for mothers 

to have a positive impact on her child, the mother needs to practise any new skills in 

class, to complete the course, to have the opportunity to implement the skills in the 

home, and to ensure that the child learns the new behaviour (Yoshikawa et al., 

2013).  When the intervention is something general such as increasing the 

proportion of girls who complete secondary education, the ultimate effect on 

improving pre-school children’s receptive vocabulary will be difficult to discern. 

Universal interventions.  These aim to improve outcomes for all parents or 

children.  There is a positive relationship between maternal years of education, 

household SES, and vocabulary score.   

 

Figure 6.2 Relationship between household SES and predicted PPVT-R scores at 

average levels of maternal education and social support score. 
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Figure 6.2 shows the relationship between SES at the household level and a 

child’s vocabulary score.  For simplicity I base this on the results of Table 4.1 Model 

B.  The household SES score is calculated at average years of maternal education and 

social support score. 

Ensuring that all students have an opportunity to complete secondary 

education and post-secondary education is often targeted as a means of improving 

family incomes.  The Future to Discover pilot (Ford et al., 2012) showed that 

programs that increase all students’ knowledge about careers and offer an early 

assurance of financial aid for students from low-income families can improve 

students’ transitions to post-secondary education. 

Education may not in itself be sufficient to guarantee an equitable income in 

the labour market.  Mothers who are part of a female earner couple have levels of 

education that are equivalent to fathers in male earner couples but have lower 

average incomes ($55,300 for females and $61,000 for males in Wave 3) and lower 

status jobs.  Employment experiences such as the lack of continuity in employment 

may account for this difference.  Governments have a role to play in reducing labour 

market disadvantages associated with the birth and presence of infants.  The 

Canadian government has made a positive contribution with the introduction of 

yearlong maternity and parental leave but because it is tied to the employment 

insurance scheme only about 80 percent of new mothers who are employed are 

currently eligible.  Evaluation of recent changes reported by Haeck (2011) shows 

that for women in low-paying jobs, the rate at which employment insurance is paid 
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may be insufficient to provide for their needs during the first year of the child’s life.  

Canadian parents with high levels of education are more likely than others to take 

advantage of the leave.  This is a shame, since maternity leave is associated with a 

positive increase in the child’s vocabulary score at 4 to 5 years (Haeck, 2011). 

The provision of child care can be another universal intervention. Access to 

high quality childcare is important in facilitating access to the labour market as well 

as in ensuring positive outcomes for children.  The outcome of a guaranteed 

childcare place in Quebec has dramatically increased the number of places available 

but ensuring the quality of those places has been harder (Japel, 2009).  Universal 

provision is expensive for provinces and a less costly intervention is to provide 

subsidised child care to low income families. 

My results also showed that parental engagement with a child can influence 

the child’s outcomes.  For example, daily reading to the child was consistently 

shown to be important across all the outcomes, yet unemployed parents were less 

likely to read to their children.  The lower levels of education of these parents may 

contribute to this behaviour.  International reviews (Burger, 2010) show that the 

quality of the early learning environment in the home is an important predictor of 

subsequent cognitive attainment.  Policy interventions that encourage and provide 

support for reading at home have already been initiated (Canadian Education 

Statistics Council, 2009) and these results indicate that such policies should be 

continued. 
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Another universal program that can help prepare children for formal 

schooling is the introduction of a year of full-time kindergarten for all five-year-old 

children.  New Brunswick has had such a program since 1991.  The Province of 

Ontario is in the process of introducing full-day kindergarten for all children.  

Evaluation results from the first year of the program have shown better skills in 

language and cognitive development and social competence (Ontario Ministry of 

Education, 2013).  Some governments have offered more limited programs and 

these are discussed under risk-targeted, community level interventions below. 

Performance-targeted, individual level interventions.  These aim to 

improve outcomes for children whose skills are measured as falling below a 

particular level.  The use of a reading recovery program for children who fail to 

make sufficent progress in reading during the first years of school is an example of a 

performance targeted intervention (Willms, 2006).  In my research, the focus is on 

mothers’ employment and so interventions based on findings from this research are 

better understood as falling into the category of risk-targeted interventions.   

I discuss these below. 

Risk-targeted, individual level interventions.  Rather than targetting 

children with poor outcomes, these interventions are directed at children or families 

who are at risk of poor outcomes. 

In my research there are two measures of poor outcomes: a low vocabulary 

score and a high inattention-hyperactivity score.  The research indicates that there 

are different mechanisms that contribute to these outcomes.  For the cognitive 
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outcome of low vocabulary score, family SES is important.  Income–tested payments 

specifically for children such as the Canadian Child Tax Benefit and the National 

Child Benefit Supplement can be important in ensuring that families are lifted out of 

poverty.  The Canadian federal government could increase payments through this 

scheme by redirecting money currently allocated to the Children’s Fitness Tax 

Credit or the Universal Child Care Benefit, which both benefit families at all income 

levels. 

Head-Start programs in both the USA and Canada are targeted at children in 

low income families and provide additional instructional resources.  These 

programs have been shown to contribute to growth in language, literacy, and 

mathematics skills (Yoshikawa et al., 2013).  Additional funding to the provinces and 

territories to ensure that all children from low-income households have access to 

such programs would be beneficial. 

The provision of child care for low income or unemployed families would 

encourage the participation of mothers and their partners in the labour market and 

is of lower cost than a universal provision. 

A high inattention-hyperactivity score was associated with the presence of 

maternal depression and an ineffective parenting style.  Letourneau et al. (2013) in 

a recent paper on maternal depression recommended that medical practitioners 

including nurses should be aware that maternal depression can extend beyond the 

post-partum period.  This depression can affect child behavioural development and 
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so mothers as well as children should be offered treatment (Letourneau et al., 

2013). 

Performance-targeted, community level interventions.  Willms (2006) 

identified these interventions as situations where many children in a school 

perform poorly on an outcome and it is more efficient to offer an intervention to the 

whole school.  This has similarities with risk-targeted interventions. 

Risk-targeted, community level interventions.  Instead of targetting 

individual families it is also possible for interventions to be available to all children 

at a community level.  For example, in Calgary most schools offer a half-day 

kindergarten program but in those communities where data indicates that most 

children would benefit from it, a full-day kindergarten program may be offered 

(Calgary Board of Education, 2013).    

In communities where there are high levels of unemployment, programs that 

offer support for the development of small businesses, for example by providing 

assistance in the development of business plans, can play a part in improving the 

local labour market.  For example, from 2002 to 2007, the Australian government  

(AusIndsutry, 2014) developed a program costing AUD$1.5 million per annum that 

was successful in encouraging small tourism businesses in regional Australia by 

providing matching funding upto $50,000.  Canada has programs that encourage 

tourism development but these could be reviewed to ensure that more 

disadvantaged communities are included. 
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Future Research  

The absence of a suitable measure of child care quality across the five cohorts 

was an important deficiency in my current research.  Data from Cycle 9 of the NLSCY 

is now available and together with Cycles 7 and 8 this data could be used to examine 

important issues such as the effect of child care quality on child outcomes. 

In the current research I did not use detailed information on the number of 

hours worked per week and the number of weeks worked in a year because my aim 

was to produce a measure of employment in the household that summarised the 

employment experience over the three waves.  Using the later cycles, important 

research could be carried out to examine the effect of the transitions such as the 

birth of additional children or of becoming a sole mother on the likelihood of 

maternal employment and the number of hours worked.  The intensity of 

employment—measured by both the number of hours worked per week and the 

number of weeks worked per year—has a direct effect on the amount of income a 

mother earns. 

I selected data from the ECD samples from Cycle 2 to Cycle 8 because this 

maximised the number of families in rare categories such as female earner couples 

and unemployed couples.  It is now possible to combine Cycle 9 with Cycles 7 and 8 

to create a new cohort.  This cohort could be used to examine how well this new 

data fits the existing models. 

The future of longitudinal research focussed specifically on Canadian 

children is in doubt with the cancellation of the future cycles of the NLSCY by 
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Statistics Canada.  All other longitudinal surveys have been cancelled as well.  The 

one survey that is replacing these surveys—the Longitudinal and International 

Study of Adults—does not have children or youth as its focus. 

Conclusions 

My research has shown the importance of children spending their early years 

in families where there are employed adults.  The higher level of socioeconomic 

status (SES) in such families was associated with a higher expected vocabulary score 

for the child.  However, SES had a minimal impact on a high score for inattention-

hyperactivity, which shows that different pathways are associated with the two 

outcomes. 

Government programs that target families with long-term unemployment 

and provide payments specifically for the children while helping the mother and her 

partner join the labour force could have long-term benefits for children.  In addition, 

governments can improve outcome for mothers in the labour market by enabling 

access to parental leave.  This would ensure that mothers are able to preserve 

continuity in the labour market, which is associated with higher incomes and the 

maintenance of occupational status. 
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Appendix A: Tables of Stata Output for Linear and  

Logistic Regression Analyses 

Linear Regressions: Vocabulary Score 

Model A, Table 5.1. 

Linear regression                                      Number of obs =   11837 

                                                       F(  5, 11831) =   21.20 

                                                       Prob > F      =  0.0000 

                                                       R-squared     =  0.0210 

                                                       Root MSE      =  14.514 

 

------------------------------------------------------------------------------ 

             |               Robust 

     ppvtst2 |      Coef.   Std. Err.      t    P>|t|     [95% Conf. Interval] 

-------------+---------------------------------------------------------------- 

  malebreadd |  -1.080575   .4841248    -2.23   0.026    -2.029539   -.1316106 

femalebreadd |  -2.605454   1.251552    -2.08   0.037    -5.058703   -.1522058 

 unemployedd |  -8.996514   1.620729    -5.55   0.000    -12.17341   -5.819619 

     spearnd |  -3.658611   .6849283    -5.34   0.000    -5.001183   -2.316039 

    spunempd |  -7.884788   1.027878    -7.67   0.000    -9.899598   -5.869979 

       _cons |   102.7488   .2662298   385.94   0.000     102.2269    103.2706 

 

Model B, Table 5.1. 

Linear regression                                      Number of obs =   11837 

                                                       F(  3, 11833) =  161.16 

                                                       Prob > F      =  0.0000 

                                                       R-squared     =  0.0817 

                                                       Root MSE      =  14.056 

 

------------------------------------------------------------------------------ 

             |               Robust 

     ppvtst2 |      Coef.   Std. Err.      t    P>|t|     [95% Conf. Interval] 

-------------+---------------------------------------------------------------- 

   ses2stdw1 |   2.574237   .2532885    10.16   0.000      2.07775    3.070724 

  edupmkrstd |    1.27806   .2558457     5.00   0.000     .7765606     1.77956 

   socsup3av |   .4414463   .0569824     7.75   0.000     .3297514    .5531411 

       _cons |   100.5926   .2078642   483.93   0.000     100.1851         101 
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Model C, Table 5.1. 
 
Linear regression                                      Number of obs =   11837 

                                                       F(  4, 11832) =   25.30 

                                                       Prob > F      =  0.0000 

                                                       R-squared     =  0.0178 

                                                       Root MSE      =  14.538 

 

 

------------------------------------------------------------------------------ 

             |               Robust 

     ppvtst2 |      Coef.   Std. Err.      t    P>|t|     [95% Conf. Interval] 

-------------+---------------------------------------------------------------- 

     smoke3d |  -1.704385   .5170765    -3.30   0.001     -2.71794   -.6908295 

     genderd |    1.16442   .4100514     2.84   0.005     .3606517    1.968188 

  lengthfedd |   3.320078   .4264636     7.79   0.000      2.48414    4.156017 

poorhealth~r |  -.9063551   .9716589    -0.93   0.351    -2.810966    .9982563 

       _cons |   99.11088   .4151487   238.74   0.000     98.29712    99.92464 

------------------------------------------------------------------------------ 

 

Model D, Table 5.1. 

Linear regression                                      Number of obs =   11837 

                                                       F(  4, 11832) =   42.52 

                                                       Prob > F      =  0.0000 

                                                       R-squared     =  0.0306 

                                                       Root MSE      =  14.442 

 

------------------------------------------------------------------------------ 

             |               Robust 

     ppvtst2 |      Coef.   Std. Err.      t    P>|t|     [95% Conf. Interval] 

-------------+---------------------------------------------------------------- 

 ineffect2av |  -.0383588   .0806217    -0.48   0.634    -.1963905    .1196729 

 ineffect3av |   .1888525   .0766975     2.46   0.014     .0385127    .3391923 

  consist2av |   .4760684    .078068     6.10   0.000     .3230422    .6290946 

  consist3av |   .5392184   .0812417     6.64   0.000     .3799712    .6984655 

       _cons |   101.3276   .2035184   497.88   0.000     100.9287    101.7265 

 

Model E, Table 5.1. 

Linear regression                                      Number of obs =   11837 

                                                       F(  3, 11833) =   21.24 

                                                       Prob > F      =  0.0000 

                                                       R-squared     =  0.0130 

                                                       Root MSE      =  14.572 

 

------------------------------------------------------------------------------ 

             |               Robust 

     ppvtst2 |      Coef.   Std. Err.      t    P>|t|     [95% Conf. Interval] 

-------------+---------------------------------------------------------------- 

  depressall |  -3.452895   1.103908    -3.13   0.002    -5.616736   -1.289055 

depression~y |  -3.032073   .5744174    -5.28   0.000    -4.158025    -1.90612 

depression~e |  -4.427786   .7124195    -6.22   0.000    -5.824245   -3.031327 

       _cons |   102.5099   .2412562   424.90   0.000      102.037    102.9828 

------------------------------------------------------------------------------ 
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Model F, Table 5.1. 

Linear regression                                      Number of obs =   11837 

                                                       F(  3, 11833) =   83.09 

                                                       Prob > F      =  0.0000 

                                                       R-squared     =  0.0450 

                                                       Root MSE      =  14.334 

 

------------------------------------------------------------------------------ 

             |               Robust 

     ppvtst2 |      Coef.   Std. Err.      t    P>|t|     [95% Conf. Interval] 

-------------+---------------------------------------------------------------- 

readdailyb~d |   8.013763   .5533518    14.48   0.000     6.929102    9.098423 

readdaily2~d |   3.952598   .7653156     5.16   0.000     2.452453    5.452742 

readdaily1~d |   3.519791   .6715436     5.24   0.000     2.203455    4.836127 

       _cons |   96.51947   .4922618   196.07   0.000     95.55456    97.48438 

------------------------------------------------------------------------------ 

 

Model G, Table 5.1. 

Linear regression                                      Number of obs =   11837 

                                                       F( 22, 11814) =   34.03 

                                                       Prob > F      =  0.0000 

                                                       R-squared     =  0.1176 

                                                       Root MSE      =  13.789 

 

------------------------------------------------------------------------------ 

             |               Robust 

     ppvtst2 |      Coef.   Std. Err.      t    P>|t|     [95% Conf. Interval] 

-------------+---------------------------------------------------------------- 

  malebreadd |  -.0545807      .4519    -0.12   0.904    -.9403792    .8312179 

femalebreadd |  -.3826213   1.299063    -0.29   0.768    -2.928999    2.163756 

 unemployedd |  -2.403407   1.492511    -1.61   0.107    -5.328974    .5221598 

     spearnd |   -.483633   .6859243    -0.71   0.481    -1.828158    .8608916 

    spunempd |  -2.619563   1.086702    -2.41   0.016    -4.749679   -.4894473 

   ses2stdw1 |   1.957041   .2511896     7.79   0.000     1.464668    2.449414 

  edupmkrstd |   .9082234   .2483296     3.66   0.000     .4214565     1.39499 

   socsup3av |   .3312699   .0553799     5.98   0.000     .2227163    .4398236 

     smoke3d |    1.24536   .5137148     2.42   0.015     .2383942    2.252326 

     genderd |   1.325796   .3807551     3.48   0.000      .579453    2.072139 

  lengthfedd |    1.07211   .4118267     2.60   0.009     .2648614    1.879358 

poorhealth~r |   -1.09213   .9605286    -1.14   0.256    -2.974924    .7906647 

 ineffect2av |    .005322   .0760878     0.07   0.944    -.1438227    .1544668 

 ineffect3av |    .162779   .0725799     2.24   0.025     .0205103    .3050477 

  consist2av |   .2301959     .07609     3.03   0.002     .0810469    .3793449 

  consist3av |   .2171607   .0789591     2.75   0.006     .0623878    .3719335 

  depressall |   1.198814    1.11904     1.07   0.284    -.9946886    3.392316 

depression~y |  -1.205798   .5435167    -2.22   0.027    -2.271181   -.1404159 

depression~e |  -1.987707   .6981543    -2.85   0.004    -3.356204   -.6192092 

readdailyb~d |   5.037695   .5469933     9.21   0.000     3.965498    6.109892 

readdaily2~d |    2.51053    .740134     3.39   0.001     1.059745    3.961315 

readdaily1~d |   1.950405   .6444361     3.03   0.002      .687204    3.213606 

       _cons |   96.86189   .6359919   152.30   0.000     95.61524    98.10854 



 

200 

 

Model H, Table 5.1. 

Linear regression                                      Number of obs =   11837 

                                                       F(  5, 11831) =   12.08 

                                                       Prob > F      =  0.0000 

                                                       R-squared     =  0.0129 

                                                       Root MSE      =  14.575 

 

------------------------------------------------------------------------------ 

             |               Robust 

     ppvtst2 |      Coef.   Std. Err.      t    P>|t|     [95% Conf. Interval] 

-------------+---------------------------------------------------------------- 

neighsafe3av |   .5465008    .146684     3.73   0.000      .258976    .8340256 

neighcohes~v |   .4155846   .1013807     4.10   0.000     .2168618    .6143074 

      rurald |  -.8642756   .4895367    -1.77   0.078    -1.823848     .095297 

     smalltd |   .8338104   .4861002     1.72   0.086    -.1190259    1.786647 

       medtd |   .5960567   .5715326     1.04   0.297    -.5242412    1.716355 

       _cons |   101.3975   .2945633   344.23   0.000     100.8201    101.9749 

 

Model J, Table 5.1. 

Linear regression                                      Number of obs =   11831 

                                                       F(  6, 11824) =   13.34 

                                                       Prob > F      =  0.0000 

                                                       R-squared     =  0.0218 

                                                       Root MSE      =   14.51 

 

------------------------------------------------------------------------------ 

             |               Robust 

     ppvtst2 |      Coef.   Std. Err.      t    P>|t|     [95% Conf. Interval] 

-------------+---------------------------------------------------------------- 

   tenur_own |    .047633    .018232     2.61   0.009     .0118954    .0833707 

  mob5_notmv |  -.0439573   .0298333    -1.47   0.141    -.1024355    .0145208 

  edu_degree |   .1769627   .0366699     4.83   0.000     .1050837    .2488417 

   lftag_emp |    .038544   .0261717     1.47   0.141    -.0127568    .0898448 

co5_migrated |  -.8733938   .1494305    -5.84   0.000    -1.166302   -.5804854 

valuecv_~10k |   .1339502   .0447276     2.99   0.003     .0462768    .2216236 

       _cons |   96.22361   3.649949    26.36   0.000     89.06911    103.3781 

------------------------------------------------------------------------------ 
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Model L, Table 5.2. 
 

Linear regression                                      Number of obs =   11831 

                                                       F( 34, 11796) =   25.09 

                                                       Prob > F      =  0.0000 

                                                       R-squared     =  0.1348 

                                                       Root MSE      =  13.663 

 

------------------------------------------------------------------------------ 

             |               Robust 

     ppvtst2 |      Coef.   Std. Err.      t    P>|t|     [95% Conf. Interval] 

-------------+---------------------------------------------------------------- 

  malebreadd |   .0828803   .4413862     0.19   0.851    -.7823096    .9480701 

femalebreadd |  -.5435988   1.219958    -0.45   0.656    -2.934918    1.847721 

 unemployedd |   -2.07572   1.426142    -1.46   0.146    -4.871193    .7197531 

     spearnd |  -.2041523    .662729    -0.31   0.758    -1.503211    1.094906 

    spunempd |  -2.341561   1.089932    -2.15   0.032    -4.478008    -.205114 

  edupmkrstd |   1.271619   .2481471     5.12   0.000     .7852102    1.758029 

   ses2stdw1 |   2.029531   .2548741     7.96   0.000     1.529936    2.529127 

   socsup3av |   .3234881   .0580496     5.57   0.000     .2097013     .437275 

     smoke3d |    .969718   .5100747     1.90   0.057    -.0301126    1.969549 

     genderd |   1.371812   .3742043     3.67   0.000     .6383096    2.105314 

  lengthfedd |   1.496876   .4084955     3.66   0.000     .6961572    2.297595 

poorhealth~r |  -1.042378   .9706508    -1.07   0.283    -2.945014    .8602578 

 ineffect2av |  -.0162435   .0733057    -0.22   0.825    -.1599348    .1274478 

 ineffect3av |   .1642856   .0709167     2.32   0.021     .0252772    .3032941 

  consist2av |   .2217923   .0754117     2.94   0.003     .0739728    .3696117 

  consist3av |   .1784438   .0769954     2.32   0.020     .0275201    .3293675 

  depressall |   1.315078   1.143454     1.15   0.250    -.9262813    3.556438 

depression~y |  -1.124722   .5340589    -2.11   0.035    -2.171566   -.0778785 

depression~e |  -1.790706   .6922445    -2.59   0.010    -3.147619   -.4337921 

readdailyb~d |    5.22062   .5440628     9.60   0.000     4.154167    6.287072 

readdaily2~d |   2.740187   .7190455     3.81   0.000     1.330739    4.149634 

readdaily1~d |   2.073492    .637955     3.25   0.001     .8229945    3.323989 

neighsafe3av |   .0054794   .1363447     0.04   0.968    -.2617787    .2727375 

neighcohes~v |  -.0154008    .095484    -0.16   0.872    -.2025651    .1717635 

      rurald |   .3746187   .5648885     0.66   0.507     -.732656    1.481893 

     smalltd |   .4284366   .5192727     0.83   0.409    -.5894237    1.446297 

       medtd |    .412427   .5674167     0.73   0.467    -.6998034    1.524657 

   tenur_own |   .0140639   .0179159     0.78   0.432    -.0210542    .0491821 

  mob5_notmv |  -.0459016   .0278832    -1.65   0.100    -.1005573    .0087542 

  edu_degree |   .0386954   .0366457     1.06   0.291    -.0331361    .1105269 

   lftag_emp |  -.0368134   .0254375    -1.45   0.148    -.0866751    .0130482 

co5_migrated |   -.664755   .1397629    -4.76   0.000    -.9387132   -.3907967 

valuecv_~10k |   .0527765   .0442057     1.19   0.233     -.033874    .1394271 

  cohortzero |  -.7857426     .15484    -5.07   0.000    -1.089254   -.4822307 

       _cons |   103.1328   3.528144    29.23   0.000      96.2171    110.0486 

------------------------------------------------------------------------------ 
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Logistic Regression: Vocabulary Score 

Model A, Table 5.3. 

Logistic regression                               Number of obs   =      11837 

                                                  Wald chi2(5)    =      86.09 

                                                  Prob > chi2     =     0.0000 

Log pseudolikelihood = -756589.09                 Pseudo R2       =     0.0225 

 

------------------------------------------------------------------------------ 

             |               Robust 

     ppvtstd | Odds Ratio   Std. Err.      z    P>|z|     [95% Conf. Interval] 

-------------+---------------------------------------------------------------- 

  malebreadd |   1.319498   .1418738     2.58   0.010     1.068776    1.629036 

femalebreadd |   .8533862    .255667    -0.53   0.597     .4743874    1.535176 

 unemployedd |   4.438404   1.116605     5.92   0.000     2.710712    7.267256 

     spearnd |   1.991996   .2772052     4.95   0.000     1.516477    2.616624 

    spunempd |   3.231121   .5639764     6.72   0.000     2.294986    4.549108 

------------------------------------------------------------------------------ 

 

Model B, Table 5.3. 

Logistic regression                               Number of obs   =      11837 

                                                  Wald chi2(3)    =     205.79 

                                                  Prob > chi2     =     0.0000 

Log pseudolikelihood = -724641.05                 Pseudo R2       =     0.0638 

 

------------------------------------------------------------------------------ 

             |               Robust 

     ppvtstd | Odds Ratio   Std. Err.      z    P>|z|     [95% Conf. Interval] 

-------------+---------------------------------------------------------------- 

  edupmkrstd |   .8579277   .0542097    -2.43   0.015     .7579944    .9710362 

   ses2stdw1 |   .6269405   .0405932    -7.21   0.000     .5522206    .7117705 

   socsup3av |    .915282   .0133028    -6.09   0.000     .8895768    .9417299 

------------------------------------------------------------------------------ 

 

Model C, Table 5.3. 

Logistic regression                               Number of obs   =      11837 

                                                  Wald chi2(4)    =      21.02 

                                                  Prob > chi2     =     0.0003 

Log pseudolikelihood =  -769063.6                 Pseudo R2       =     0.0064 

 

------------------------------------------------------------------------------ 

             |               Robust 

     ppvtstd | Odds Ratio   Std. Err.      z    P>|z|     [95% Conf. Interval] 

-------------+---------------------------------------------------------------- 

     smoke3d |   1.068998   .1169016     0.61   0.542     .8627651    1.324528 

     genderd |   .7653094   .0703986    -2.91   0.004     .6390539    .9165088 

  lengthfedd |   .7347465   .0692814    -3.27   0.001     .6107665    .8838934 

poorhealth~r |    .907785    .175859    -0.50   0.617     .6209914    1.327029 

------------------------------------------------------------------------------ 
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Model D, Table 5.3. 

Logistic regression                               Number of obs   =      11837 

                                                  Wald chi2(4)    =      99.58 

                                                  Prob > chi2     =     0.0000 

Log pseudolikelihood = -754840.56                 Pseudo R2       =     0.0247 

 

------------------------------------------------------------------------------ 

             |               Robust 

     ppvtstd | Odds Ratio   Std. Err.      z    P>|z|     [95% Conf. Interval] 

-------------+---------------------------------------------------------------- 

 ineffect2av |   .9948069    .017664    -0.29   0.769     .9607816    1.030037 

 ineffect3av |   .9712634   .0176024    -1.61   0.108     .9373689    1.006384 

  consist2av |    .942423   .0146105    -3.83   0.000     .9142176    .9714986 

  consist3av |   .9062354   .0150408    -5.93   0.000     .8772304    .9361995 

------------------------------------------------------------------------------ 

 

Model E, Table 5.3. 

Logistic regression                               Number of obs   =      11837 

                                                  Wald chi2(3)    =      29.43 

                                                  Prob > chi2     =     0.0000 

Log pseudolikelihood = -767350.12                 Pseudo R2       =     0.0086 

 

------------------------------------------------------------------------------ 

             |               Robust 

     ppvtstd | Odds Ratio   Std. Err.      z    P>|z|     [95% Conf. Interval] 

-------------+---------------------------------------------------------------- 

  depressall |   1.673494      .3469     2.48   0.013     1.114751    2.512294 

depression~y |   1.510075   .1712021     3.64   0.000     1.209191    1.885828 

depression~e |   1.834904   .2539782     4.39   0.000     1.398924    2.406757 

------------------------------------------------------------------------------ 

 
Model F, Table 5.3. 

Logistic regression                               Number of obs   =      11837 

                                                  Wald chi2(3)    =     125.93 

                                                  Prob > chi2     =     0.0000 

Log pseudolikelihood =  -747274.5                 Pseudo R2       =     0.0345 

 

------------------------------------------------------------------------------ 

             |               Robust 

     ppvtstd | Odds Ratio   Std. Err.      z    P>|z|     [95% Conf. Interval] 

-------------+---------------------------------------------------------------- 

readdailyb~d |   .2980739   .0342255   -10.54   0.000     .2380056    .3733023 

readdaily1~d |   .6162965   .0808978    -3.69   0.000     .4764938    .7971172 

readdaily2~d |   .7282478   .1033595    -2.23   0.025     .5514028    .9618103 

------------------------------------------------------------------------------ 



 

204 

 

Model G, Table 5.3. 

Logistic regression                               Number of obs   =      11837 

                                                  Wald chi2(22)   =     323.04 

                                                  Prob > chi2     =     0.0000 

Log pseudolikelihood = -697436.03                 Pseudo R2       =     0.0989 

 

------------------------------------------------------------------------------ 

             |               Robust 

     ppvtstd | Odds Ratio   Std. Err.      z    P>|z|     [95% Conf. Interval] 

-------------+---------------------------------------------------------------- 

  malebreadd |   1.112714   .1227978     0.97   0.333     .8962846    1.381405 

femalebreadd |   .5801289   .1894095    -1.67   0.095     .3059222    1.100115 

 unemployedd |   1.739341   .4736878     2.03   0.042     1.019931    2.966189 

     spearnd |   1.349795   .2000988     2.02   0.043     1.009444      1.8049 

    spunempd |   1.690448   .3434323     2.58   0.010     1.135197    2.517285 

  edupmkrstd |   .9040812   .0569491    -1.60   0.109     .7990782    1.022882 

   ses2stdw1 |   .6851905   .0457441    -5.66   0.000     .6011519    .7809774 

   socsup3av |    .929143   .0133676    -5.11   0.000      .903309    .9557159 

     smoke3d |   .6775489   .0806617    -3.27   0.001     .5365444    .8556095 

     genderd |   .7118358   .0656414    -3.69   0.000     .5941375    .8528501 

  lengthfedd |   1.045928   .1030308     0.46   0.648      .862289    1.268676 

poorhealth~r |   .9605189   .2103228    -0.18   0.854     .6253456    1.475339 

 ineffect2av |   .9852213   .0171648    -0.85   0.393     .9521469    1.019445 

 ineffect3av |   .9742369   .0175354    -1.45   0.147     .9404673    1.009219 

  consist2av |   .9784694   .0154619    -1.38   0.168     .9486291    1.009248 

  consist3av |   .9449989   .0162657    -3.29   0.001     .9136504    .9774229 

  depressall |   .8365507   .1941973    -0.77   0.442     .5307547    1.318532 

depression~y |   1.149385   .1382252     1.16   0.247     .9080293    1.454893 

depression~e |   1.230126   .1817145     1.40   0.161     .9208941    1.643195 

readdailyb~d |   .4348736   .0530745    -6.82   0.000     .3423556    .5523936 

readdaily1~d |    .756719   .1009846    -2.09   0.037     .5825608    .9829422 

readdaily2~d |   .8888135   .1292877    -0.81   0.418     .6683347    1.182027 

 

Model H, Table 5.3. 

Logistic regression                               Number of obs   =      11837 

                                                  Wald chi2(5)    =      52.32 

                                                  Prob > chi2     =     0.0000 

Log pseudolikelihood = -762902.83                 Pseudo R2       =     0.0143 

 

------------------------------------------------------------------------------ 

             |               Robust 

     ppvtstd | Odds Ratio   Std. Err.      z    P>|z|     [95% Conf. Interval] 

-------------+---------------------------------------------------------------- 

neighsafe3av |    .934912   .0299851    -2.10   0.036     .8779513    .9955682 

neighcohes~v |   .9318088   .0202818    -3.24   0.001     .8928932    .9724204 

      rurald |   .8977527    .097521    -0.99   0.321     .7255919    1.110762 

     smalltd |    .607361   .0661689    -4.58   0.000     .4905833    .7519363 

       medtd |    .636904    .089333    -3.22   0.001     .4838194    .8384259 

------------------------------------------------------------------------------ 
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Model J, Table 5.3. 

Logistic regression                               Number of obs   =      11831 

                                                  Wald chi2(6)    =      66.37 

                                                  Prob > chi2     =     0.0000 

Log pseudolikelihood = -753276.57                 Pseudo R2       =     0.0267 

 

------------------------------------------------------------------------------ 

             |               Robust 

     ppvtstd | Odds Ratio   Std. Err.      z    P>|z|     [95% Conf. Interval] 

-------------+---------------------------------------------------------------- 

   tenur_own |   .9903535   .0038674    -2.48   0.013     .9828025    .9979625 

  mob5_notmv |   1.008057   .0064316     1.26   0.208     .9955302    1.020742 

  edu_degree |   .9698199   .0083691    -3.55   0.000     .9535547    .9863626 

   lftag_emp |   .9867402   .0051045    -2.58   0.010     .9767861    .9967956 

co5_migrated |   1.168604   .0335903     5.42   0.000     1.104588    1.236329 

valuecv_~10k |   .9884127   .0103832    -1.11   0.267     .9682701    1.008974 
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Model L, Table 5.4 complete model. 
 

Logistic regression                               Number of obs   =      11831 

                                                  Wald chi2(48)   =     414.03 

                                                  Prob > chi2     =     0.0000 

Log pseudolikelihood = -672846.17                 Pseudo R2       =     0.1306 

 

------------------------------------------------------------------------------ 

             |               Robust 

     ppvtstd | Odds Ratio   Std. Err.      z    P>|z|     [95% Conf. Interval] 

-------------+---------------------------------------------------------------- 

  malebreadd |   1.199139   .1331472     1.64   0.102      .964619    1.490676 

femalebreadd |   .6330431   .2216445    -1.31   0.192     .3187176    1.257363 

 unemployedd |   1.903226   .5402265     2.27   0.023     1.091135    3.319724 

     spearnd |   1.369339    .196162     2.19   0.028     1.034127    1.813211 

    spunempd |   1.786414   .3578654     2.90   0.004     1.206324    2.645453 

  edupmkrstd |   .8965527   .0556931    -1.76   0.079     .7937796    1.012632 

   ses2stdw1 |   .6845505   .0465404    -5.57   0.000     .5991493    .7821246 

   socsup3av |   .9345674    .013945    -4.54   0.000     .9076315    .9623027 

     smoke3d |    .754072   .0890877    -2.39   0.017      .598205    .9505513 

     genderd |   .6919045   .0625406    -4.07   0.000     .5795712    .8260104 

  lengthfedd |   .9016856   .0899363    -1.04   0.299     .7415736    1.096367 

poorhealth~r |   .9172641   .2353352    -0.34   0.736     .5547641    1.516633 

 ineffect2av |    .986803   .0163214    -0.80   0.422     .9553267    1.019316 

 ineffect3av |    .979134   .0167942    -1.23   0.219     .9467651     1.01261 

  consist2av |   .9806925   .0155322    -1.23   0.218     .9507177    1.011612 

  consist3av |   .9564871   .0164382    -2.59   0.010     .9248054    .9892541 

  depressall |   .8906769     .21392    -0.48   0.630     .5562644     1.42613 

depression~y |   1.144882   .1351318     1.15   0.252     .9084318    1.442876 

depression~e |   1.211455   .1822883     1.27   0.202      .902041    1.627002 

neighsafe3av |     1.0375   .0359291     1.06   0.288     .9694164    1.110364 

neighcohes~v |   .9951102   .0240568    -0.20   0.839     .9490594    1.043395 

      rurald |   .8020702   .1173877    -1.51   0.132      .602052     1.06854 

     smalltd |   .7072428   .0935667    -2.62   0.009     .5457031    .9166017 

       medtd |   .6932063   .1063023    -2.39   0.017     .5132533    .9362529 

   tenur_own |   .9974172   .0040927    -0.63   0.529     .9894278    1.005471 

  mob5_notmv |    1.00621   .0067339     0.93   0.355     .9930979    1.019495 

  edu_degree |   .9840896   .0093383    -1.69   0.091      .965956    1.002564 

   lftag_emp |   .9988491   .0058849    -0.20   0.845     .9873812     1.01045 

co5_migrated |   1.121183   .0334924     3.83   0.000     1.057424    1.188787 

valuecv_~10k |    1.00137   .0111753     0.12   0.902     .9797049    1.023515 

readdailyb~d |   .4449647   .0555654    -6.48   0.000     .3483621    .5683556 

readdaily1~d |   .7790665   .1049993    -1.85   0.064     .5982093    1.014602 

readdaily2~d |   .8682972   .1241531    -0.99   0.323     .6560844    1.149151 

      flagc2 |   .8163046   .1419518    -1.17   0.243     .5805398    1.147817 

      flagc3 |   .9266099   .1390127    -0.51   0.611     .6905532    1.243359 

      flagc4 |   .9070607    .161857    -0.55   0.585     .6393622    1.286844 

      flagc5 |   .9471808   .1612118    -0.32   0.750     .6785111    1.322236 

  flagdep9w2 |     1.8039   .3766069     2.83   0.005      1.19813    2.715945 

  flagdep9w3 |   1.376159   .4090832     1.07   0.283     .7684871     2.46434 

flagmalebr~d |    1.45655   .3334123     1.64   0.100     .9299955    2.281236 

flagcosisw2d |   .8430721   .1964582    -0.73   0.464     .5339642     1.33112 

flagcosisw3d |   1.441987   .4042816     1.31   0.192      .832367    2.498089 

 flagineff2d |   1.728605   .5020946     1.88   0.060     .9782592    3.054484 

 flagineff3d |   .6484119   .2333888    -1.20   0.229      .320236      1.3129 

flagneighc~s |   1.273158   .1640678     1.87   0.061     .9889872    1.638981 

flagneighs~e |   .7543177   .2645436    -0.80   0.421     .3793437    1.499946 

  flagsocsup |   2.672056   .9909106     2.65   0.008     1.291768    5.527221 

 flaglenfeed |   .5117738    .134638    -2.55   0.011     .3055928    .8570635 
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Logistic Regression: Inattention-hyperactivity Score 
 

Model A, Table 5.5. 

Logistic regression                               Number of obs   =      11774 

                                                  Wald chi2(5)    =      28.12 

                                                  Prob > chi2     =     0.0000 

Log pseudolikelihood = -305609.66                 Pseudo R2       =     0.0136 

 

------------------------------------------------------------------------------ 

             |               Robust 

inatten10w3d | Odds Ratio   Std. Err.      z    P>|z|     [95% Conf. Interval] 

-------------+---------------------------------------------------------------- 

  malebreadd |   .6313278   .1276162    -2.28   0.023      .424809    .9382449 

femalebreadd |   .8958161   .4487431    -0.22   0.826     .3356021    2.391185 

 unemployedd |   2.375486   1.199857     1.71   0.087     .8826957    6.392843 

     spearnd |   1.112376   .2237042     0.53   0.596     .7500169    1.649804 

    spunempd |   2.388537   .5494664     3.78   0.000     1.521664    3.749255 

 

Model B, Table 5.5. 

Logistic regression                               Number of obs   =      11774 

                                                  Wald chi2(3)    =      15.43 

                                                  Prob > chi2     =     0.0015 

Log pseudolikelihood = -306070.47                 Pseudo R2       =     0.0121 

 

------------------------------------------------------------------------------ 

             |               Robust 

inatten10w3d | Odds Ratio   Std. Err.      z    P>|z|     [95% Conf. Interval] 

-------------+---------------------------------------------------------------- 

  edupmkrstd |   .7817612   .0766507    -2.51   0.012      .645082    .9473999 

   ses2stdw1 |   .9427781   .0862182    -0.64   0.519     .7880724    1.127854 

   socsup3av |   .9687879   .0206478    -1.49   0.137     .9291525    1.010114 

------------------------------------------------------------------------------ 

Model C, Table 5.5. 

Logistic regression                               Number of obs   =      11774 

                                                  Wald chi2(4)    =      58.34 

                                                  Prob > chi2     =     0.0000 

Log pseudolikelihood = -300279.92                 Pseudo R2       =     0.0308 

 

------------------------------------------------------------------------------ 

             |               Robust 

inatten10w3d | Odds Ratio   Std. Err.      z    P>|z|     [95% Conf. Interval] 

-------------+---------------------------------------------------------------- 

     smoke3d |   1.706021    .288928     3.15   0.002     1.224128    2.377618 

     genderd |   .4472125     .06887    -5.23   0.000     .3306971    .6047802 

  lengthfedd |    .638753   .0997341    -2.87   0.004     .4703568    .8674382 

poorhealth~r |   1.344976   .3886484     1.03   0.305     .7633936    2.369629 

------------------------------------------------------------------------------ 
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Model D, Table 5.5. 

Logistic regression                               Number of obs   =      11774 

                                                  Wald chi2(4)    =     307.11 

                                                  Prob > chi2     =     0.0000 

Log pseudolikelihood = -268518.16                 Pseudo R2       =     0.1333 

 

------------------------------------------------------------------------------ 

             |               Robust 

inatten10w3d | Odds Ratio   Std. Err.      z    P>|z|     [95% Conf. Interval] 

-------------+---------------------------------------------------------------- 

 ineffect2av |   1.067654   .0265795     2.63   0.009      1.01681    1.121041 

 ineffect3av |   1.296501   .0284896    11.82   0.000     1.241848    1.353559 

  consist2av |   .9961452   .0267227    -0.14   0.886     .9451227    1.049922 

  consist3av |    .992906   .0304474    -0.23   0.816     .9349882    1.054412 

------------------------------------------------------------------------------ 

 

Model E, Table 5.5. 

Logistic regression                               Number of obs   =      11774 

                                                  Wald chi2(3)    =      58.04 

                                                  Prob > chi2     =     0.0000 

Log pseudolikelihood = -299635.29                 Pseudo R2       =     0.0329 

 

------------------------------------------------------------------------------ 

             |               Robust 

inatten10w3d | Odds Ratio   Std. Err.      z    P>|z|     [95% Conf. Interval] 

-------------+---------------------------------------------------------------- 

  depressall |   4.376348   1.188321     5.44   0.000     2.570295    7.451449 

depression~y |   2.108165   .3773255     4.17   0.000      1.48441    2.994023 

depression~e |   3.456265    .698565     6.14   0.000     2.325766    5.136274 

------------------------------------------------------------------------------ 

 

Model F, Table 5.5. 

Logistic regression                               Number of obs   =      11774 

                                                  Wald chi2(3)    =      29.13 

                                                  Prob > chi2     =     0.0000 

Log pseudolikelihood = -304256.26                 Pseudo R2       =     0.0180 

 

------------------------------------------------------------------------------ 

             |               Robust 

inatten10w3d | Odds Ratio   Std. Err.      z    P>|z|     [95% Conf. Interval] 

-------------+---------------------------------------------------------------- 

readdailyb~d |   .3686519   .0687304    -5.35   0.000     .2558121    .5312659 

readdaily1~d |   .5135195   .1120011    -3.06   0.002     .3348927    .7874231 

readdaily2~d |   .6028599   .1310409    -2.33   0.020     .3937264    .9230776 

------------------------------------------------------------------------------ 
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Model G, Table 5.5. 

Logistic regression                               Number of obs   =      11774 

                                                  Wald chi2(22)   =     379.42 

                                                  Prob > chi2     =     0.0000 

Log pseudolikelihood = -252305.19                 Pseudo R2       =     0.1857 

 

------------------------------------------------------------------------------ 

             |               Robust 

inatten10w3d | Odds Ratio   Std. Err.      z    P>|z|     [95% Conf. Interval] 

-------------+---------------------------------------------------------------- 

  malebreadd |   .5140059   .1056114    -3.24   0.001     .3436165    .7688865 

femalebreadd |   .7261422   .3566341    -0.65   0.515     .2773106    1.901414 

 unemployedd |   1.605454   .6959298     1.09   0.275     .6864681    3.754702 

     spearnd |   .7768159    .193566    -1.01   0.311     .4766688    1.265958 

    spunempd |   1.221669   .3486448     0.70   0.483     .6982875    2.137336 

  edupmkrstd |   .8575588   .0828707    -1.59   0.112     .7095902    1.036383 

   ses2stdw1 |   1.018081   .1114874     0.16   0.870     .8214279    1.261814 

   socsup3av |   .9980152   .0237704    -0.08   0.934     .9524968    1.045709 

     smoke3d |   1.398463    .260469     1.80   0.072     .9707588    2.014607 

     genderd |    .483578   .0806745    -4.36   0.000     .3487081    .6706116 

  lengthfedd |   .7430557   .1211996    -1.82   0.069     .5397369    1.022965 

poorhealth~r |   1.467204      .4703     1.20   0.232     .7827896    2.750021 

 ineffect2av |   1.072489   .0276593     2.71   0.007     1.019625    1.128093 

 ineffect3av |   1.289756   .0300854    10.91   0.000     1.232117    1.350091 

  consist2av |   1.018064   .0294639     0.62   0.536     .9619229    1.077481 

  consist3av |   1.029976   .0327946     0.93   0.354     .9676646      1.0963 

  depressall |   1.420831   .5050174     0.99   0.323     .7079344    2.851621 

depression~y |    1.41965   .2854365     1.74   0.081      .957277    2.105353 

depression~e |   1.967921   .4398643     3.03   0.002     1.269842    3.049762 

readdailyb~d |   .5153725   .1090895    -3.13   0.002     .3403661    .7803621 

readdaily1~d |   .5949953   .1435837    -2.15   0.031     .3707682    .9548268 

readdaily2~d |   .6119451   .1435987    -2.09   0.036     .3863402    .9692928 

------------------------------------------------------------------------------ 

 

Model H, Table 5.5. 

Logistic regression                               Number of obs   =      11774 

                                                  Wald chi2(5)    =       6.15 

                                                  Prob > chi2     =     0.2922 

Log pseudolikelihood = -308600.28                 Pseudo R2       =     0.0040 

 

------------------------------------------------------------------------------ 

             |               Robust 

inatten10w3d | Odds Ratio   Std. Err.      z    P>|z|     [95% Conf. Interval] 

-------------+---------------------------------------------------------------- 

neighsafe3av |    .959041   .0535028    -0.75   0.453     .8597072    1.069852 

neighcohes~v |   .9476792   .0334846    -1.52   0.128     .8842714    1.015634 

      rurald |   .9843761   .1830933    -0.08   0.933     .6836569    1.417372 

     smalltd |    1.04605   .1881861     0.25   0.802     .7352245    1.488281 

       medtd |    1.27176   .2763094     1.11   0.269     .8307462    1.946891 

------------------------------------------------------------------------------ 
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Model J, Table 5.5. 

Logistic regression                                

                                                  Wald chi2(6)    =      21.55 

                                                  Prob > chi2     =     0.0015 

Log pseudolikelihood = -306226.72                 Pseudo R2       =     0.0116 

 

------------------------------------------------------------------------------ 

             |               Robust 

inatten10w3d | Odds Ratio   Std. Err.      z    P>|z|     [95% Conf. Interval] 

-------------+---------------------------------------------------------------- 

   tenur_own |   .9818211   .0067569    -2.67   0.008     .9686668    .9951541 

  mob5_notmv |   .9992323   .0118829    -0.06   0.949     .9762116    1.022796 

  edu_degree |    1.00443   .0149536     0.30   0.767     .9755445     1.03417 

   lftag_emp |    1.02674   .0115347     2.35   0.019     1.004379    1.049598 

co5_migrated |   .9066111    .048215    -1.84   0.065     .8168698    1.006211 

valuecv_~10k |   .9840047   .0149343    -1.06   0.288     .9551651    1.013715 

------------------------------------------------------------------------------ 
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Model L, Table 5.6 complete model. 

Logistic regression                               Number of obs   =      11768 

                                                  Wald chi2(37)   =     444.23 

                                                  Prob > chi2     =     0.0000 

Log pseudolikelihood =  -248553.5                 Pseudo R2       =     0.1977 

 

------------------------------------------------------------------------------ 

             |               Robust 

inatten10w3d | Odds Ratio   Std. Err.      z    P>|z|     [95% Conf. Interval] 

-------------+---------------------------------------------------------------- 

  malebreadd |   .5287702   .1113928    -3.02   0.002     .3499045    .7990694 

femalebreadd |   .7910077   .3609734    -0.51   0.607     .3233986    1.934743 

 unemployedd |   1.579169    .699178     1.03   0.302     .6630686    3.760959 

     spearnd |    .740076   .1836769    -1.21   0.225     .4550085    1.203741 

    spunempd |   1.151634   .3283131     0.50   0.620     .6586431    2.013627 

  edupmkrstd |   .8160954   .0828413    -2.00   0.045     .6688612    .9957398 

   ses2stdw1 |   1.014572   .1163391     0.13   0.900     .8103581    1.270248 

   socsup3av |   .9931769   .0252104    -0.27   0.787     .9449745    1.043838 

     smoke3d |   1.339497   .2494987     1.57   0.117     .9298104    1.929697 

     genderd |   .4852677   .0818875    -4.28   0.000      .348613    .6754905 

  lengthfedd |   .7322469   .1211592    -1.88   0.060     .5294388    1.012743 

poorhealth~r |   1.413691   .4478453     1.09   0.274     .7598029    2.630316 

 ineffect2av |   1.076279   .0275623     2.87   0.004     1.023592    1.131679 

 ineffect3av |   1.290493   .0298785    11.01   0.000     1.233241    1.350403 

  consist2av |   1.017919   .0300813     0.60   0.548     .9606352    1.078618 

  consist3av |   1.024836   .0334463     0.75   0.452     .9613351    1.092531 

  depressall |   1.302026   .4621428     0.74   0.457     .6493713    2.610635 

depression~y |   1.398623   .2863107     1.64   0.101     .9363803    2.089053 

depression~e |   2.021609   .4603403     3.09   0.002     1.293809    3.158815 

neighsafe3av |   1.022168    .058356     0.38   0.701     .9139596    1.143189 

neighcohes~v |   .9799931   .0340813    -0.58   0.561     .9154206     1.04912 

      rurald |   .8901466   .2086368    -0.50   0.620     .5622803    1.409192 

     smalltd |    .915456   .1918923    -0.42   0.673      .607035    1.380579 

       medtd |   1.113962   .2663713     0.45   0.652      .697157     1.77996 

   tenur_own |   .9898413   .0073717    -1.37   0.170      .975498    1.004396 

  mob5_notmv |   1.007369   .0116633     0.63   0.526     .9847664    1.030489 

  edu_degree |   1.011751   .0167584     0.71   0.481     .9794322    1.045135 

   lftag_emp |   1.032396   .0127755     2.58   0.010     1.007658    1.057742 

co5_migrated |   .9003949   .0542746    -1.74   0.082     .8000621     1.01331 

valuecv_~10k |   .9856618   .0178432    -0.80   0.425     .9513029    1.021262 

readdailyb~d |   .5319077   .1137485    -2.95   0.003     .3497895    .8088457 

readdaily1~d |   .5921496   .1423283    -2.18   0.029       .36969    .9484734 

readdaily2~d |   .6457108   .1580338    -1.79   0.074     .3996793    1.043193 

      flagc2 |   .5956716   .1602189    -1.93   0.054      .351607    1.009151 

      flagc3 |   .5431725   .1247626    -2.66   0.008     .3462767     .852025 

      flagc4 |   .5524424   .1584583    -2.07   0.039     .3148727    .9692574 

      flagc5 |    .565949   .1478184    -2.18   0.029     .3391991     .944278 
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Appendix B:  Details of the Method Used to Derive Measures of  

Maternal Education and Family SES 

The concept of socioeconomic status is an important measure of the 

resources available to the child from both the family and the neighbourhood.  These 

resources can also be thought of as types of capital.  Family SES is a combination of 

information about the educational achievement of the parents, occupational status 

of the parents, and income of the family.  The variables from the NLSCY consisted of: 

Number of years of education completed by mother 

Number of years of education completed by partner 

Occupation status code for mother 

Occupation status code for partner 

Total household (HH) income 

I modified these variables extensively and used them to produce a measure 

of maternal education and a composite measure of the remainder of the SES 

variables.  I describe this process below. 
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Table B1 

Variables of Socioeconomic Status  

Descriptive name Description Values 

Mother’s years 
of education  

The number of years of education 
completed by the mother 

Integer  

Partner years of 
education  

The number of years of education 
completed by the partner if present 

Integer  

Total equivalent 
HH income 

Income for the household from all 
sources, in constant dollars adjusted for 
number of HH members  

Integer in $10,000s  

Occupational 
score of mother 

Boyd-NP Occupational status score Integer Scale:  
0 to 100 

Occupational 
score of partner 

Boyd-NP Occupational status score  Integer Scale:  
0 to 100 

 

Number of Years of Education 

I selected the number of years of education for the mother and for her 

partner, if present, and standardised them (Mean = 0, SD = 1).  The number of years 

of education is recorded at Wave 1. 

Total Family Income 

The income for the family is the total household income as reported and 

includes income from all sources, including earned income, government pensions 

and payments, interest from shares and investments, and any other sources such as 

child maintenance.  Child maintenance is money received by the mother and paid by 

a former spouse following divorce or separation.  Statistics Canada imputed missing 

data in this variable using multiple imputation.  Since the dollar amounts change 

over time because of inflation, I have adjusted these amounts by the Consumer Price 
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Index (CPI) and I report them in constant values.  To facilitate the interpretation of 

the parameters estimated in the models I have expressed the income values in 

$10,000 multiples.  For example, $7.8 is equivalent to $78,000. 

Ideally the share of total family income attributable to maternal employment 

would have been calculated but for most cycles of the NLSCY maternal earned 

income was not provided as a separate amount.  Cycle 7 was the first wave in which 

this amount was reported. 

Occupational Status Score 

The NLSCY provides the occupational code for the current or most recent job 

in the reference year for the mother and the partner, if present, in the household.  I 

converted this occupational code to a measure of occupational status using the 

Boyd-NP occupational status scores.  The Boyd-NP score is a linear scale that runs 

from 0 to 100.  Higher scores are indicative of higher status jobs. 

For each Census from 1991, 1996, and 2001 I calculated a separate set of 

Boyd-NP scores.  To ensure consistency across cycles and hence across cohorts I 

converted all the occupational codes to NOC-S 2001 codes and used the Boyd-NP 

scores for 2001. 

In the NLSCY, if a mother or partner was not working in a particular 

reference year, no occupation was recorded and I could not calculate a Boyd status 

score.  I dealt with this missing data in the following way.  Since there are three 

waves of data, if only one wave was missing I set the observation equal to the 

average of the two other Boyd scores.  If only one wave had data I set the value for 
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the other two waves equal to that value.  If no values were recorded, I substituted 

the mean score for the wave.  I treated missing values for spouses and partners in a 

similar way.  For each occupational status variable I created a flag (FlagSES).  The 

values of FlagSESPMK for the mother are:  

0 if the variable was not missing;  

1 if the variable was calculated from other values of the same individual; and  

2 if the mean was substituted.  

The values of FlagSESSP for the partner are: 

0 if the variable was not missing;  

1 if the variable was calculated from other values of the same individuals;  

2 if the mean was substituted; and 

3 if the partner was not present.  

An effect of this treatment is to reduce the variability in this data from wave to 

wave.  This also affects the composite measure and the variability in it over the 

three waves.  

Derived Variables for SES 

I carried out exploratory data analysis by using the five components of SES in 

a variety of models.  The parameters for the Boyd occupational status scores were 

significant at the 0.05 level but the effect sizes of these parameters were very small; 

a difference of 20 points on the Boyd status score scales resulted in a change on the 

PPVT-R of 0.2 of a point.  A twenty-point difference separates a professional job, 

such as a librarian requiring a university degree, from a technical job such as a 
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library technician, which requires a diploma.  In addition, the treatment of missing 

data in the Boyd-NP scores reduced the variability across waves. 

The number of people in the household influences the level of resources 

available to the individual child.  In the literature, particularly that on poverty, the 

concept of equivalent income is often used to account for the size of the family 

income relative to the number of people in the household.  Researchers have used 

many different formulas to calculate equivalent income but one commonly used is to 

divide the household income by the square root of the number of people in the 

household (OECD, n.d.) . 

My exploratory analysis showed that the child’s vocabulary score declined in 

line with the number of people in the household with the exception that in a family 

of two—a sole mother and the survey child—the child had a very low vocabulary 

score.  Often measures of SES do not take the number of household members into 

account.  To simplify the measurement of human and social capital in this analysis, I 

converted the total household income to equivalent household income.  

I decided to use the following two variables: a measure of maternal years of 

education and a composite measure of the remainder of the SES variables.  I 

included maternal education as a separate variable since the literature and previous 

work using the NLSCY (Boyce et al., 2009) has shown that the level of education of 

the mother has an important influence on outcomes for her children.  

Given the amount of missing data on occupational status, I decided to adopt 

the method used in other research for calculating SES.  For example, Willms, in 
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deriving a measure of SES from PISA data, chose the greatest number of years of 

education and the highest occupational status of the adults in the household (OECD, 

2001).  From the two values available for both years of education and occupational 

status, I chose the highest value using the following rules. 

If FlagSES = 0 or 1 for both mother and partner, choose the highest value  

If FlagSES = 2 for mother = 0 or 1 for partner, choose the value for partner  

If FlagSES = 2 for partner and = 0 or 1 for mother, choose the value for mother  

If FlagSES = 2 for mother and = 2 for partner, choose the highest value  

If FlagSES = 3 for partner, choose the value for mother  

The aim in producing a composite measure of SES is to combine as much of 

the variability of the three measures—highest occupational status score, highest 

years of education, and household income—as possible.  One method of doing this is 

to carry out a factor analysis of these three variables to derive a solution and select 

the first factor produced when this factor is greater than one.  SES is then the sum of 

the three measures standardized and weighted by each variable’s value in the 

component matrix of the factor analysis and scaled by variability carried by the first 

factor— the eigenvalue—as shown in the following equation. 

 
1 2 3

1

( ) ( ) ( )comp comp comp

factor

occup occup edu edu income income
SES

eigenvalue
  

In this equation compx  x = 1, 2, 3 is the value from the component matrix of the 

factor analysis. 
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This method was used for calculating a measure of SES for the Étude 

Longitudinal du Développement des Enfants du Québec (ÉLDEQ, Québec Longitudinal 

Survey of Child Development) that is shown in Appendix C.  In the ÉLDEQ 

calculation, the weights are similar to each other (.86, .86, .82) and the eigenvalue is 

2.15.  The calculated value of SES would not vary greatly from a solution where the 

average of the unweighted sum of the three components was used.  Willms and 

Shields (1996) and Blakemore et al. (2009) both used this solution.  The measure of 

SES used for my research therefore consisted of the average of the simple sum of 

three variables:  

Highest occupational status score in the HH  

Highest years of education in the HH; and 

Total equivalent HH income in constant dollars. 

I standardized each of the variables before adding them together. 

The final equation for SES is 

 
( )

3

OccupationalStatus YearsEducation HHIncome
SES   

I provide further details of the technical rationale for this combination in Appendix 

C with a comprehensive discussion of the derivation of measures of SES.  I 

submitted the paper at Appendix C as a Comprehensive Paper in partial fulfillment 

of the requirements for the PhD in Interdisciplinary Studies at UNB. 
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Appendix C:  Measuring Socioeconomic Status (SES)  

from Social Surveys and Censuses 

Introduction 

It has been observed in countries as diverse as China, Britain, and Egypt over 

many centuries that outcomes such as morbidity and mortality in these societies 

were not evenly spread across their populations but varied dependent on other 

characteristics such as occupation and income (Kreiger, Williams, & Moss, 1997; 

Lynch & Kaplan, 2000).  In 1887, for example, the Assistant Registrar General in 

Britain suggested that for the analysis of mortality data it might be informative if the 

results were tabulated with the population broken into broad groups based on 

social standing (Rose, 1995).  Implicit in the construction of such groups is the idea 

that the individuals within that society can be classified into the groups based on 

other readily observed characteristics and that in addition there is a hierarchical 

arrangement of groups with those in the higher groups possessing more of a 

particular good.  

The construction of the Registrar General’s Social Classes (RGSC) first 

published in 1913 was based on a mixture of occupational and industrial groups.  

However it was not until 1928 that Stevenson, who had constructed the scheme, 

provided any insight into his reasoning behind it.  In a paper delivered to the Royal 

Statistical Society, he noted that “culture was more important than material factors 

in explaining the lower mortality of the wealthier classes.  And culture (which for 

Stevenson included knowledge of health and hygiene issues) was more easily 

equated to occupation than income and wealth” (Rose, 1995, p. 2).  
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Stevenson’s original motivation was firmly based in a particular view of 

social processes.  The end of the nineteenth and beginning of the twentieth century 

had seen a debate about differential fertility and mortality between the hereditarian 

eugenicists and environmentalists6 of which Stevenson was one.  He advocated 

interventionist public health measures and one could see his class scheme, although 

not overtly based on a social theory, as reflecting his belief about the way in which 

social factors needed to be considered in accounting for social outcomes (Rose, 

1995).  In Britain, the link was thus made that social class was a measure of culture 

and could be derived from occupation. 

In America, social anxiety stemming from the Red Scare following World War 

I, which continued throughout the twentieth century especially in relation to 

anything with a Marxist flavour, made it unlikely that the idea of class as a basis for 

divisions within society and certainly any scales measuring it, would be popular in 

either general society or academic work (Vitt, 2007).  Edwards, using data from the 

1910 census, did develop a scale of Socio-Economic Groups of the United States with 

nine groups but it was based on occupation with no reference to class.  For the 1940 

Census, he produced tables with the average education and income for each group 

to demonstrate that the socio-economic status of workers declined as one went 

down the groups (Nam & Boyd, 2004).  It will be shown later in this paper that the 

scales that did develop were continuous scales based on rankings of occupational 

                                                        
6 Hereditarian eugenicists believed that the characteristics of the poor reflected their deficient 

biological stock; environmentalists believed such characteristics were due to the harsh urban 

industrial environment. See for example (Garret, Reid, Schurer, & Szreter, 2001) . 
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prestige, consistent with the view that the efforts of individuals could result in social 

mobility and hence increases in prestige.  

In order to investigate the nature of the social processes as well as the 

differential outcomes in societies that result from them, a number of concepts have 

been defined.  The hierarchical arrangement (with some kind of ranking) of a 

particular society is most often referred to as stratification (Grusky, 2007; Haug, 

1977) or social7 stratification (Treiman, 2004) with inequality arising because 

valued goods within a society such as food and housing but also abstract goods such 

as political power and social prestige are not distributed equally in terms of both 

quantity and quality.  The means by which this stratification occurs is known 

variously as a stratification system (Grusky, 2007; Ganzeboom, De Graaf, & Treiman, 

1992) or a stratification process (Kerckhoff, 1995) and is an ongoing process across 

generations with new members arriving and existing members dying or leaving by 

means such as migration. 

It is convenient for research purposes to be able to measure stratification 

within a society and to do this we need a scale.  Such a scale has been called 

socioeconomic status although as we will shortly show, the theoretical and 

conceptual process of arriving at such a measure has not been straightforward and 

even the name socioeconomic status has been subject to debate.  However, for the 

moment we will define socioeconomic status (SES) as “the relative hierarchical 

                                                        
7 Definition: Social [adjective]:- relating to society and how it is organised. Encarta Dictionary: 

English (North America). 

 



 

 

 

222 

placement of a unit such as an individual, family or community, along a gradient 

stratified by social and economic resources” (Guppy, 2009, para. 2).  The extent to 

which units vary in their SES is a measure of the inequality between these units and 

also a measure of inequality in the society in which this occurs. 

In 1977, discussing the measurement of stratification, Haug stated that 

“measurement involves a process of theoretical conceptualisation and operational 

definition based on rules of correspondence between the theory and the scaling 

technique selected” (Haug, 1977, p.51) and she saw the lack of prior theoretical 

conceptual clarity in relation to stratification as interfering with good measurement.  

We will now examine the theoretical issues that underlie stratification, the 

inequality that arises from it and the measurement of it by socioeconomic status. 

Aim of paper.  This paper discusses the measurement of socioeconomic 

status in those modern western societies which are principally English speaking and 

have open capitalist economies: namely Canada, Australia, the UK, and the USA.  The 

literature is predominantly from the USA and the UK but where possible the paper 

will examine the situation from Canada, Australia and relevant European countries.  

A separate paper (forthcoming) will focus on the relationship between SES and 

various outcomes such as health and educational achievement. 

The paper is structured as follows:- 

 Theoretical positions: positions which have influenced SES measurement 

are discussed, especially the functionalist position of stratification in 

America but more modern ideas from the UK and the USA are also noted.   
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 Definitions of SES: Varying points of view both in terms of the words used 

for socioeconomic status but also in the definition of the concept are then 

considered. 

 Measures of SES: Characteristics of particular measures are described, 

notably occupation, education, and income.  The next sub-section 

summarises how such measures can be used at the individual, household, 

and neighbourhood level.  The section concludes with a discussion of 

combined measures of SES. 

 Implementation: The section explains the issues involved in the actual 

calculation and production of a measure of SES.  Where appropriate 

examples are taken from the measure of SES in the Étude Longitudinal du 

Développement des Enfants du Québec [ÉLDEQ, Québec Children’s Survey]. 

 Conclusion: Provides a discussion about the current state of research into 

the measurement of SES and likely continued use. 

Theoretical Positions 

The debate over the systems of stratification that exist in virtually all 

societies and such systems’ causes, consequences, and legitimacy has been 

extensive.  As Lenski (1994) observed, some have defined such systems as natural, 

inevitable, and even divinely ordained; while others have attacked them as 

unnatural, unnecessary, and immoral.  

In North America, the sociologist Talcott Parsons was influential in 

establishing a theoretical basis for socioeconomic status through his functional 
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theory of stratification (Parsons, 1970).  This approach discounted both the Marxist 

treatment of class relations as well as Weber’s formulation of stratification (Oakes & 

Rossi, 2003).  In Parson’s theorising, status is achieved as a result of (moral) social 

evaluation and social status is thus the core component of social stratification or 

rank. 

The classification scales (scales of stratification) that were used to make such 

moral evaluations varied widely both within and between societies.  In an early 

paper, published in 1940, Parsons identified six attributes of individuals that were 

used to differentially value individuals within society and where the discrimination 

based on these criterions was considered legitimate by those societies.  This varying 

evaluation in terms of honour and prestige is a fundamental reason for inequality 

because in relationships between people, status affects how they interact.  Parsons 

emphasised the central importance of the kinship unit (or group) which was a group 

centred on birth and sexual union, as fundamental to society while realising that the 

form the group took varied between societies (Parsons, 1954). 

The six attributes identified were: 

1. Membership in a kinship unit either by birth or through marriage where 

differential status is shared by all members of the group. 

2. Personal qualities – those qualities which make a person different from 

others and result in a higher rating, for example sex, age, intelligence, and 

strength.  To the extent that some of these qualities such as strength can 
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be enhanced by personal effort, personal qualities can overlap into 

achievements  

3. Achievements – these are the valued results of the actions of individuals, 

for example physical fitness, language fluency, authorship of a book, 

which may or may not be part of a material object and can be ascribed to 

that individual in a morally responsible sense 

4. Possessions – to be classified as a possession, the object must be 

transferable so it is usually a concrete possession, but it can include 

control over the attributes of others. 

5. Authority – this is the right to influence what others do irrespective of 

what that other person wishes to do.  This right is conferred 

institutionally and is exercised by the occupant of a particular office, such 

as an officer in the army or because of status which is socially defined, for 

example that of a parent, doctor or school principal.  Parsons believed 

that the kind and degree of authority which is exercised was very 

important since it represented a key basis of the differential valuation of 

others.   

6. Power – this is a residual category that comes about when an individual 

influences other people and acquires possessions by the exercise of 

power which is at that time not institutionally recognised.  This may 
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happen were an individual gains power militarily and then uses this 

power to acquire legitimised status and symbols of recognition8.  

This belief in the solidarity of the kinship unit or conjugal family had 

implications for the measurement of status.  In American society, the achievement of 

status through occupational achievement was of prime importance, but since 

dependent children did not take part in the competition for status in the occupation 

hierarchy, their status was derived from that of the parents.  Extending this 

reasoning to the couple, it was argued that the separation of sex roles within the 

family meant that women were not in competition with their husbands for 

occupational status.  So the status of the family was derived by the man “finding his 

level in the occupational sphere” (Parsons, 1954, p.80).  In comparison to 

occupational status and the income derived from that position, wealth was not seen 

as important. 

Following on from Parsons, K. Davis and Moore (1945) further developed the 

principles of stratification and its relationship to the system of positions that was 

present in society together with the varying degrees of prestige that these positions 

carried.  They believed that inequality in a society was a function of stratification 

which itself arose from the need which society has to have individuals occupy 

certain positions and perform the duties associated with them. 

                                                        
8 An example of this happening on a grand scale is that of Napoleon who acquired power militarily 

and then had himself crowned Emperor Napoleon I of France in 1804 by Pope Pius VII. The following 
year he was crowned King of Italy in Milan Cathedral.  
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The available rewards and their distribution are part of the social system of a 

society.  There are three types of reward.  Those that contribute to:  

1. providing physical resources and a monetary livelihood (sustenance and 

comfort); 

2. making a pleasant and relaxed lifestyle (humour and diversions); and 

3. self-esteem and status achievement (self-respect and ego expansion). 

These three types of reward are distributed differentially depending on the 

position and it is this differential distribution that results in a society being stratified 

and giving rise to inequality.  So inequality is an unconsciously evolved device and 

its function is to ensure that jobs are filled and the tasks are carried out.  Thus the 

positional rank of a job in society is a function of 

1. its relative importance for a society; and 

2. the level of training or talent required, with a scarcity of skills increasing 

a job’s relative position. 

The functional theory of stratification as stated by K. Davis and Moore (1945) 

may be paraphrased as follows:  Society has a need to differentially evaluate 

positions in order that members of society are motivated to pursue the training 

necessary for the society’s most important positions and that the individual who 

occupies a particular position will perform it as well as possible.  Jobs need to be 

ranked differentially because this encourages the most qualified and competent 

people in society to perform the most important jobs.  The inequality that arises 

from this stratification is thus functional for the society. 
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The theory appears to suggest that individuals make their decisions about 

their careers on the basis of society’s need for qualified people for certain jobs and 

not on the basis of vested self-interest9.  The functional theory endorsed inequality 

but ignored the negative consequence of this in relation to social cohesion in a 

particular society (De Graaf, 2007).  Other difficulties that arise from such 

stratification are that the inequality limits the discovery of potential ability in a 

proportion of the society and more importantly for economic efficiency, limits the 

expansion of productive resources in its population by providing poorer education 

and opportunity to a segment of the society (Tumin, 1994).  It is interesting that in a 

later work Parsons (1970) re-examined the equality-inequality axis and declared it 

to be the fundamental cause of strain within complex societies. 

In 1961, Duncan produced his socioeconomic index (SEI), which was used as 

the basis for the seminal work The American Occupational Structure (Blau & Duncan, 

1967).  This work which looked at the intergenerational mobility between American 

men and their sons was very much an empirical study using a population sample 

survey, rather than being theoretical in nature.  This set the precedent for the work 

which followed with the emphasis being on SES measurement through the use of 

occupations.  Thus, in 1981 Hodge could observe that there was no unified 

theoretical base for the concept of SES. 

                                                        
9 Evidence that self-interest can be the most important factor in individual’s decision making is 

provided by the recent collapse of the American financial institutions, which left former Governor of 
the American Reserve Bank, Alan Greenspan surprised that bankers, as senior executives but still 
employees, in the banking sector had looked after their own self-interest and not those of the 
shareholders and institutions of the banks (Uygur, 2009).  
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In the UK, the RGSC which as previously discussed was first published in 

1913, continued to be very popular amongst researchers particularly in health and 

demography for over sixty years.  It was a scale of social class based on mapping 

occupation and employment status to class categories.  The scale was updated from 

time to time in 1970 and 1980 for the British Census but the conceptual basis was 

never explained by the Office of Population Censuses and Surveys and it is best 

described as intuitive, not supported by any body of social theory (Rose, 1995).   

Another approach to social classifications in the UK has been that of 

Goldthorpe and Erickson for their studies of social mobility and class structure10.  

Their theoretical background conceptualises class positions as being derived from 

employment relationships typified by the categories of employer, self-employed and 

employee.  These positions have two dimensions: one covers sources of income and 

how secure these sources are; the other deals with an individual’s location within 

the systems of authority and control which govern the production process in which 

they are employed.  It flows from this proposition that it is in employment that the 

implications of an individual’s class positions are most apparent (Goldthorpe & 

McKnight, 2006).  Stratification results from individuals occupying differing class 

positions. 

A theoretical position which posited a relationship between social 

stratification and occupation was the basis for the Cambridge Scale (CS) which was 

considered to be a broad measure of social stratification and inequality.  Stewart, 

                                                        
10 Internationally, the CAMSIS project is a comparative assessment of the structures of social 

interaction and stratification across a number of countries http://www.camsis.stir.ac.uk/ 
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Prandy and Blackburn rejected class analysis because it is seen as a static approach 

to what in reality is a dynamic social process, that is the market outcomes of 

different jobs and the lifestyle associated with it (Prandy, 1990; Rose, 1995).  

Over the last 15 years, US researchers concerned with growing inequalities in 

societies both in the United States and elsewhere have looked again at the concept 

of stratification and how it is related to inequality.  This is an important 

development since, as mentioned previously, the original conceptualisation of 

stratification in American society discounted both the Marxist treatment of class 

relations as well as Weber’s formulation of stratification (Oakes & Rossi, 2003). 

Kreiger et al. (1997) theorised that stratification comes about through social 

classes.  They defined social class as “social groups arising from interdependent 

economic relationships among people.  These relationships are determined by a 

society’s forms of property, ownership, and labor, and their connections through 

production, distribution, and consumption of goods, services, and information” 

(Kreiger et al., 1997, pp 344-345).  The classes such as working class, business 

owners, and professionals exist in relationship to one another and therefore the 

definition of one group affects the definition of another.  For example, for one 

person to be an employee they must have an employer and it is this reality that 

defines this person’s relationship to work.   

Kreiger et al. (1997) considered that class is not a natural characteristic of 

people but arises from associations defined by society.  This conceptualization of 

class as a social relationship helps in understanding how inequalities in society 



 

 

 

231 

arise.  Members of different classes try to advance their own economic and social 

well-being but in doing so this may lead to the loss of resources to another group 11.   

If class is seen as a social relationship, it is easier to comprehend the 

generation, distribution, and persistence of the many pathways that lead to 

inequalities between people in relation to income, wealth, and health.  Class as a 

composite concept logically precedes the measurement of its expression in aspects 

of society such as income, wealth, education, and social status.  These diverse 

components of economic and social well-being as they are related to class position 

are known as “socio-economic position” (Kreiger et al., 1997, p. 346). 

Coleman (1990) postulated a social theory in which he aimed to understand 

the functioning and organisation of society.  His central concern was the manner in 

which the positions that make up the social structure emerge and how individuals 

are motivated to occupy these positions.  This theory has been used by Oakes and 

Rossi (2003), who were concerned about the increasing social inequality in America, 

to define SES not only as access to resources but also as access to various 

endowments.  Three domains are identified as: 

1. Material endowment such as earned income, real estate (material capital) 

2. Skills abilities and knowledge (human capital) and 

                                                        
11 For example, the introduction of new capital equipment into the forestry industry in New 

Brunswick to improve productivity has led to decreases in the percentage of the rural population 

employed in that industry (Christie, Gibbings, & LeBreton, 2008).  
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3. One’s social networks and the status, power, and other characteristics of 

its members (social capital). 

SES could thus be seen as a function of material capital, human capital, and 

social capital. 

The most recent theoretical interest in stratification and inequality, including 

how it might be conceptualised and measured and thus understood, is set out by 

Adkins and Vaisey (2009).  Their theory of stratification and the determinants of 

status attainment built on the work of Blau & Duncan (1967) and in it they specified 

a status attainment model.  However the most original aspect of the theory is the 

attempt to include a measure of ability that incorporates traits such as personality 

that are partially determined by an individual’s genome.  A particularly interesting 

feature is that research which looks at gene-environment interactions shows the 

importance of measuring SES at both the family and neighbourhood level12.   

This review of these differing theoretical positions emphasises that in 

investigating stratification and the role that socioeconomic status might play, there 

is not one unified theory.  However the continuing interest demonstrated by 

researchers suggests that progress may be made towards such a point.  

The language of socioeconomic status.  In understanding the concept of 

socioeconomic status as a measure of stratification it is important to be aware of the 

                                                        
12 It also shows the importance of longitudinal studies since one of the first cases of a documented 

gene-environment interaction was based on data from the Dunedin Longitudinal Study (Caspi et al., 

2003) 
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terms that are used in the literature to describe the concept.  The term 

Socioeconomic was first used by Lester Ward an American sociologist in 1883 (F. L. 

Jones & McMillan, 2001).  Since then a wide variety of terms has been employed.  

The following terms have all been used in the literature and are listed in 

chronological order to give some idea of differences of opinion: 

 Socio-economic status (Lundberg, 1940) 

 Social position (Hollingshead, 1957 as cited in Hauser & Warren, 1997) 

 Socioeconomic index (Duncan, 1961) 

 Socioeconomic status (Blau & Duncan, 1967)  

 Socioeconomic status, social stratification equivalent to social inequality 

(Mueller & Parcel, 1981)  

 Socioeconomic status, measured by socioeconomic index which gives 

socioeconomic scores (Blishen, Carroll, & Moore, 1987)  

 Social status, social class, social inequality, social stratification, 

socioeconomic status considered equal in practical terms (Liberatos, 

Link, & Kelsey, 1988)  

 Socioeconomic index of occupational status (Ganzeboom et al., 1992)  

 Occupational status measured by occupational prestige, socioeconomic 

status or class (Ganzeboom & Treiman, 1996)  

 Socioeconomic status measured by socio-economic index (Hauser & 

Warren, 1997)  

 Social class one aspect of socioeconomic position (Kreiger et al., 1997)  
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 Socio-economic position: other equivalent terms social class, social 

stratification, social status, socio-economic status (Lynch & Kaplan, 2000)  

 Socioeconomic status measured by socioeconomic scales (Boyd, 2002) 

 Socioeconomic position (Singh-Manoux, Clarke, & Marmot, 2002)  

 Socioeconomic status, SES (Willms, 2002) 

 Socioeconomic status (Oakes & Rossi, 2003)  

 Socioeconomic scales valid measures of socioeconomic status (Nam & 

Boyd, 2004)  

 Socioeconomic status, but socioeconomic position preferred (Dutton, 

Turrell, & Oldenburg, 2005)  

 Socioeconomic status scores are equivalent to socioeconomic scores and 

socioeconomic indexes (Boyd, 2008) 

 Socioeconomic index (McMillan, Beavis, & Jones, 2009)   

 Socioeconomic status (Adkins & Vaisey, 2009)   

From this list it appears that socioeconomic as an adjective describing social 

and economic characteristics is firmly established but the noun to which it refers is 

still open to discussion.  Kreiger et al. (1997) and Singh-Manoux et al. (2002), among 

others, endorsed socioeconomic position with Kreiger arguing that socioeconomic 

status blurs the distinction between two parts of socioeconomic position—between 

a) actual resources and b) status, meaning prestige or rank related characteristics.  

Hauser and Warren (1997)  argued the case for status on the grounds that 

socioeconomic status but especially its abbreviation SES has become a shorthand or 
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generic term for the group of variables normally used to indicate and differentiate 

between the location of social entities (individuals, families, and neighbourhoods) in 

a social hierarchy.  Certainly on the basis of popularity and historical usage, the term 

socioeconomic status (SES) is favoured by researchers.  Given this usage this paper 

will use the term socioeconomic status and its abbreviation SES. 

Definitions of socioeconomic status.  This same lack of agreement is also 

apparent in the definitions that authors have suggested over the years.  Oakes and 

Rossi (2003) in their review expressed surprise that particularly in USA very little 

attention has been paid to the measurement of SES and as a consequence there is no 

agreement on a nominal definition.  We list seven that have been suggested over the 

years from 1940 to 2008. 

1. Socio-economic status – how comfortably people live in their homes 

(Lundberg, 1940) 

2. Socioeconomic status is defined in this system as the relative position of a 

person, family or neighbourhood in a hierarchy which maximally reflects 

differences in health behaviour: Green (1970) writing in the public health 

field, quoted in Mueller & Parcel (1981 (p. 816). 

3. “Social stratification”, for example, is used to describe a social system 

(usually a society or community) in which individuals, families, or groups 

are ranked on certain hierarchies or dimensions according to their access 

to or control over commodities such as wealth, power, and status.  A 

case’s relative position (and associated score) on a particular hierarchy 
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(or a combination of hierarchies) may be referred to as its SES (Mueller & 

Parcel, 1981, p. 14). 

4. Socioeconomic status is what socioeconomic status scales measure 

(Hodge, 1981, p. 407). 

5. Socioeconomic status (SES) is typically used as shorthand expression for 

variables that characterize the placement of persons, families, 

households, census tracts or other aggregates with respect to the capacity 

to create or consume goods that are valued in our society (Hauser & 

Warren, 1997, p.178). 

6. Socio-economic position: the social and economic factors that influence 

what position(s) individuals and groups hold within the structure of 

society (Lynch & Kaplan, 2000, p. 14). 

7. Socioeconomic status: term for the position of persons, families, 

households, and other aggregates with respect to social and economic 

factors, particularly the capacity to create or consume the goods valued in 

post-industrial societies (Boyd, 2008, p. 52). 

Luckily it has been recognised by those interested in the study of society that 

it is still possible to make progress in developing measures of SES without 

researchers needing to fully explain the mechanisms which both produce and 

maintain stratification in society (Mueller & Parcel, 1981).  Blishen et al. (1987), in 

describing a socioeconomic index for Canada stated that although such an index 

may be a poor substitute for class analysis, it is a useful measure of the inequalities 
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in society that arise because of the technical divisions of labour.  A measure of SES 

could therefore be a one-dimensional indicator which locates particular individuals 

within the (Canadian) occupational hierarchy at a particular time. 

The problem still remains.  Oakes and Rossi (2003), looking at the 

relationship between SES and health, noted that although the number of peer 

reviewed journal articles concerned with SES and health has gone up almost 

exponentially since 1963, the number on the measurement of SES has barely made it 

off the x-axis over the same period of time.  Their graph of this state of affairs is 

given in Figure C1 below. 

 

Figure C1.  Number of articles on SES and health compared to SES measurement by 

year, 1941 to 1999.  Source: Oakes & Rossi (2003), p. 771 
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Measures of Socioeconomic Status 

The influence of Blau and Duncan’s (1967) work on occupational mobility, 

based as it was on cross-sectional data and the labour force, emphasised a SES 

measure that related to the individual at one point in time.  However SES can be 

conceptualised and measured at both different levels and time periods.  It can be 

quantified meaningfully at three different levels: 

 Individual 

 Household 

 Neighbourhood or community 

In examining different outcomes, the measures at each level can have either 

an independent or sometimes a joint effect.  Generally, the individual level is often 

appropriate for the work-place, while household level is suited to considering family 

resources and the outcomes for children.  At the neighbourhood level, community-

based hazards as well as resources can be included.  These measures may also need 

to be considered concurrently.  For example as a joint effect, the income of a 

household will vary in its effect on health depending on the neighbourhood in which 

the family lives.  In the USA, poor black families are much more likely to live in 

deprived neighbourhoods than are poor white families (Kreiger et al., 1997). 

SES can also be measured at different points across the lifecycle such as 

during pregnancy, childhood, adolescence, early adulthood, middle age, and old age.  

Surveys which are longitudinal enable SES to be measured at each cycle of the 

survey and allow for improved inference.  Relevant time periods will depend on the 
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outcome being examined and hypothesised pathways.  As well the likelihood of 

cohort effects should be considered.  For example, the earning potential of a student 

just completing high school was very different in 1970 than in 2000 since overall 

there has been an increase in education levels achieved (Breen & Jonsson, 2005). 

A cohort is any group of individuals who have some characteristics in 

common such as experiencing the same significant life event in some given time 

frame.  There are many different kinds of cohort such as having started to receive a 

pension in a given year or having been born in a particular year or other time 

period.  It follows that any study which measures characteristics of one or more 

cohorts at two or more points in time may be described as cohort analysis (Trochim, 

2006).  A key characteristic of such studies is that the same individuals are followed 

over time. 

However, since the data is observational and not experimental, cohorts may 

be influenced by events and factors about which little is known.  This results in 

cohort studies being subject to more threats to validity than say an experimental 

design and makes it necessary to scrutinise results carefully particularly before any 

statements about causality are made.  For example, in examining equations used to 

explain wages as a function of an individual’s experience, education, and a number 

of control variables in Swedish data, Dahlberg and Nahum (2003) showed that it is 

important to consider cohort effects which in this case will be the size of the birth 

cohort but also whether an individual is born in an upswing or downswing of an 
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economic boom.  This is relevant since other research has shown that cohort effects 

such as being born in a large or small population cohort influence wage outcomes. 

In contrast to cohort studies, research when changes over time are described 

using a series of cross sectional datasets may be known as a trend study (Trochim, 

2006).  In such studies different groups of people at different points in time are 

drawn from the same population.  This is a common use of public opinion polls 

where a sample of voters is selected once a month and they are asked questions 

such as who their preferred Prime Minister currently is.  The proportion nominating 

a particular person will change from month to month but we have no information 

about changes of opinion in individuals since often a new sample selects completely 

different individuals.  Such as study can however provide information about net 

changes at the aggregate level (Trochim, 2006) and when there is a series of data 

such as for the size of labour force, it can be used to describe trends overtime.  One 

can see that there needs to be consistent measurement over time since a change in 

the method of measuring can be mistaken for a change in the trend.  

The discussion of definitions of SES has already provided an indication of the 

lack agreement about what SES means and therefore what measures should be used.  

There is literature that supports the use of a single measure – particularly 

occupational status but multidimensional or composite measures are also 

described.  The next section discusses the characteristics of single measures that are 

commonly used.  Three tables then summarise the advantages and disadvantages of 

these measures at the individual, household (or family), and neighbourhood (or 
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community) level.  The section concludes with a discussion of composite measures 

and how they might be constructed as well as difficulties with their use. 

Characteristics of particular measures. 

Occupational status.  Occupations provide the institutional context within 

which individual human capital is exercised, accumulated, and rewarded.  

Sociologists have made strong claims about the causal significance of such 

institutional contexts (Boyd, 2008) and in deriving measures of SES, authors such as 

Mueller and Parcel (1981) have often recommended an occupational measure as the 

best single measure.  Of course occupation can change over time but Hauser (1994) 

provided evidence from work done in the late 1980’s-early 1990’s that indicates 

that occupation is subject to less change than income.  The immediate difficulty in its 

use is that occupation as recorded and coded in official statistics has a large number 

of categories and is coded principally as a nominal variable.  Before it can be used it 

needs to be scaled or reclassified in sociologically meaningful ways.  This has 

involved a long and complicated history, which will not be presented here but can 

be found in the work of Haug (1977), Hodge (1981), McMillan et al. (2009), and 

Boyd (2008). 

Ganzeboom et al. (1992) identified three principal ways in which 

occupations have been transformed to represent a meaningful sociological measure 

in the study of stratification: 

1. sociologically derived class categories; 

2. prestige ratings; and 
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3. socioeconomic status scores. 

These different methods reflect the diverse theoretical positions of 

researchers who undertake the derivation of such scales.  A diagrammatic view of 

this process is shown in Figure C2. 

 

Figure C2.  Conversion of occupation to occupational status.  Source: Ganzeboom et 

al. (1992) and Boyd (2008). 

Note: The diagram is based on information provided in Ganzeboom et al. (1992) but 

the Boyd-NP occupational scores is an updated example of a socioeconomic status 

score. 

Class categories.  Researchers who favour a categorical approach argue that 

members of society are divided into a small number of discrete categories (classes).  

Such a position can cover a range of approaches from the Marxist dichotomy of 
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capitalists and workers, through neo-Weberian categories which distinguish 

positions in a labour market as proposed by Goldthorpe (Hauser & Warren, 1997) to 

authors such as Warner where the aim is to determine how many layers individuals 

perceive in society (Ganzeboom et al., 1992). 

These approaches do differ from each other but the characteristic that makes 

them alike is that they are based on a position which says that there is a series of 

discontinuous, and clearly distinguishable social categories to which members of 

society belong.  The members of one category are alike in some measureable way 

(internal homogeneity) but differ from members of the other groups (external 

heterogeneity).  To test the statistical adequacy of a particular categorical scheme 

one needs to establish that for the criterion variables such as income, social 

mobility, or wealth, the variance is mostly explained by the categories and there is 

no significant or meaningful within category variation (Ganzeboom et al., 1992).   

This approach has been most popular in the UK where the Registrar General’s 

Social Class (RGSC), which was a scale of social class, was derived from a mixture of 

occupational and industrial groups.  The RGSC was very popular in UK research in 

part because of the particular British interest in the study of class (Rose & Pevalin, 

2001) and has been updated only quite recently.   

Several schemes based on class have been developed in the UK and also in 

Europe.  Erikson and Goldthorpe developed the concept of employment relations, 

which is conceptualised as a class structure of empty places that is filled by 

individuals (Rose & Pevalin, 2001).  This idea was further developed into The 
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Erikson, Goldthorpe, and Portocaro (EGP) scheme.  It is an example of a categorical 

approach and it has been shown to be a useful analytic technique in occupational 

mobility research.  Research using the EGP categories has demonstrated that 

occupational immobility is particularly common in the propertied classes.  However 

a continuous approach, which is discussed below, must treat immobility as just 

another kind of mobility but one where there is zero difference between origin and 

destination (Ganzeboom et al., 1992). 

The current official classification scheme in the UK is The National Statistics 

Socio-economic Classification (NS-SEC) that has been constructed, based on the 

Erickson and Goldthorpe scheme, to measure employment relations and conditions 

of occupations.  The aim of this scale is to delineate the structure of socio-economic 

positions in the UK and to help explain variations in social behaviour and other 

social phenomena (Office of National Statistics, 01 August 2008).  

Continuous approaches to occupational scaling.  There are two important 

aspects in which the continuous approaches differ from the categorical: 

1. an unlimited number of finely graded distinctions between occupational 

groups is possible; and 

2. it is assumed that the important differences between groups can be 

captured in one dimension.  

This characteristic, if true, lends the technique additional analytic power.  In 

addition, continuous measures are easier to include in multivariate analysis and 

result in models that are more parsimonious and parameters that are more 
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interpretable.  Ganzeboom et al. (1992) provided examples of work which has used 

continuous prestige scales to describe occupational mobility and compares them 

favourably with other studies which have used categorical measures. 

The two continuous measures of occupational scaling are scales of prestige 

and socioeconomic status scores both of which are also unidimensional but have 

somewhat different histories.  Prestige scales involve evaluative judgments by a 

sample of people in order to make decisions about the general desirability of 

occupations.  Socioeconomic status scores13 do not involve subjective judgements 

but in general are a weighted sum of average education and average income for each 

occupation in a standard coding frame such as NOC (National Occupational 

Classification, Canada) but sometimes will include other measures such as wealth or 

father’s occupation (Ganzeboom & Treiman, 1996).  

In deciding which one of these two measures is to be favoured there has been 

considerable research effort which is summarised in Ganzeboom et al. (1992).  As a 

concept, prestige has advantages over socioeconomic index (SEI) scores in that its 

theoretical basis is more firmly established.  Both K. Davis and Moore (1945) and 

Treiman (1977) conceived of prestige as something that society extends to those 

occupying particular occupations as a reward for them providing valuable services.  

With socioeconomic status scores it is not as clear what the exact conceptual basis 

is.  However since they seem to capture the process of stratification somewhat 

                                                        
13 Terminology often used is a) socioeconomic index (SEI) scale or b) occupational status scales 
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better than prestige scores they have been more commonly used in research 

(Ganzeboom & Treiman, 1996).  

Prestige type scales will be described first using as an example the most 

recently derived Canadian scale and then two examples of socioeconomic status 

scores will be discussed in detail in the next section. 

Prestige scales.  Prestige scales are created by popular evaluation of 

occupational standing and they represent a long-standing sociological hypothesis 

that in social interaction, occupational status is the most important single dimension 

(Ganzeboom & Treiman, 1996).  Prestige scales have been created for many 

different countries and Treiman (1977) combined prestige scales for 60 countries to 

create the Standard International Occupational Prestige Scale (SIOPS) to enable 

inter-country comparison.  This scale has been updated to be consistent with the 

International Standard Classification of Occupation 1988 (ISCO88) (Ganzeboom & 

Treiman, 1996).  

One of the most popular prestige scales in Canada was the Pineo-Porter scale 

which was updated to the Pineo-Porter McRobert’s scale in 1977 and was based on 

the Canadian Classification and Dictionary of Occupations.  This scale remained 

popular during the 1980’s but was of course, gradually going out of date as the 

occupational landscape changed.  In 1993 HRDC introduced the National 

Occupational Classification (NOC), while NOC-S was introduced by Statistics Canada.  

NOC consists of two dimensions – one the skill-level required, for example 

completion of secondary school, Bachelor degree, and the other the skill-type sector 
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such as health occupations and sales and service occupations and is thus fully 

differentiated by skill level (Goyder & Frank, 2007). 

However Goyder and Frank reported that the NOC scheme had not been 

greatly used by researchers who preferred scales such as Pineo-Porter McRobert’s 

scale where prestige is represented by one dimension and not a large number of 

occupational categories.  In 2005 a new national level survey of occupational 

prestige was begun in Canada and replicated the method used by Pineo-Porter in 

1967.  Their approach had been based on the National Opinion Research Centre 

(NORC) study conducted by Hodge, Siegel, and Rossi in America (Goyder & Frank, 

2007).  

In the task, survey respondents were asked to rate four of the 26 

occupational major groups from the NOC using the following instruction “imagine a 

ladder with nine rungs on it and rate the groups according to their ‘social standing’” 

(Goyder & Frank, 2007, p. 68).  Using members of the public to rate occupational 

prestige results in more measurement error since members of the public vary in 

their understanding of ‘social standing’. However Goyder and Frank argued that this 

is part of the process, since a key element of occupational prestige research is that 

perceptions of inequality rest in the minds of individuals.  The actual prestige scale 

rates Professional occupations in Health most highly and Elemental Sales and Service 

Occupations are given the lowest score14.  

                                                        
14 The full scale is provided in Table 2, (Goyder & Frank, 2007)  p.9). 
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Goyder and Frank defended the prestige approach to occupation scaling on 

the grounds that although less precise than occupational status scores, prestige 

scales provide a broader conceptually validated view of occupational status (Goyder 

& Frank, 2007).  Others however have described prestige scales as behaving 

“roughly as if they were error-ridden measurements of the socioeconomic status of 

the occupations held by fathers and sons” (Hauser & Warren, 1997, p.170) and it is 

these socioeconomic status scores that are discussed in the next section.   

Socioeconomic status scores.  Figure C2 shows that in choosing a measure 

of occupational status of the socioeconomic status score type, there are two main 

approaches which both conceive of socioeconomic status scores as the weighted 

sum of average education and average income for each occupation.  The terminology 

employed for these various measures is rarely consistent but the methods used will 

now be described. 

Census-based measures, particularly in Canada and the USA.  In the USA there 

is a tradition of providing occupational socioeconomic status scales based on the 

decennial census.  Edwards began producing such measures for each census starting 

in 1940: this was then continued by Nam & Powers for the 1960 census, Nam et al 

for 1970, then Nam, Powers, and Terrie for 1980 and 1990, and Nam, Powers, and 

Boyd for the 2000 census.  For each detailed occupational group, these scores 

represent the average education and income of incumbents of that group and are 

thus characteristics of the occupation rather than the individual (Nam & Boyd, 

2004). 
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Blishen began working in the 1950s on an occupational status scale for the 

Canadian census.  This first scale was based solely on the educational 

income/earnings characteristics of individuals.  But in subsequent scales, he 

included dimensions of both the economic and subjective social opinions about 

occupations in the scales.  Thus for the 1961 census he produced socioeconomic 

scales that incorporated the prestige rankings from the Pineo-Porter 1967 prestige 

study and the resulting scales were therefore prestige ones rather than pure 

socioeconomic scales.  This was repeated for the 1971 and 1981 censuses (Boyd, 

2008).  The most recent Canadian scale of this type is the Goyder and Frank (2007) 

scale for the NOC occupational categories, which was described in the section above 

on Prestige scales.  

The Canadian equivalent of the American Nam-Powers-Boyd scale has been 

derived by Boyd (2008) for the 2001 Census based on the occupational information 

collected from individuals aged 15 years and older.  Boyd named the scores Boyd-NP 

Occupational Scores.  The methodology for this scale is presented in Figure C3 with 

the steps involved in the process set out below the figure. 
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Figure C3.  Calculation of Boyd-NP occupational status scores.  
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Each status score may be interpreted as follows: 

For the ith occupation: the value is the percentage of persons who are in 

occupations having combined average levels of (median) education and (median) 

earnings lower than the ith occupation (Boyd, 2008).  The scale captures the 

educational and earnings dimensions of the occupations themselves not the 

individual that may occupy a particular job. 

This is important in examining the impact of a particular occupation on an 

individual over a number of years.  Thus at the beginning of a working life, a young 

lawyer or engineer may earn less than an experienced auto assembler but this does 

not indicate the different economic life chances which are embedded in their 

different occupational careers (Boyd, 2008).  The scale does not however control for 

differences in age and so the scores may be affected by cohort effects.  This is 

consistent with other scales of this type such as the Blishen scale for the 1981 

Canadian Classification and Dictionary of Occupations (Blishen et al, 1987). 

In the construction of these occupational status score, Boyd also made the 

education or earnings-specific variables available, which may be useful for those 

who wish to research for example intergenerational inheritance or gender. 

International measures of occupational status scores.  The second group of 

measures has been based on the methodology used to develop the International 

Socio-economic Index (ISEI) (Ganzeboom et al., 1992; Ganzeboom & Treiman, 

1996).  Conceptually this method measures “the attributes of occupations that 

convert a person’s main resource or human capital (education) into a person’s main 
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reward (income)” (Ganzeboom et al., 1992, p. 9).  A simple model of this process 

would look like this: 

Education      Occupation    Income 

Here occupation is the latent variable (or engine) that turns education into 

income.  In the methodology which utilises optimal scaling techniques, occupations 

are scaled in such a way that they capture as much as possible of the (indirect) 

influence of education on (income) earnings.  This methodology was developed by 

Ganzeboom et al. (1992)15.  It may be explained as follows with the help of a path 

diagram shown in Figure C4, which is a simple status attainment model. 

 

Figure C4.  Path model for occupational scoring.  Source: Redrawn from Ganzeboom 

et al. (1992), p.11. 

                                                        
15 The methodology is discussed on pp. 9-11 and Appendix C pp.52-53 of their paper. 
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The solution used by the optimal scaling technique cannot be computed 

directly but uses an iterative algorithm.16 The path diagram (Figure C4) represents a 

saturated model.  In estimating the model we want to make the direct effect (ß42) of 

Education on Income as small as possible while making the indirect effect through 

Occupation (ß32* ß43) as large as possible.  This can be done in several ways.  In the 

de Leeuw algorithm, the total residual sums of squares is minimised by fitting a non-

saturated path model in which the path corresponding to ß42 is left out.  Age is 

included in the model to account for the fact that younger workers have greater 

years of education, due to educational expansion, than older workers.  So for each 

10 year age group, its members need additional years of education to achieve the 

same occupational status as the group immediately older than they.  Or put another 

way, each cohort needs a 1.7 higher ISEI score in order to get the same income for a 

given education level. 

Ganzeboom et al. (1992) noted that an optimally scaled occupational status 

score still implies that for each occupational group a weighted sum (taking into 

account the effect of age) of mean education and mean income is calculated.  

However the new SEI is seen as an advance on earlier scales since the relationship 

between prestige scales and SEI is completely removed.  This relationship had 

caused problems with the earlier Duncan scales which had originally been based on 

evaluations of prestige and then extended to all occupations through the application 

                                                        
16 Algorithm developed by Jan de Leeuw, Professor of Statistics, University of California at Los 

Angeles 
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of regression techniques.  In addition the method gives a clearer interpretation to 

the ISEI. 

The dataset used to derive this International Socio-Economic Index (ISEI) 

scale was a multi-national one of 31 datasets covering 16 nations and the years 

1968 to 1982 where the occupations were coded according to the ISCO68 scale.  

Largely because of the years in which the occupational data was collected, the 

sample only contained men aged 21 – 64 and working 30 or more hours or full-time 

since many countries at that time did not include women.  Scores for all occupations 

typically occupied by women such as early childhood teachers, nurses, and maids 

were estimated but the data will be sparser and hence subject to more error than 

those for male dominated categories.  

This methodology has since been used by Ganzeboom et al to update the ISEI 

for the updated ISCO88.  In addition Jones and McMillan have used what they called 

the state of the art algorithm (McMillan et al., 2009) to produce occupational status 

scores for Australia, the ANU4 in 2001 and the Australian (AU) Socioeconomic Index 

(SEI) 2006 (06) or AUSEI06 based on the 2006 Australian census data.  The data 

includes both males and females and uses calculated hourly wage rather than 

weekly wage so that part-time workers are included.  Similar work has been done 

by Davis and colleagues in New Zealand (P. Davis, McLeod, & Ransom, 1999; P. 

Davis, Jenkin, & Coope, 2003). 

In updating the ISEI for the ISCO88 scale Ganzeboom & Treiman (1996) also 

produced new measures of the occupational scale based on class—the EGP—and 
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based on prestige—the SIOPS.  Since these scales are not perfectly correlated with 

each other and the ISEI, Ganzeboom and Treiman suggested that more than one 

measure may be used in analysis.  Wohlfarth (1997) showed that measuring 

socioeconomic characteristics using both a measure of prestige as well as class was 

beneficial in explaining different parts of the variance of psychopathology. 

Comparing the two methods of calculating socioeconomic status scores.  In 

comparing the two methods of calculating the scores there are a number of issues 

which should be considered.  

1) Data from men and women.  

The original and updated ISEI were based on data for men only, which makes 

the estimate of women-dominated jobs such as pre-school teachers or maids more 

inaccurate since data is sparser.  It is possible to include women’s data as has been 

done with both the Australian (McMillan et al., 2009) and New Zealand (P. Davis et 

al., 2003) labour forces in calculating an SEI.  The Boyd-NP Occupational Scores 

being based on the Canadian Census included both men and women (Boyd, 2008). 

Although the decision of Ganzeboom et al. (1992) to leave out data for 

females was for largely pragmatic reasons they justified it conceptually saying “such 

scores are exactly the ones needed to bring out discrimination against women” (p. 

15).  However, McMillan et al. (2009) demonstrated that scales derived for men and 

women separately are highly correlated with one using combined data and that 

since women and men are competing in the same labour market it seems reasonable 

for both theoretical and empirical reasons to produce and use a scale that is suitable 
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for both sexes.  Given the lack of an ISEI-type scale for Canada, the empirical 

question of the difference between scores for women and men remains an open one. 

2) Full-time/part-time workers 

The question about scales for men and women also brings up the issue of 

how to deal with full-time/part-time workers.  This is particularly true in the 

modern labour market where an increasing number of people are working part-

time.  Again because of the datasets used, Ganzeboom et al in both 1992 and in the 

1996 update only used full-time workers but for both New Zealand and Australia, 

where part-time work is very common, the information on income was converted 

into an hourly/rate.  Boyd (2008) did not discuss this issue but her paper seems to 

suggest that no adjustment was made for part-time work. 

3) Age 

Age is included in the ISEI model to account for the fact that younger workers 

have greater years of education, due to educational expansion, than older workers.  

The Boyd-NP scores do not take age into account and so may overstate the average 

education for an occupational group. 

4) Preferred algorithm 

The Boyd method is simple to implement with access to microdata and can 

be easily repeated at every census.  Although it uses data from both males and 

females it appears not to take full-time/part-time status into account and cannot 

make an adjustment for age.  The Ganzeboom method represents a more 

sophisticated algorithm: it takes age into account but the dataset on which the ISEI 
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is based only contained male full-time workers.  However the AUSEI06 shows that a 

Canadian measure could make both of these adjustments.  

When a measure of SES for the six waves of the National Longitudinal Survey 

of Children and Youth (NLSCY) was being derived (Willms et al., 2009), the Boyd-NP 

scores were not available so there was no choice but to use the ISEI.  The attraction 

of the ISEI is that being based on international datasets it does allow cross-country 

comparisons.  In addition the greater sophistication of the ISEI in the manner in 

which it is calculated suggests that it should be the recommended approach.  

Ganzeboom et al. (1992) demonstrated that the ISEI performed as well as similar 

scales for individual countries including Australia but the Australian scale used was 

very out of date so more recent data might produce different results. 

Now that both the ISEI and the Boyd-NP exist it would be possible to do an 

empirical comparison which would provide guidance on the circumstances in which 

each would be better used.  It would also be possible to calculate an SEI for Canadian 

data. 

Wealth and possessions.  Overall, research on stratification has been mainly 

focussed on labour market processes and the income and status derived from these.  

Spilerman (2000) suggested that in America, the influence of the functionalist 

theory which emphasised the contribution of merit and skill to financial rewards 

and status was partly responsible for neglecting the roll of private possessions and 

inheritance in socioeconomic status.  In addition the work by Blau and Duncan 

(1967), which was situated entirely within the occupational structure, set the stage 
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for much of the later work on socioeconomic status.  In The American Occupational 

Structure the discussion of inheritance is about occupational inheritance between 

father and son rather than wealth. 

The measurement of wealth is most often associated with an estimation of 

net worth and surveys thus have questions about family assets and the level of debt.  

However if this measure is being used as an explanatory variable, Spilerman (2000) 

has suggested it may be necessary to identify different components of wealth such 

as housing equity and superannuation – both private and government based.  This is 

possible in the Wealth module of Household, Income and Labour Dynamics in 

Australia longitudinal survey (HILDA) where a range of questions was asked of the 

household and the individual in both Wave 2 and Wave 6 of the survey17.  In the 

absence of information about income, or holdings of wealth, the possession of 

certain material positions in the home has been used.  For example, in the dataset 

for The Programme for International Student Assessment (PISA), there is a measure 

of wealth pertaining to material possessions in the home, together with a measure 

describing access to educational possessions in the home, and a measure of 

culturally-related possessions in the home, such as musical instruments or books of 

poetry (Willms, 2006).  

Income.  In the measurement of SES, the interest of American researchers 

such as Nam and Powers in the 1960’s in objective measures was based largely on 

                                                        
17 For details see (University of Melbourne, Melbourne Institute of Applied Economic and Social 

Research, 2009). 
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the idea that the face validity of education requirements for and income from a 

particular occupation was sufficient to define SES (Oakes & Rossi, 2003). 

However, income is generally considered to be a difficult variable to measure 

accurately.  As many authors have pointed out, there are often high non-response 

rates for income questions as well as problems in asking the correct questions to 

collect information on all the different sources of income (Hauser, 1994; Kreiger et 

al., 1997).  In the USA, Hauser reported in 1994 that the Survey of Income and 

Program ParticipationSIPP, a longitudinal survey had replaced the then Current 

Population Survey (CPS) as the source of information about income (Hauser, 1994) 

because of problems with the income questions in the CPS.  He suggests that as well 

as problems in the coverage, reliability, and validity of income measures is an 

additional problem in that income can be a volatile measure in the short term.  He 

believes that occupational status is probably better as a measure of long-term or 

permanent income.  Dutton et al. (2005) also adopted a similar position. 

The distribution of income data is often characterised by a positive skew and 

the issue arises about whether this should be normalised by taking the natural log of 

the data.  Particularly when using income to derive a measure of occupational 

status, this is the method that authors have used (see for example Ganzeboom and 

Treiman, 1996; Boyd, 2008; and McMillan et al., 2009).  A later section on outliers 

and positive skew in income data gives an example of treating income in this way 

when calculating SES. 
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In relation to the imputation of income to account for missing data, in recent 

years there has been considerable statistical work by researchers such as Rubin  

(1987) and Little and Su (1989) which has increased the use of imputation in survey 

data sets18.  In longitudinal datasets, missing data especially for income is very 

important since a missing value at one time point can make the entire record 

unusable in some analysis. 

Education.  Education has several characteristics that make it suitable as a 

measure of SES, since generally people with higher levels of education tend to have 

higher status jobs and to earn more.  There is a strong cohort effect with younger 

individuals have higher levels of education in the same occupation than older 

workers (Firestone & Harris, 2007).  This has already been commented on in the 

derivation of the ISEI where Ganzeboom et al. (1992) included a correction for age 

in their estimation.  However in America, research has also shown that there is 

considerable variation in the income earned for a particular level of education such 

as high school degree, BA or higher degree depending on other group membership 

for example, gender, race, and ethnicity.  These ascribed characteristics should be 

considered in any model that is fitted but not as part of the measure of SES.   

                                                        
18 For example Starick and Watson (2007)  discussed imputation in HILDA, an Australian longitudinal 

survey. This is important because in HILDA approximately a third of records are missing complete 

income details. 
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In many surveys, the information collected about education consists of the 

highest qualification obtained which needs to be converted into a continuous 

variable.  

Education converted into years assumes a continuous linear relationship but 

for example it seems probable that the resources gained from finishing school one 

year before high school graduation, say Year 11, are not 11/12 of the resources from 

finishing High School, that is, Year 12.  The same argument could be applied to 

partially completing a university degree.  If one wishes to produce a composite 

variable of SES, a standardised variable is required but one could consider some sort 

of data transformation before standardisation. 

An alternative is using education as a categorical variable but this requires 

the creation of a number of dummy variables and making decisions about how to 

allocate categories to post-secondary qualifications.  

Comparing education achieved across countries can be difficult since it is not 

always possible to convert education level achieved into years of education since in 

education systems that are non-comprehensive for example Germany, two students 

who leave school at the same age can have very different levels of qualifications 

(Ganzeboom et al., 1992). 

Education has an advantage over occupation in that it is still relevant for 

those who are not currently in the labour force.  In households where there is more 

than one adult, a decision needs to be made about whose education achievement 

data will be collected and included in any SES measure.  In the Organisation for 
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Economic Cooperation and Development (OECD) PISA data, the data from the 

parent with the highest level of achievement was used by Willms (OECD, 2001).  

This method was also used by Deonandan, Campbell, Ostbye, Tummon, and 

Robertson (2000) in their paper on the comparison of SES measures with those 

based on postal codes in Canada. 

Other Variables: family size, marital status, ethnicity.  Variables such as 

income, education, and occupational have often been included in scales that are 

created because of their face validity as indicators of SES.  Other factors such as 

marital status and family size have not been included because they are not directly 

related to the measurement of SES.  Of itself, being a member of a large family is not 

an advantage or disadvantage in terms of social position (Osborn, 1987).  Ethnicity 

could be considered in the same way although for some groups such as Hispanics 

and African-Americans in the USA being a visible minority is sufficient basis for 

many forms of disadvantage.  A more important difficulty is that the application of a 

definition of ethnicity is fraught with difficulties particularly if the information is 

collected by self-completion as it is for the Census. 

Measures of characteristics for different societal levels.  In the following 

two tables, characteristics of possible measures at the individual and household 

level are summarised and advantages and difficulties with the measure are noted. 
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Table C1 

Measures of Socioeconomic Status at the Individual Level 
Individual adult 

Measure How measured Characteristics/difficulties of the measure 

Income i. Income from earnings 
ii. Income from other 

sources eg pensions, 
investments 

 High non-response rate. 
 Difficulties in estimating it correctly particularly 

for self employed 
 Business and investment income can be difficult 

to allocate to individual 
 Not possible for dependent children 

Wealth  i. Accumulated assets, from 
inheritance, investment & 
other forms of saving 
(Spilerman, 2000) 

 Descriptive of economic resources particularly 
for elderly 

 Common assets (cars and houses) have low non-
response bias 

 Hard to measure for individual since assets 
often jointly owned 

 Harder to measure for wealthier individuals 
since assets more complicated eg shares, trusts 

Education i. Highest qualification 
obtained 

ii. Years of education  

 Has low non-response bias  
 Good individual level measurement except for 

children and youth 
 Still applicable for those not in the current 

labour force 
 Difficult with migrants to determine 

equivalence 
 Meaning is not constant over time from cohort 

effect 
 Stability over time can be problem when 

investigating some outcomes for example health   
Occupation i. Current job 

ii. Main job if more than one 
job 

iii. Last job if currently 
unemployed 

 Large number of categories in current 
classifications 

 Need to be reduced to either smaller number of 
categories or converted to continuous variable 

 Coding can be expensive to do 
 Not possible for dependent children 
 Can be reliably reported by adolescents 14+yrs 

about parents 
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Table C2  

Measures of Socioeconomic Status at the Household Level 
Household / Family 

Measures  How measured Characteristics/difficulties of the measure 

Income i. Income from earnings 
ii. Income from other sources 

eg pensions, investments 

 Can include income from others living in the 
household such as grandparents 

 High non-response rate. 
 Difficulties in estimating it correctly 
 May vary greatly over short spaces of time. 

Wealth  i. Accumulated assets, from 
inheritance, investment & 
other forms of saving 
(Spilerman, 2000) 

ii. Presence of particular 
possessions in the home 

 Descriptive of economic resources 
particularly for elderly 

 Common assets (cars and houses) have low 
non-response bias 

 Harder to measure for wealthier households 
since assets more complicated eg shares, 
trusts and higher non-response rate 

 Can be reported successfully by children and 
youth 

Education i. Highest qualification 
obtained 

ii. Years of education  

 Has low non-response bias 
 Difficulty as household measurement – may 

need to include more than one person 
 Still applicable for those not in the current 

labour force 
 Difficult with migrants to determine 

equivalence 
 Meaning is not constant over time because of 

cohort effects 
 Stability over time can be problem when 

investigating some outcomes for example 
health  

Occupation i. Current job 
ii. Main job if more than one 

job 
iii. Last job if currently 

unemployed 

 Coding can be slow & expensive to do 
 Difficulty as household measure – may need 

two measures 
 Large number of categories in current 

classifications  
 Need to be reduced to either smaller number 

of categories or converted to continuous 
variable 

 Can be reliably reported by adolescents 
14+yrs about parents  
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Measures of socioeconomic status at the neighbourhood or community 

level.  In considering the use of measures of SES at the neighbourhood level, the 

danger of the ecological fallacy is often highlighted.  This occurs when one infers 

individual-level relationships from relationships observed at a more aggregated 

level (Macintyre & Ellaway, 2000).  In this situation, it is possible that inflated 

estimates of the effect of SES on outcomes are made, although Kreiger et al. (1997) 

suggested that underestimation is the more likely bias.  They also advised that the 

individualistic fallacy may also give rise to a different kind of bias, one in which 

population patterns of outcomes are incorrectly presumed to be explained by 

individual level characteristics.  Contextual analysis19 or multilevel modelling are 

potential strategies to overcome this problem. 

For example, Robert (1998) reported that research up to that point had been 

unable to answer the more complex question of the relationship among the 

individual-level, family-level, and community-level measures of SES and whether 

community level SES contributes something unique to an outcome of interest such 

as health.  She presented results from a study which used a representative sample of 

US adults together with measures of SES at the individual and family level as well as 

the community level.  Her outcome variables are three measures of health that cover 

disease, disability, and subjective health.  She correctly adjusted the standard error 

to account for the serial correlation.  The study concluded that individual and family 

level SES indicators are stronger predictors of health than community-level SES 

                                                        
19 Contextual analysis: the study of the role of the group context on actions and attitudes of 

individuals (Iverson, G.R. 1991.Contextual Analysis. Newbury Park: Sage) 
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indicators.  She suggested that community level SES should however be considered 

as an additional dimension partly because community-level measures of SES show 

gradient effects where those at a higher SES level show better outcomes than those 

just below.  

Outstanding problems in the research design include: there could be 

unmeasured personal factors that affect both residential choice and health.  

Community-level SES could be still capturing an unmeasured dimension of 

individual and family SES.  

Macintyre and Ellaway (2000) pointed out that the potential of the ecological 

fallacy does not mean that the measures of the environment in which individuals 

live should never be used but care needs to be exercised when specifying any model 

and drawing conclusions.  For example, deprivation scores (see paragraph below for 

details) are often attached to individuals particularly in epidemiological analysis as 

if these are characteristics of the individual.  The use of such a score is legitimate if 

one in interested in the questions of whether living in an area with many poor 

people has an effect on a characteristic of the individual such as the incidence of 

depression.  Caution needs to be exercised in analysis since in areas with middling 

scores there may be a mix of very high and very low scores and so it would be 

incorrect to infer that individuals in that area all have middling deprivation scores.  

Likewise, because an area scores highly on several different measures of 

deprivation such as rate of poverty, rate of sole parents not in the labour force, does 

not mean that each of the individuals in this area are multiply disadvantaged.  Yang 



 

 

 

267 

and Gustafsson (2004) suggested that characteristics of the neighbourhood are 

important in explaining outcomes particularly in adolescence but in order to do this 

SES measures at both the family and the neighbourhood level need to be considered. 

Measures of neighbourhood and/or community are most often based on 

measures from population censuses or other population based sample surveys for a 

particular country.  Consider the situation in Canada: the three smallest geographic 

units used in the 2006 Canadian census are the Census Tract (population 2,500 to 

8,000 – ideally 4,000); Dissemination Areas - DA (400 to 700 people – in rural areas 

may fall below this); and Dissemination Blocks (normally one side of a city block).  

The DA is the smallest area about which all census data are produced since below 

this level data confidentiality can restrict publication.  Population and dwelling 

counts are produced at the Dissemination Block level (Statistics Canada, 2009a).  

Thus, if working with the census data, one can then derive measures such as the 

proportion in a DA who did not complete high school and using that as a measure of 

deprivation in the DA examine other variable such as income.  Each record in 

Canadian census microdata that belongs to a particular DA would have the same 

value for the derived variable.  

To use census measures of income, education, and occupation for a 

neighbourhood in a sample survey, one needs some measure of geography present 

for each record of the survey microdata.  It is then possible to attach various 

measures of the Census Tract or DA derived from an appropriate census.  With 

longitudinal surveys, such as the NLSCY, one of the issues that arise is that over the 
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course of the survey, the official statistical agency may change the name of 

geographic indicators.  For example over the course of the NLSCY, the enumeration 

area (EA) was discontinued and replaced by the DA for Cycle 5 and following.  In 

addition the two measures do not cover identical areas.  This is a more general 

problem when working with geographic measures longitudinally – changes occur.  

For example new suburbs may be built in what was rural land and in some cases 

whole areas are reclassified.  In New Brunswick, the number of individuals classified 

as living in rural and small town areas dropped with the re-classification of 

Miramichi and other areas around Bathurst and Campbellton as parts of a Census 

Agglomeration (CA).  This reclassification of 36,417 individuals reduced the rural 

and small town share of the New Brunswick population by 5.1percentage points 

(Bollman & Clemenson, 2008).  

It is also possible for Official Statistical Agencies to derive indexes of 

remoteness, deprivation, and other characteristics that can then be used in sample 

surveys.  For example the Australian Bureau of Statistics (ABS) has derived The 

Accessibility/Remoteness Index of Australia (ARIA) (Australian Bureau of Statistics, 

2008a) which is a validated index of the availability of services and opportunities 

for social interaction for every location in Australia and can be thought of as a 

measure of the social environment.  Similarly SEIFA (Socio-Economic index for 

Areas) (Australian Bureau of Statistics, 2008b) was created as a measure of socio-

economic deprivation.  Both of these measures were derived from census data.  

These indexes are not always been positively received by researchers.  For example, 
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Dutton et al. (2005) argued that such indices only allow limited comparisons 

between areas and do not cover all measures of interest.  

In the UK there are indices of multiple deprivation for each of England, 

Scotland, Wales, and Northern Ireland.  The English Indices of Multiple Deprivation 

2007, which is the latest version of the Index of Local Deprivation that was derived 

in 1998, does include access to services.  It also differs from many other deprivation 

measures by going beyond census data and using a range of information from local 

government and other agencies to create a measure of deprivation comprising six 

themes, or domains, which are combined to create an overall score20.  

Some possible measures from the Canadian census are given in Table C3. 

                                                        
20 Information about these measures is available from 

http://www.communities.gov.uk/communities/neighbourhoodrenewal/deprivation/deprivation07/ 
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Table C3 

Canadian Measures of SES at the Neighbourhood Level from Census 
Neighbourhood and/or community 

Measure  How measured Characteristics/difficulties of 

the measure 

Income % of households below 

LICO 

Access to microdata required.  

Cases need to have geographic 

identifier as part of record   

Wealth  % of households owning 

1+ cars 

% of households owning 

own home 

Common assets (cars and 

houses) have low non-response 

bias 

Education % of adults with less than 

particular level of 

education 

Can measure undereducated 

neighbourhoods 

Occupation % of adults employed in 

low skilled work 

% of adults in high skilled 

work 

Most may be derived from 

measures of occupational class 

such as SIOPS 

 

See also Kreiger et al. (1997) for details of census based measures of 

socioeconomic status and measures of deprivation in the USA and the UK. 

A difficulty in deriving neighbourhood measures arises when the census does 

not include a required variable.  Since the questions asked on censuses are often 

limited in number and need to be suitable for self-completion, topics which could be 

of interest when estimated at the community level are not available.  In this 

situation the variables of interest may be available on the dataset being analysed but 
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often the number of cases even at a level of geography such as the Census Tract may 

be too small and some means of borrowing of geographically related data points 

needs to be developed.  

Combining measures of socioeconomic status.  It follows from the 

previous sections that any one individual measure of socioeconomic status has both 

advantages and disadvantages and the choice to be made would depend on the 

research questions of interest but also an assessment of the role of socioeconomic 

status in any model.  This underlies the importance of ensuring that the appropriate 

variables are included at the survey design stage. 

There is some confusion in the literature about what information to collect 

and use from households when one is interested in the outcomes for children.  

Entwisle and Astone (1994) suggested that only maternal education, number of 

parents or other adults, as well as household income be collected and used.  Hauser 

(1994) suggested collecting data about both mother and father’s education as well 

as information on labour force status and occupational category (in addition to 

measures of household income) if there are two parents in the household.  Hauser 

provided evidence that both maternal and paternal education can be informative. 

He also rejected the argument that maternal and paternal education are so highly 

correlated (estimated as 0.61) as to create a problem with collinearity noting that 

most other social background variables are similarly correlated and should be 

included.  Breen and Jonsson (2005) also noted that in recent years in relation to 

data collected for research on educational attainment and social mobility, most 
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datasets have collected information on both men and women.  Dutton et al. (2005) 

provided an extensive review of measures of educational attainment. 

If one is interested in using a combined measure of SES, how might individual 

measures be combined?  One important finding is that overall there is only low to 

moderate correlations between different measures of SES and that such measures 

vary in their relationship with different population subgroups.  Conceptually, it is 

suggested that different SES measures exploit varying aspects of stratification and 

will therefore show different relationship between SES and outcomes such as 

educational achievement or health (Dutton et al., 2005).  Dutton et al. (2005) 

advised however that if the measures are not combined then any analysis, which 

wants to estimate effect sizes for a specific measure, must take into consideration 

and adjust for the shared variance between different measures of SES through the 

use of simultaneous statistical adjustment. 

In studies of educational achievement, household SES is usually measured as 

a composite of family income, parental education, and occupation.  However as 

discussed previously, income may be unavailable as a measure and other measures 

will need to be considered.  Willms, in work done for the OECD in relation to the 

PISA data, developed a method for a composite measure of family SES (OECD, 2001).  

As mentioned previously, different possessions of the family were used as a 

measure of both economic but also educational and cultural resources.  Yang and 

Gustafsson (2004), reviewing literature on the measurement of SES at a household 

or family level in relation to school achievement, concluded that SES is a multi-
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dimensional concept and consideration should be given to measures of cultural, 

economic and social dimensions.  They presented a methodology using two-level 

structural equation modelling which enables variation at both the home and school 

levels is be accounted for simultaneously.  

Some authors, such as Hauser and Warren (1997), have suggested that 

composite measures are obsolete but Oakes and Rossi (2003) have argued for such 

measures since they believed that past usage has demonstrated the usefulness of 

such measures, a position also supported by Boyd (2008).  The next section looks in 

more depth at a composite measure of SES and its calculation. 

Implementation 

This section discusses the issues involved in actually producing a measure of 

socioeconomic status.  Where appropriate, examples are taken from the experience 

gained from the derivation of a measure of SES undertaken for the Étude 

Longitudinal du Développement des Enfants du Québec [ÉLDEQ, Québec Longitudinal 

Survey of Child Development]21.  The method for deriving a consistent measure of 

occupational status was based on work carried out at CRISP for the NLSCY (Willms 

et al., 2009).  The method used for imputing missing data and calculating the value 

of SES was modified from work undertaken by Willms in relation to the PISA data 

(OECD, 2001).   

  

                                                        
21 ÉLDEQ, the Québec Longitudinal Survey of Child Development is being carried out by the Institut de la 

statistique, Québec from1998 to 2010. Work for the derivation of a measure of SES for Waves 1 to 9 was carried 

out by the author from September 2008 to February 2009. 
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In general, the process of SES calculation may be summarised as follows: 

 Convert the measure of occupational category into a measure of 

occupational status, 

 Select the greatest years of education and the highest occupational status 

 For variables years of education, occupational status and household 

income calculate standardised values, 

 Using the chosen method of weighting, calculate SES from the three 

values for each family, 

 Final SES values can then be re-standardised.   

Converting highest qualification received into years of education.  As 

discussed earlier, for two-parent families the measure of SES can either include a 

measure of years of education and occupational status for both parents or just one.  

Following the practise for the PISA data, the parent with the greatest number of 

years of education and the parent with the highest occupational status was chosen 

for the SES calculation for ÉLDEQ. 

In many surveys, the information collected about education consists of the 

highest qualification obtained.  This is a categorical variable which needs to be 

converted to a somewhat continuous form so that a standardised variable may be 

calculated.  For ÉLDEQ the following conversion based on that used for the NLSCY 

(Willms et al., 2007) was used for the data and the conversion is shown in Table C4. 
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Table C4 

Conversion to Years of Schooling 
Highest level of 

education attained 

Years of 

education 

No Schooling 0 

1 – 5 years 3 

6 years 6 

7 years 7 

8 years 8 

9 years 9 

10 years 10 

11 years 11 

12 years 12 

13 years 13 

Bachelors degree 16 

Masters 18 

MD/PhD 20 

Converting household income to selected base year across all waves.  

For most analysis but particularly that over time, household income needs to be 

adjusted by the Consumer Price Index (CPI) to give income in constant dollars.  The 

CPI is a measure of the relative cost of a fixed basket of goods.  If year 2002 is 

selected as the base year then to get dollar values on a constant base, those dollar 

values for years before and after 2002 need to be adjusted since inflation has 

changed the relative value of money.  For each wave of the survey, values of CPI for 

Québec published by Statistics Canada were used (Statistics Canada, 2009b).  These 

values are as follows. 
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Table C5 

Average Yearly Values of CPI for Québec by Year.  Base year: 2002 = 100.0 

Year Wave CPI value 

1998 1 92.1 

1999 2 93.5 

2000 3 95.8 

2001 4 98.0 

2002 5 100.0 

2003 6 102.5 

2004 7 104.5 

2005 8 106.9 

2006 9 108.7 

 

The formula (shown for 2006) for the calculation of income in constant values is 

Constant  

Outliers and positive skew in income data.  Although both years of 

education and occupational status have clearly defined upper (and lower) limits, this 

is not the case with household income and in some years there are several very high 

and very low dollar amounts which may be outliers.  Since such data points can have 

an adverse effect on linear regression, points $400,000 and above, and those below 

$1,000, which were assessed as values which are unlikely to be true for families in 

Québec, were excluded from the imputation process.  A second concern is that the 

data for household income are positively skewed.  To overcome this problem, the 

natural log of the variable is calculated. 

 

2006 2002/( )Dollars income CPI CPI



 

 

 

277 

This produces a much more symmetric distribution and results in positive values for 

imputed income.  Figure C5 shows Wave 1 income, adjusted only by the CPI.  The 

skewness of the distribution is clear and in addition there are several very high 

values. 

   

Figure C5.  Income for Wave 1, CPI adjusted. 

In comparison taking the natural log of income, produces a much more 

symmetric distribution and the very high values for income have been diminished.  

This is shown in Figure C6. 
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Figure C6.  Log of Income for Wave 1, CPI adjusted.   

The classification of occupations in longitudinal data.  There are three 

issues to be considered in the use of occupational data gathered longitudinally.  This 

is illustrated by ÉLDEQ. 

1. For the nine waves of data that have been collected for the ÉLDEQ, three 

different Standard Classifications of Occupations from Statistics Canada 

(Statistics Canada, 25 May 2007) have been used:  

i. the Standard Occupation Classification 1980 (SOC80),  

ii. Standard Occupation Classification 1991 (SOC91) and  

iii. the National Occupational Classification – Statistics (NOC-S 2001) 
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2. For measures to be comparable across waves, the coding scheme needs to 

be constant and  

3. The availability of a suitable occupational status scale able to be applied 

across all waves.  The only measure of occupational status available when 

the work was commenced was the International Socio-economic Index of 

Occupational Status (ISEI) which is requires data to be coded using the 

International Standard Classification of Occupation 1988 (ISCO88). 

In ÉLDEQ occupational data was coded using the following classification 

schemes.  Wave 5 was not provided due to data quality issues and will not be 

discussed. 

Table C6.  

Waves of Survey by Classification Scheme Used 
 Classification Scheme 

Wave  SOC80 SOC91 NOC-S 

1 - 4 Yes   

6 Yes   

7 - 9 Yes Yes Yes 

 



 

 

 

280 

Updating the occupational coding.  When recoding data from one 

occupational classification to another, the situation where one code is replaced by 

another, i.e., there is a one-to-one correspondence, is easy to manage.  However the 

change from SOC80 to SOC91 was a major revision and in the Statistic Canada 

concordance (Statistics Canada, 1990), one code in SOC80 can be coded to many 

codes in SOC91.  So the question arises as to which code to allocate.  

If the original data collected in the questionnaire is available then the most 

accurate technique would be to recode the information using the new classification 

scheme.  However, with this dataset only the SOC80 codes and not the raw data was 

available.  

The situation of what SOC91 code to choose for a particular SOC80 code is 

similar to that of missing data when there are several possible values that could be 

substituted for the missing value.  A simple procedure would be to select one of the 

possible values at random, but the procedure is improved if the probability of 

selecting a particular value is based on the frequency with which this value appears 

in an observed dataset (Longford, 2005).  In the situation with recoding SOC80 to 

SOC91 codes, the probability of a particular value is determined from the frequency 

of particular codes used in Waves 7 to 9 of the survey data.  

 A diagram summarising the overall procedure adopted is given Figure C7. 
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Figure C7.  Occupational classifications used for deriving socioeconomic status 

scores for ÉLDEQ waves. 

However in ÉLDEQ data, for waves 7 to 9, staff of Institut de la statistique, 

Québec had independently recoded the NOC-S codes into both SOC80 and SOC91.  

This information was utilised to create a matching file that could then be used to 

update waves 1 to 6 firstly from SOC80 to SOC91 and then to NOC-S.  An example of 

the relationship between SOC80 and SOC91 is shown in Table C7. 
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Table C7 

Example of Matching Information 

SOC80 SOC91 Percentage 

distribution 

2163 C032 10 

  C152 26 

  C153 56 

  H312 8 

3113 D013 82 

  D041 18 

 

For SOC80 code 2163 (column 1) there are four possible SOC91 codes which 

in the ÉLDEQ data have the percentage frequency distribution shown in column 3.   

This information was used in the following way. 

From SOC80 TO SOC91.  A matching file in EXCEL (copy available from 

author) was created, which for each one-to-many situation the frequency 

distribution for the many codes, was determined from the ÉLDEQ data.  In most 

situations there were only three or four SOC91 codes but the file did allow up to 15.  

Thus the variables in the file were: SOCS is the SOC80 code; SOC91V1 to SOC91V15 

are the matching SOC91 codes and PERC1 to PERC15 are the percentage values for 

the frequency distribution. 

The program to allocate the codes was written in the R language (Mirza 

modified Gibbings, available from the author).  Within each dataset for a Wave, for 

each SOC80 code, one of the SOC91 codes was allocated with a probability over a 

hypothetically large sample that is equal to the percentage values of the frequency 
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distribution.  In those cases where there was one-to-one correspondence the SOC91 

code was allocated in 100 percent of the cases.  When there are, say, three possible 

SOC91 codes the R-script will choose each of the SOC91 codes approximately 33.3% 

of the time (if there was a very large sample).  

From SOC91 to NOC-S.  A similar method was followed for this conversion.  

However since NOC-S was a much smaller change, there were only seven SOC91 

codes for which there were multiple NOC-S codes.  A simpler version of the R 

program was used.  Once this conversion had been done, all waves of data i.e., Wave 

1 to Wave 9 could be considered together. 

Occupational status values for Waves 1 to 9. 

From NOC-S to ISCO88.  The method for this conversion was similar to that 

used for SOC80 to SOC91.  The creation of matches for NOC-S to ISCO88 had been 

produced as part of the work for the calculation of SES for the NLSCY and was based 

on the Statistics Canada International Adult Literacy and Life Skills Survey (IALLS) 

(Murray, Clermont, & Binkley, 2005).  However, because the ÉLDEQ parent 

population was expected to be different from the sample for IALLS in characteristics 

such as age, as well as occupation, it was decided not to use this survey to calculate a 

percentage distribution for each one-to-many conversion but to give each ISCO88 

code in this situation an equal probability of selection. 
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The program in the R language which is a modification of that used for the 

SOC91 to NOC-S conversion, and the matchfile with the NOC-S and ISCO88 codes is 

available from the author. 

Converting ISCO88 to ISEI.  This is a straightforward task as there are only 

one-to-one conversions and there is an SPSS program (based on a program available 

at Harry Ganzeboom’s website22) to do this conversion.  ISEI is a linear scale which 

runs from 16 - low status jobs to 90 – high status jobs. 

Critique of the method.  In studying occupation over a period of time, there 

will always be changes to the structure of the labour market.  The large change that 

was observed from SOC80 to SOC91 reflected both a change in the Canadian labour 

market, notably the contraction of the manufacturing sector (secondary industry) 

and the expansion of both the ICT industry and the service sector as well as a change 

in the classification itself to ensure that the categories are based on skills rather 

than industries.  In addition, there was a lack of a suitable occupational status scale 

at the time the work was being undertaken.  (The construction of such scales is 

discussed elsewhere in this paper). 

The ÉLDEQ data spans a period of nine years during which the changes to the 

labour market were not great.  This was demonstrated by the conversion of SOC91 

to NOC-S where only seven codes had been modified (Statistics Canada, 2006-07-

03).  In addition, there was a lack of a suitable occupational status scale at the time 

the work was being undertaken.  The coding of waves 1 to 6 using SOC80 had been 

                                                        
22 http://home.fsw.vu.nl/hbg.ganzeboom/isko88/index.htm 
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undertaken because the Pineo-Porter Status scale (1967) was the most readily 

available status scale for Canadian data and it could be applied to the SOC80 coding.  

For waves 7 to 9 the occupational data had been coded using NOC-S.  This 

necessitated a decision being made about what occupational status scale to use. 

The method that has been described of using concordances to change coding 

is at best an approximation particularly when there is not an exact match of one 

coding frame to the next.  However since the alternative is to recode the original 

occupational information which may not be available or can be very slow and hence 

expensive, this method is a good choice.  Statistics Canada has partially automated 

the coding for using NOC-S classifications (Statistics Canada, 2004).  In future with 

the data available electronically it may be possible to recode occupational data in 

the earlier waves of longitudinal data. 

Imputation of missing values.  When considering methods of imputation, 

the various concepts of missingness are important: these are missing completely at 

random (MCAR), missing not at random (MNAR) and missing at random (MAR).  

MCAR occurs when for example, a page from a completed questionnaire is damaged 

beyond readability by the mail room.  In such MCAR cases the probability that an 

observation is missing is not related to any other characteristics of the respondent 

(Donders, van der Heijden, Stijnen, & Moons, 2006). 

MNAR occurs when the probability that an observation is missing depends 

on the information that is not observed.  For example, questions which ask the 

respondent for income are more likely to be missing for high income cases. 
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Missing at random MAR is somewhat confusingly named but is used to 

describe the situation where the probability that an observation is missing depends 

on information for that respondent that is present in the other answers provided.  

Missing data can thus “be considered random, conditional on these other 

characteristics that determined their missingness and are available at the time of 

analysis” (Donders et al., 2006, p. 1088).  Fortunately missing data are mostly 

neither MCAR nor MNAR but MAR (Schafer, 1997 as cited in Donders et al., 2006). 

The single variable (or regression) imputation which is used, bases the 

imputation for the missing variable on other information that is available for the 

respondent, rather than just using the overall mean of the data that has been 

collected.  The method has been shown to produce unbiased estimates but has been 

criticised on the grounds that it often leads to standard errors that are too small and 

therefore results in overestimation of precision (Longford, 2005).  It was to 

reintroduce more variation into the estimates for the missing data, that the method 

used adds a random component to each estimate (Willms, personal communication, 

2008).  Longford (2005) described a similar process but overall believes that any 

single imputation scheme is not ideal. 

The syntax for missing values and for the calculation of SES are based on the 

method developed by Willms for the PISA data (OECD, 2001).  Imputation for 

occupational status, years of education and household income are all computed by 

making use of Ordinary Least Squares (OLS) regression.  This method which is 

known as single imputation or regression imputation produces unbiased estimates 
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but has a tendency to underestimate standard errors (Raftery, 2001).  In the 

following example using occupational status, a linear regression of the following 

form is used to generate a prediction equation 

occupational  status = β 0  + β 1education + β 2income + ε  

Using the standard deviation of the residuals and predicted values from this 

equation, missing values are calculated from the following formula.  This formula 

adds a small amount of random noise to the calculated value which otherwise would 

always be identical for each given combination of education and income. 

Imputed_occupational_status = predicted_value + random_variable.normal(0,SD_residuals) 

Imputation for years of education and household income are handled in a 

similar manner.  The program is shown below. 

Calculation of SES.  To produce a composite measure of SES, the aim is to 

combine as much of the variability of the three component variables, years of 

education, occupational status, and household income, as possible.  A factor analysis 

of these three variables is used to derive a solution where the first factor of the 

three possible, is selected since it is greater than one.  The program used for this 

process is shown in the next section. 

For each observation in the dataset, the calculated value of SES is the sum of 

the standardised values for the three variables weighted by each variable’s value in 

the component matrix of the factor analysis and scaled by the variability carried by 

the first factor i.e., the eigenvalue.  
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Where compx  x=1, 2, 3 is the value from the component matrix, 

stand = the standardised value of the variable 

 

When necessary, very high or very low SES values (i.e., above +3 or below -3) 

were truncated to ±3.  Since SES is a standardised measure of the social and 

economic resources, it seems reasonable to believe that families do not receive 

unlimited advantage or disadvantage from such resources that would be implied by 

very high or very low values.  The values of SES were then re-standardised to have a 

mean = 0 and SD = 1. 

Datasets which are derived from longitudinal surveys often provide 

challenges to analysts since the changing nature of the society being measured can 

result in discontinuities in data series which need to be resolved before longitudinal 

statistical models can be used.  The preceding section demonstrates a possible 

method for resolving such problems in relation to occupational data.  It also shows 

the construction of a composite measure of SES which imputes missing values in the 

chosen variables and uses factor analysis to ensure that the weighting of the 

variables in the measure account for the maximum possible variance.  
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SPSS Program for imputing missing values and calculating SES for Wave 9 
 

Section A.  In dataset Missing Values should be set to None. 

* Choosing highest occupational status. 

 

DO IF (ISEI_M = 9999). 

compute W9_occ_status = ISEI_F. 

ELSE IF (ISEI_M = 9996 OR ISEI_M = 9997). 

compute W9_occ_status = ISEI_F. 

ELSE IF (ISEI_F = 9999 OR ISEI_F = 9997 OR ISEI_F = 9996). 

compute W9_occ_status = ISEI_M. 

ELSE IF (ISEI_M >= ISEI_F). 

compute W9_occ_status =ISEI_M. 

ELSE IF(ISEI_M < ISEI_F). 

compute W9_occ_status =ISEI_F. 

END IF. 

EXECUTE. 

 

*Selecting NILF for household if other partner not in HH and parent in HH is not 

working. 

 

DO IF ( (ISEI_F = 9999 OR ISEI_F = 9997) and (ISEI_M = 9996)). 

COMPUTE W9_occ_status = 9996. 

END IF. 

EXECUTE. 

 

*Choosing highest education. 

 

DO IF (IEDMT01 = 9999 or IEDMT01 = 9997 or IEDMT01 = 9996). 

compute W9_edu_yrs = IEDJT01. 

ELSE IF (IEDJT01 = 9999 OR IEDJT01 = 9997 OR IEDJT01 = 9996). 

compute W9_edu_yrs = IEDMT01. 

ELSE IF (IEDMT01 >= IEDJT01). 

compute W9_edu_yrs =IEDMT01. 

ELSE IF(IEDMT01 < IEDJT01). 

compute W9_edu_yrs = IEDJT01. 

END IF. 

execute. 
 



 

 

 

290 

* In new dataset specify missing values of created variables ie W9_occ_status & 

W9_edu_yrs, missing = 9996 - 9999. 

 

* Assign missing values for income which is CPI adjusted and log transformed and 

v.high and v.low values deleted: ie missing = 9997. 

 

* Add constant to dataset to use with AGGREGATE function. 

COMPUTE Step = 1. 

execute. 

 

Section B.  Run descriptives for three SES variables. 

 

 DESCRIPTIVES 

VARIABLES = W9_ILoginc_T    W9_edu_yrs     W9_occ_status 

/STATISTICS=MEAN STDDEV MIN MAX . 
 

Descriptives. 

 

Descriptive Statistics 

  N Minimum Maximum Mean 

Std. 

Deviation 

Log income CPI adjusted 1435 8.33 12.82 10.9288 .65126 

W9_edu_yrs 1451 .00 20.00 14.4755 2.36933 

W9_occ_status 1412 16.00 90.00 53.1147 16.97109 

Valid N (listwise) 1397         

 

*IMPUTATION OF MISSING VALUES for W9 occupational status ***. 

 

REGRESSION 

  /MISSING LISTWISE 

  /STATISTICS COEFF OUTS R ANOVA 

  /CRITERIA=PIN(.05) POUT(.10) 

  /NOORIGIN 

  /DEPENDENT W9_occ_status 

  /METHOD=ENTER W9_edu_yrs W9_ILoginc_T 

  /SAVE PRED RESID . 
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Regression. 

 

Variables Entered/Removed(b) 

Model 

Variables 

Entered 

Variables 

Removed Method 

1 Log income 

CPI 

adjusted, 

W9_edu_yrs

(a) 

. Enter 

a  All requested variables entered. 

b  Dependent Variable: W9_occ_status 

 

Model Summary(b) 

Model R R Square 

Adjusted R 

Square 

Std. Error of 

the Estimate 

1 .657(a) .432 .431 12.79304 

a  Predictors: (Constant), Log income CPI adjusted, W9_edu_yrs 

b  Dependent Variable: W9_occ_status 
 

ANOVA(b) 

Model   

Sum of 

Squares df Mean Square F Sig. 

1 Regression 173563.256 2 86781.628 530.249 .000(a) 

  Residual 228144.701 1394 163.662     

  Total 401707.957 1396       

a  Predictors: (Constant), Log income CPI adjusted, W9_edu_yrs 

b  Dependent Variable: W9_occ_status 
 

Coefficients(a) 

Model   

Unstandardized 

Coefficients 

Standardized 

Coefficients 

t Sig. B Std. Error Beta 

1 (Constant) -83.287 6.246   -13.334 .000 

W9_edu_yrs 3.432 .178 .460 19.326 .000 

Log income CPI adjusted 7.880 .657 .285 11.987 .000 

a  Dependent Variable: W9_occ_status 
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Residuals Statistics(a) 

  Minimum Maximum Mean 

Std. 

Deviation N 

Predicted Value 17.5225 86.3353 53.0759 11.15029 1397 

Residual -42.87382 47.93667 .00000 12.78387 1397 

Std. Predicted Value -3.189 2.983 .000 1.000 1397 

Std. Residual -3.351 3.747 .000 .999 1397 

a  Dependent Variable: W9_occ_status 

 

DESCRIPTIVES 

VARIABLES=RES_1 PRE_1 

/STATISTICS=MEAN STDDEV MIN MAX . 
 

Descriptives. 
 

Descriptive Statistics 

  N Minimum Maximum Mean 

Std. 

Deviation 

Unstandardized Residual 
1397 -42.87382 47.93667 .0000000 

12.783874

07 

Unstandardized 

Predicted Value 
1435 -6.53513 86.33530 

52.48436

93 

11.748619

69 

Valid N (listwise) 1397         

 

execute. 

 

Section C.  Setting resocc_stat ( sd of residuals) equal to value from 

AGGREGATE. 

 

AGGREGATE 

 /OUTFILE = * MODE=ADDVARIABLES 

 /BREAK = Step 

 /resocc_stat = SD(RES_1). 

Execute. 

 

* Estimating missing values using predicted values + random piece. 

SET SEED 12345. 

COMPUTE XW9_occ_status = W9_occ_status. 

If (missing(W9_occ_status)) XW9_occ_status=PRE_1+rv.normal(0,resocc_stat). 

descriptives variables=W9_occ_status XW9_occ_status. 
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Descriptives. 

 

Descriptive Statistics 

  N Minimum Maximum Mean 

Std. 

Deviation 

W9_occ_status 1412 16.00 90.00 53.1147 16.97109 

XW9_occ_status 1450 -12.93 90.00 52.5546 17.29827 

Valid N (listwise) 1412         

 

execute. 

 

Section D.  Imputation of missing values for parent’s education. 

 

REGRESSION 

/MISSING LISTWISE 

/STATISTICS COEFF OUTS R ANOVA 

/CRITERIA=PIN(.05) POUT(.10) 

/NOORIGIN 

/DEPENDENT W9_edu_yrs 

/METHOD=ENTER W9_occ_status W9_ILoginc_T 

/SAVE PRED RESID . 

 

Regression. 

 
Variables Entered/Removed(b) 

Model 

Variables 

Entered 

Variables 

Removed Method 

1 Log income 

CPI 

adjusted, 

W9_occ_sta

tus(a) 

. Enter 

a  All requested variables entered. 

b  Dependent Variable: W9_edu_yrs 

 

Model Summary(b) 

Model R R Square 

Adjusted R 

Square 

Std. Error of 

the Estimate 

1 .658(a) .433 .432 1.71363 

a  Predictors: (Constant), Log income CPI adjusted, W9_occ_status 

b  Dependent Variable: W9_edu_yrs 
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ANOVA(b) 

Model   

Sum of 

Squares df Mean Square F Sig. 

1 Regression 3123.338 2 1561.669 531.810 .000(a) 

Residual 4093.501 1394 2.937     

Total 7216.839 1396       

a  Predictors: (Constant), Log income CPI adjusted, W9_occ_status 

b  Dependent Variable: W9_edu_yrs 

 

Coefficients(a) 

Model   

Unstandardized 

Coefficients 

Standardized 

Coefficients 

t Sig. B Std. Error Beta 

1 (Constant) -.357 .888   -.402 .687 

W9_occ_status .062 .003 .459 19.326 .000 

Log income CPI adjusted 1.062 .088 .287 12.068 .000 

a  Dependent Variable: W9_edu_yrs 

 

Residuals Statistics(a) 

  Minimum Maximum Mean 

Std. 

Deviation N 

Predicted Value 10.0152 18.6713 14.5562 1.49578 1397 

Residual -7.45508 5.74443 .00000 1.71240 1397 

Std. Predicted Value -3.036 2.751 .000 1.000 1397 

Std. Residual -4.350 3.352 .000 .999 1397 

a  Dependent Variable: W9_edu_yrs 

 

execute. 

 

DESCRIPTIVES 

VARIABLES=RES_2 PRE_2 

/STATISTICS=MEAN STDDEV MIN MAX . 
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Descriptives. 

 

Descriptive Statistics 

  N Minimum Maximum Mean Std. Deviation 

Unstandardized Residual 1397 -7.45508 5.74443 .0000000 1.71239816 

Unstandardized 

Predicted Value 
1397 10.01525 18.67128 

14.55619

18 
1.49577670 

Valid N (listwise) 1397         

 

execute. 

 

Section E.  Setting resedu_yrs ( sd of residuals) equal to value from 

aggregate. 

 

AGGREGATE 

 /OUTFILE = * MODE=ADDVARIABLES 

 /BREAK = Step 

 /resedu_yrs = SD(RES_2). 

execute. 

 

* Estimating missing values using predicted values + random component. 

SET SEED 12345. 

COMPUTE XW9_edu_yrs = W9_edu_yrs. 

if (missing(W9_edu_yrs)) XW9_edu_yrs=PRE_2+rv.normal(0,resedu_yrs). 

 

DESCRIPTIVES variables=W9_edu_yrs  XW9_edu_yrs. 

 

Descriptives. 

 

Descriptive Statistics 

  N Minimum Maximum Mean 

Std. 

Deviation 

W9_edu_yrs 1451 .00 20.00 14.4755 2.36933 

XW9_edu_yrs 1451 .00 20.00 14.4755 2.36933 

Valid N (listwise) 1451         

 

execute. 
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Section F. Imputation of missing values for HHincome. 

 

REGRESSION 

/MISSING LISTWISE 

/STATISTICS COEFF OUTS R ANOVA 

/CRITERIA=PIN(.05) POUT(.10) 

/NOORIGIN 

/DEPENDENT W9_ILoginc_T 

/METHOD=ENTER W9_occ_status W9_edu_yrs 

/SAVE PRED RESID . 

 

Regression. 

 

Variables Entered/Removed(b) 

Model Variables Entered 

Variables 

Removed Method 

1 W9_edu_yrs, 

W9_occ_status(a) 
. Enter 

a  All requested variables entered. 

b  Dependent Variable: Log income CPI adjusted 

 

Model Summary(b) 

Model R R Square 

Adjusted R 

Square 

Std. Error of 

the Estimate 

1 .590(a) .348 .347 .49628 

a  Predictors: (Constant), W9_edu_yrs, W9_occ_status 

b  Dependent Variable: Log income CPI adjusted 

 

ANOVA(b) 

Model   

Sum of 

Squares df Mean Square F Sig. 

1 Regression 183.259 2 91.629 372.030 .000(a) 

Residual 343.336 1394 .246     

Total 526.595 1396       

a  Predictors: (Constant), W9_edu_yrs, W9_occ_status 

b  Dependent Variable: Log income CPI adjusted 

 



 

 

 

297 

Coefficients(a) 

Model   

Unstandardized 

Coefficients 

Standardized 

Coefficients 

t Sig. B Std. Error Beta 

1 (Constant) 9.040 .087   103.829 .000 

W9_occ_status .012 .001 .328 11.987 .000 

W9_edu_yrs .089 .007 .330 12.068 .000 

a  Dependent Variable: Log income CPI adjusted 

 

Residuals Statistics(a) 

  Minimum Maximum Mean 

Std. 

Deviation N 

Predicted Value 9.9422 11.8886 10.9658 .36232 1397 

Residual -2.65977 1.66230 .00000 .49593 1397 

Std. Predicted Value -2.825 2.547 .000 1.000 1397 

Std. Residual -5.359 3.350 .000 .999 1397 

a  Dependent Variable: Log income CPI adjusted 

 

DESCRIPTIVES 

VARIABLES=RES_3 PRE_3 

/STATISTICS=MEAN STDDEV MIN MAX . 

 

Descriptives. 

 

Descriptive Statistics 

  N Minimum Maximum Mean 

Std. 

Deviation 

Unstandardized Residual 1397 -2.65977 1.66230 .0000000 .49592609 

Unstandardized 

Predicted Value 
1412 9.94222 11.88859 

10.96710

13 
.36245760 

Valid N (listwise) 1397         

 

execute. 

 

Section G.  Setting resfam_inc ( sd of residuals) equal to value from 

aggregate. 

 

AGGREGATE 

 /OUTFILE = * MODE=ADDVARIABLES 

 /BREAK = Step 
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 /resfam_inc = SD(RES_3). 

execute. 

 

* Estimating missing values using predicted values + random component. 

SET SEED 12345. 

COMPUTE XW9_inc_cpi=W9_ILoginc_T. 

if (missing(XW9_inc_cpi)) XW9_inc_cpi=PRE_3+rv.normal(0,resfam_inc). 

descriptives variables=W9_ILoginc_T    XW9_inc_cpi. 

 

Descriptives. 

 

Descriptive Statistics 

  N Minimum Maximum Mean 

Std. 

Deviation 

Log income CPI adjusted 1435 8.33 12.82 10.9288 .65126 

XW9_inc_cpi 1450 8.33 12.82 10.9303 .65024 

Valid N (listwise) 1435         

 

* Descriptives for three SES variables with missing values imputed. 

DESCRIPTIVES 

VARIABLES= XW9_occ_status  XW9_edu_yrs  XW9_inc_cpi 

/STATISTICS=MEAN STDDEV MIN MAX . 

 

Descriptives. 

 

Descriptive Statistics 

  N Minimum Maximum Mean 

Std. 

Deviation 

XW9_occ_status 1450 -12.93 90.00 52.5546 17.29827 

XW9_edu_yrs 1451 .00 20.00 14.4755 2.36933 

XW9_inc_cpi 1450 8.33 12.82 10.9303 .65024 

Valid N (listwise) 1450         

 

execute. 

 

Section H.  Calculating standardised variables for variables which include 

imputed values. 

*. 

AGGREGATE 

 /OUTFILE = * MODE=ADDVARIABLES 
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 /BREAK = Step 

 /mn_XW9_occ_status = MEAN(XW9_occ_status) 

 /SD_XW9_occ_status = SD(XW9_occ_status) 

 /mn_XW9_edu_yrs = MEAN(XW9_edu_yrs) 

 /SD_XW9_edu_yrs = SD(XW9_edu_yrs) 

 /mn_XW9_inc_cpi = MEAN(XW9_inc_cpi) 

 /SD_XW9_inc_cpi = SD(XW9_inc_cpi). 

 

EXECUTE. 

 

COMPUTE   SW9_OC = (XW9_occ_status - mn_XW9_occ_status ) / 

SD_XW9_occ_status. 

COMPUTE  SW9_edu_yrs = (XW9_edu_yrs - mn_XW9_edu_yrs )/ SD_XW9_edu_yrs . 

COMPUTE  SW9_inc_cpi = (XW9_inc_cpi -  mn_XW9_inc_cpi  )/ SD_XW9_inc_cpi . 

execute. 

 

* Descriptives for standardised imputed variables. Variables should have means and 

SD of zero and 1.0. 

*. 

 DESCRIPTIVES 

  VARIABLES =  SW9_OC  SW9_edu_yrs  SW9_inc_cpi 

  /STATISTICS=MEAN STDDEV MIN MAX . 

 

Descriptives. 

 

Descriptive Statistics 

  N Minimum Maximum Mean 

Std. 

Deviation 

SW9_OC 1450 -3.79 2.16 .0000 1.00000 

SW9_edu_yrs 1451 -6.11 2.33 .0000 1.00000 

SW9_inc_cpi 1450 -4.00 2.90 .0000 1.00000 

Valid N (listwise) 1450         

 

execute. 

 

Section J.  Performing Factor Analysis Using standardised variables. 

 

FACTOR 

/VARIABLES   SW9_OC  SW9_edu_yrs   SW9_inc_cpi 
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/PRINT INITIAL EXTRACTION ROTATION 

/CRITERIA MINEIGEN(1) ITERATE(25) 

/EXTRACTION PC 

/CRITERIA ITERATE(25) 

/ROTATION VARIMAX 

/METHOD=CORRELATION . 

 

Factor analysis. 

 

Communalities 

  Initial Extraction 

SW9_OC 1.000 .741 

SW9_edu_yrs 1.000 .740 

SW9_inc_cpi 1.000 .669 

Extraction Method: Principal Component Analysis. 

 

Total Variance Explained 

Component 

Initial Eigenvalues Extraction Sums of Squared Loadings 

Total 

% of 

Variance Cumulative % Total 

% of 

Variance Cumulative % 

1 2.150 71.667 71.667 2.150 71.667 71.667 

2 .480 16.007 87.674       

3 .370 12.326 100.000       

Extraction Method: Principal Component Analysis. 

 

Component Matrix(a) 

  Component 

  1 

SW9_OC .861 

SW9_edu_yrs .860 

SW9_inc_cpi .818 

Extraction Method: Principal Component Analysis. 

a  1 components extracted. 

 

Rotated component matrix(a). 

 

a  Only one component was extracted. The solution cannot be rotated. 

 

execute. 
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Section K.  Using components and eigenvalue to calculate new SES variable. 

 

*COMPUTE SES_W9=(( 0.8606726531941 *SW9_OC)+( 0.8602129600606  

*SW9_edu_yrs)+( 0.8180912521364 *SW9_inc_cpi ))/ 2.149997049434 . 

 

DESCRIPTIVES 

 VARIABLES= SES_W9 

 /STATISTICS=MEAN STDDEV MIN MAX . 

 

Descriptives. 

 

Descriptive Statistics 

  N Minimum Maximum Mean 

Std. 

Deviation 

SES_W9 1450 -4.38 2.86 .0005 .99969 

Valid N (listwise) 1450         

 

* Truncate SES distribution at +3 or -3, set SESflag = 1 to indicate amended record. 

 

COMPUTE SES_W9T = SES_W9. 

COMPUTE SESflag = 0. 

DO IF (SES_W9 >= 3) . 

COMPUTE SES_W9T = 3. 

COMPUTE SESflag = 1. 

ELSE IF (SES_W9 <= -3). 

COMPUTE SES_W9T = -3. 

COMPUTE SESflag = 1. 

end if. 

 

DESCRIPTIVES 

VARIABLES =  SES_W9T 

/STATISTICS=MEAN STDDEV MIN MAX . 
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Descriptives. 

 

Descriptive Statistics 

  N Minimum Maximum Mean 

Std. 

Deviation 

SES_W9T 1450 -3.00 2.86 .0028 .99166 

Valid N (listwise) 1450         

 

execute. 

 

Section L.  Calculating restandardisation of SES measure. 

AGGREGATE 

 /OUTFILE = * MODE=ADDVARIABLES 

 /BREAK = Step 

 /SES_W9_SD = SD(SES_W9T) 

 /SES_W9_MN = MEAN(SES_W9T). 

 

COMPUTE SES_W9F = (SES_W9T - (SES_W9_MN)) / SES_W9_SD  . 

 

DESCRIPTIVES 

VARIABLES =  SES_W9F 

/STATISTICS=MEAN STDDEV MIN MAX . 

 

Descriptives. 

 

Descriptive Statistics 

  N Minimum Maximum Mean 

Std. 

Deviation 

SES_W9F 1450 -3.03 2.88 .0000 1.00000 

Valid N (listwise) 1450         

 

execute. 

 

SORT CASES BY 

  SES_W9F (D) . 
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Conclusion 

The interest of researchers during the second half of the nineteenth century 

in the study of society resulted in the need to be able to categorise the different 

groups that were observed.  In the UK, the influence of Marx gave rise to schemes 

that were based on Class, such as the Registrar General’s Social Classes.  This 

process was facilitated by the development of Government generated data about 

industries and occupations principally from the Population Censuses (Rose, 1995).  

In America the interest in looking at differences between groups was also present, 

but a different political climate which rejected Class as a concept, gave rise instead 

to continuous scales that were based on rankings of the prestige of individuals 

occupying particular positions (Nam & Boyd, 2004). 

The differential outcomes, which are observed in the many societies but 

particularly in the modern Western Societies with open capitalist economies that 

have been the focus of this paper, have been defined as stratification while the 

ongoing processes that create this stratification are referred to as a stratification 

process.  Inequality arises because within a stratified society, valued goods are not 

distributed equally both in terms of quality and quantity.  Socioeconomic status is 

thus a method for measuring stratification and the extent of the inequality that 

arises from it.  Stratification can be measured at various levels in society namely the 

individual, the household or family and the neighbourhood or community. 

The theoretical positions, which have underpinned the efforts to describe 

both the process of stratification but also the outcomes, have varied over time and 
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geography.  Although different political realities in the first half of the twentieth 

century, changed the conceptualisation of the resulting outcomes, the theoretical 

positions may be summarised as follows: Stratification is present in modern 

western societies and it arises because goods are not distributed equally between 

units.  In some societies, such as the USA, this is believed to result in a finely graded 

distribution with the units comprising it ranked according to the occupational 

position they occupy.  The job provides earnings but also provides the unit with 

other items of status such as prestige.  In other societies, the UK for example, the 

stratification that arises is composed of a distribution of more discrete groups, 

which are often referred to as classes.  The process of allocating units to classes 

involves both the occupation, but also the supervisory status of the job.  The two 

elements together provide earnings but also varying degrees of authority and 

control.  

Although such papers are not common there have been three more recent 

theoretical statements that have broadened the theoretical basis of stratification.  

Kreiger et al (1997) in the US, theorise that the stratification process brings about 

stratification that is characterised by discrete groups known as classes.  These 

classes arise because of interdependent economic relationships between units that 

give rise to inequalities of income, wealth and health.  Oakes and Rossi (2003) using 

a social theory based on work by Coleman (1990) broaden their measure of 

inequality to include not only earnings and supervisory responsibilities but also 

wealth, skills and abilities, and social networks.  Their measure is called 
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socioeconomic status or SES.  Finally, Adkins and Vaisey (2009) propose a theory of 

stratification and inequality built on the work of Blau and Duncan (1967).  Their 

theory is more broadly based with stratification arising not just from the job held 

but also from qualities such as ability.  Ability, for example, is posited to include 

traits such as motivation, which are partially determined by an individual’s genome.  

These three positions do not seem to have influenced empirical work on 

stratification and its measurement by SES but perhaps insufficient time has elapsed. 

Inside these frameworks, socioeconomic status was considered to be both an 

instrument for measuring stratification but also a metric for its measurement.  In 

addition the resulting differences in SES scores between units were also seen as a 

measure of the inequality that arises from stratification.  Within the literature, the 

diversity of terms that are used such as socioeconomic status, socioeconomic 

position and socioeconomic index was noted, with socioeconomic status being 

chosen on the basis of historical use and current popularity.  In addition, a modern 

definition of socioeconomic status suggested by Boyd (2008) was selected as being 

the most relevant for current research. 

The majority of the paper was devoted to examining the issues involved in 

choosing variables that can be used as measures of socioeconomic status.  Single 

measures as well as composite ones were described.  The popularity of measures 

based on occupational status was noted and other measures such as education and 

possessions were outlined.  The relative strengths and weaknesses of these 

measures at different levels in society were tabulated.  It was seen that using several 
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of these measure in a composite scale still had advantages in analytic terms as well 

as for presentations to non-experts.  It has also been observed that longitudinal 

data, which enables measures to be taken at varying time periods can aid in the 

description of causal pathways. 

The final section of the paper discussed the issues involved in producing a 

measure of socioeconomic status and a measure suitable for each wave of the 

Longitudinal Survey of Quebec Children was described.  When a measure is required 

at each wave it was demonstrated that for each variable used in the measure, the 

metric needs to be identical at each wave.  Estimation techniques using both 

regression analysis for missing data and factor analysis for the estimation of the 

value of SES were employed. 

Overall, socioeconomic status is a method for measuring stratification and the 

extent of the inequality that arises from it.  When derived from data that is collected 

either by sample survey or census it has an important role to play in elucidating the 

process of stratification. 
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