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Abstract

This paper examines the role of parents as network members in helping children
secure employment in South Africa, where unemployment is high enough that employ-
ment is a key indicator of economic status. This possibility has long been suggested by
the intergenerational correlations literature, but has received limited empirical scrutiny
due to difficulties inherent in separating networks from correlated fixed effects such as
preferences, genetic and wealth endowments, and neighborhood sorting. Unlike previ-
ous empirical network papers, this paper examines the covariance of childrens’ outcomes
with individual network nodes’ (i.e. parents) usefulness in job search, as proxied by
employment in the parents’ industries. A new panel data set in South Africa allows
the removal of individual-specific heterogeneity correlated with these parents’ indus-
tries; while the institutional structure of South Africa allows the creation of control
groups who should be impacted by wealth effects correlated with growth in the par-
ents’ industry but not networks. This paper finds that fathers serve as useful network
connections to their sons when able, but that mothers do not seem to be useful network
connections for any of their children. The possibilities of specific human capital, cor-
related networks, and multinomial choice are examined and do not interfere with the

father-son network effect. These results suggest that a decline in economic mobility in



South Africa may be attributable to the expansion of small-scale networks, and that
caution must be taken in drawing welfare implications from network studies which do

not observe the relevant scale of networks.

Introduction

When jobs are scarce, the system by which they are allocated becomes a prime deter-
minant of inequality and economic mobility. Under perfect competition, the most able are
allocated jobs, allowing researchers to restrict attention to the distribution of that under-
lying ability and the means by which it is transmitted across generations in their efforts to
understand persistent inequality. Informational problems, however, may compromise this
insight, and a recent literature documents the importance of networks in solving these prob-
lems and allocating jobs. This literature has looked for variation in the size or well-being
of groups which seem likely to be correlated with an individual’s personal contacts, such as
people who are close to that individual in terms of geography or ethnicity. However, as
this literature only identifies groups correlated with networks rather than actual network
members, it cannot speak to the scale of networks which are relevant to individuals. In fact,
the scale of the relevant network turns out to play an important role in the contribution of
the network regime to economic mobility. If small scale networks — for example, families
— are quite important, then networks may work to concentrate access to employment as
only people with employed family members learn of job openings. The end result of these
small scale networks could be a much more persistent state of unemployment, as individuals
lacking this network-based social capital have less access to jobs.

Economists studying mobility have long been aware of this fact. From early papers,
economists mention the possibility of ”connections” (e.g. Becker and Tomes 1979) as a
potential source for the intergenerational correlations they describe. However, few papers
have been able to explicitly test for the importance of parents as a source of job information
or reference. In part, this neglect is practical: these studies have primarily been concerned

with lifetime outcomes, like permanent income, for which networks can not be separated



from correlated individual fixed effects, such as preferences, genetic and wealth endowments,
and educational investment. However, another reason may be the contexts of these papers
— nearly all of the literature is set in the US or Europe, where unemployment is low enough,
and labor markets are competitive enough, that having a parent who represents a poor
employment connection seems likely far less important than the human capital which he
invests in you.

South Africa represents a far different context. Unemployment is severe, especially for
blacks. Depending on the definition used, between 16 and 28% of prime age males are
unemployed (between 19% and 33% for blacks). Unlike other countries with similarly
high official statistics, there is no substantial informal sector or subsistence agriculture to
soak up unemployed adults, so these numbers represent ”true” unemployment. Further,
while unemployment has remained high in South Africa since at least the late 1970s, the
distribution of the unemployment has changed substantially since the fall of Apartheid. In
particular, the depth of unemployment has become more severe, so that increasingly large
percentages of the unemployed have never held a job or have not worked in many years.
This seems especially surprising given the increase in de jure economic opportunity available
to non-whites after Apartheid’s end. At the same time, education has become a far weaker
predictor of employment, suggesting that changes in the distribution of human capital have
not caused this change in persistence. Legal changes associated with the end of apartheid
created a shift in the regime allocating jobs, and anecdotal evidence suggests that networks
are now governing job allocation. Quantifying not only the importance of networks to job
allocation but also the relevant scale of networks is critical to understanding the distribution
of wealth and economic opportunity in South Africa.

This paper sits at the nexus of the network and intergenerational correlations literatures.
Using a panel data set of young adults in Cape Town, South Africa, I ask if parents have
become important network connections for their children. Unlike past network studies, this

approach looks for fluctuations in the ability of parents as individual and exogenous network



members to provide job information, observing that if parents are individually important in
providing job information to their children, then small scale networks must be important.
The longitudinal aspect of this panel allows the comparison of intertemporal variance in
employment numbers in parents’ industries with changes in these young adults’ labor force
behavior, suggesting that networks may be important. As parents’ wealth is doubtless
correlated with labor demand in their industries, I take advantage of gender-segregation and
geographic specificity in jobs to create two control groups who should experience wealth
effects but cannot take advantage of network aid. FEstimation reveals that when fathers’
industries are hiring, sons are more likely to work if their fathers are in the province, but
that sons with absent fathers and all daughters are less likely to work due to wealth effects.
In contrast, mothers do not appear to represent effective network connections for either sons
or daughters, perhaps due to the different industries in which women work in this context.
These results are robust to the consideration of specific human capital, correlated household
and neighborhood networks, and multinomial choice sets for young adults.

I open this paper by discussing the empirical literatures on networks and intergenerational
correlations, and provide simple examples of the implications of the scale of relevant networks
for the persistence of unemployment and how networks can exacerbate intergenerational
correlations from other sources. Following, I describe in greater detail the institutional
structure and the unemployment situation in South Africa, and describe the evidence for
how networks have supplanted bureaucratic job allocation with the liberalization of labor
markets following Apartheid. Next, using a new panel dataset of young adults in the Cape
Town area, I argue that fathers are providing jobs to their sons, but not their daughters,
when they live close enough to be able. 1 then verify that this effect does not appear to
be correlated with specific human capital or correlated networks. 1 close by discussing the

extent to which these paternal connections are decreasing economic mobility in South Africa.



Networks, Intergenerational Correlations, and Job Allocation

A growing literature in economics examines the role of networks in spreading job in-
formation and changing employment rates. Calvo-Armengol and Jackson (2004) outline a
theoretical model which captures the important points. In their framework, individuals are
born into a certain exogenous network, with links to a graph of other individuals, some of
whom are employed and some are not. Employed individuals hear about jobs with some
probability; if they learn of a new job, they tell a network member at random. If that
network member is unemployed, he accepts the job; if he is employed, he passes the informa-
tion on to another network member. Unemployed members of your network are thus your
competitors for job information and employed members assets. Using network simulations,
Calvo-Armengol and Jackson find that if labor force participation is costly, then initial condi-
tions create massive variations in overall employment rates, as individuals in low-employment
networks find the benefits of job search to be lower than those in high-employment networks
relative to the costs of labor market participation.

Recent empirical support for the importance of networks is strong, and is surveyed in
Ioannides and Loury (2004) . Within the economics literature, empirical work has taken two
approaches. In the first, researchers look for random variation in the size of an individual
network. Munshi (2003) finds that village-level rainfall shocks in Mexico are correlated with
migration to the United States, which, combined with historical migration patterns gives
him an instrument for network size of Mexican immigrants in different cities. He finds
that having a larger network a few years earlier boosts individual chances of employment.
Beaman (2006) directly tests the Calvo-Armengol and Jackson theory using refugees in the
US. Taking advantage of a randomized refugee assignment program, Beaman finds that
refugees have a competitive relationship with other refugees settled at the same time and
one year beforehand, but earn support from older settled refugees.

The second approach looks for correlations based on geographical distance. For exam-

ple, Conley and Topa (2002) examine spatial correlations in unemployment with respect to



several distance metrics, including physical distance, travel time, occupational distance, and
ethnic similarity measures across census tracts. They find that ethnic similarity is the most
powerful predictor of correlations in employment outcomes, with physical distance being the
only other measure that can explain spatial correlation. A different approach is taken by
Bayer, Ross, and Topa (2005), which investigates whether individuals who live in the same
census block are more likely to work together than they are to work with individuals from
nearby blocks. Excluding individuals who work and live in the same block, they find ex-
tremely large effects: the odds of a pair working together are boosted by 50% if individuals
live in the same block as opposed to a nearby block.

Due to data limitations, the literature outlined above has been focused on finding net-
works correlated with the "true" effective networks relevant to individuals, either through
geographic or ethnic proximity, rather than identifying the effect of actual network mem-
bers. While this approach is successful in identifying whether or not network effects exist,
it has limitations as it does not identify the scale of the actual network. In particular, the
point estimates convey little meaning, as they are average effects of some fraction of actual
networks and of a group of individuals not in the network. Similarly, policy predictions
are hard to come by from this approach, as the effective unit of networks is unidentified —
if networks are good, we want to increase the size of the true network, not the ineffectual
group who is correlated and identified due to data convenience. More relevant to this study,
implications of networks for inequality and mobility can not be explored via a correlated
networks strategy, as these implications differ strongly if the true network is a massive, dif-
fuse group which quickly spreads out information or if it is simply small groups of family
members passing jobs amongst themselves. A simple example illustrates the importance of
network scale: networks a and b both consist of N individuals, subdivided into families of K.
In network a, the family is irrelevant; individuals pass job information at random to other
network members. In network b, only family members are network members; individuals

pass job information on only to other family members. In period ¢, fraction p of adults



are working, and working adults hear about jobs with probability «. For simplicity, jobs
are never destroyed. In network a, everyone is equally mobile: each period, Npa new jobs
are learned of and divided among N (1 — p) individuals, so every unemployed person has
probability pa/ (1 — p) of learning of a job. In the long run, everyone becomes employed in
network a. In network b, each unemployed person’s probability of learning of a job depends
on the fraction of people in his family who are working; that is, if F' people in his family
are working, than he has probability Fia/(K — F) of learning of a job. Clearly, unemployed
people in fully unemployed families have no chance of finding employment, while unemployed
individuals in a highly employed family are unlikely to remain unemployed long. Even in
the long run, some families remain completely unemployed, while others become fully em-
ployed. Though the assumptions in this example are extreme, the intuition carries through
if individuals only treat their families with preference, that is, if they are more likely to tell
family members about jobs than unrelated network members.

In fact, there is some indication that closely related individuals may be especially impor-
tant network nodes, particularly in high-unemployment settings. Munshi and Rosenzweig
(2003) are aware of this possibility in their study of social pressures created by sub-caste
level networks in India, and condition on father’s occupation to be sure that the sub-caste
(and not family) is the right unit of analysis in their context. While the father’s occupa-
tion does not drive the sub-caste effect, it remains a significant contributor to the difference
in schooling between males and females, suggesting that family-level networks may remain
important in India. Granovetter (1983) surveys empirical evidence from sociology which
finds that disadvantaged groups in the US (like racial minorities) are more likely to use
"strong” ties to find jobs, i.e. closer relationships are more important for employment in
their networks. Loury (2006), using the NLSY in the US finds that 10 percent of men found
jobs through prior generation male relatives, which represents more than 1/5 of all network
help, suggesting that a few family nodes matter. Moreover, these referrals from older male

relatives are the only type of network help which results in higher wages for young men.



Further, she finds that young women almost never receive job offers from male contacts, and
that jobs received from female contacts offer no wage boost for either gender. In a job-rich
environment like the US, wages are perhaps a more relevant indicator of a valuable network
than labor force status, and her results qualitatively preview mine. Finally, Kramarz and
Skans (2006) have access to a database on all 16-65 year old workers earning income in
Sweden from 1985-2002. They investigate whether children are more likely to get a job at
the same plant as their parents than their classmates are. They find a very strong effect,
particularly in high-unemployment and low-skill settings. However, since their interest is
in a one-time event (the first stable job received by these young adults), they are unable
to perfectly control for a lot of factors which are doubtless correlated between parents and
children, such as geographical location, specific human capital, preferences, and abilities. In
order to investigate the causes of hindrances to economic mobility, it is necessary to separate
these events out, and a huge literature which has largely ignored networks has striven to do
SO.

In fact, economists have examined intergenerational correlations in outcomes since Gal-
ton (1869) looked at correlations in height and in wealth. In a seminal paper, Becker
and Tomes (1979) discuss the implications of dynastic utility where each generation faces
a trade-off between own consumption and the consumption of the next generation, insured
through either investing in human capital or transferring physical capital. Children receive
their parents’ gifts as well as a ”luck” endowment which will be correlated with their parents’
endowments. With concave utility, richer parents invest more in their children. Between
investment choices which are a function of economic success, gifts, and correlated ”luck,”
several avenues for intergenerational correlation are discussed. Noteworthy to this investiga-
tion, Becker and Tomes acknowledge the importance of parental ”connections” in intergen-
erational correlations, but do not explicitly consider them. Theoretical investigations since
have followed their example and focused on different mechanisms for intergenerational corre-

lation. For example, Banerjee and Neuman (1993) find that credit constraints can imply an



unequal and immobile long-run distribution of wealth if investment opportunities are non-
convex, while Mookherjee and Ray (2002) find that credit constraints imply that equality of
outcomes is unstable if occupations are diverse simply due to differential optimal investment
in children. If families are important as network connections, then the occupation-based
effects that these authors highlight will become stronger.

Since Becker and Tomes work, a myriad of empirical investigations have sough to dis-
entangle the relative contribution of each of these inputs and to estimate the elasticity of
childrens’ permanent income with respect to parents’ income. While a full literature sum-
mary is beyond the scope of this paper, Solon (1999) surveys the literature, and creates a
stylized model which makes transparent several potential avenues for correlation. Specifi-
cally, parents face a trade off between consuming themselves and investing in their childrens’
consumption. In addition to the wealth effects and correlated luck discussed above, Solon
adds neighborhood sorting, by which children of the wealthy find themselves in neighbor-
hoods with better schools, peers, etc., which may also contribute to intergenerational corre-
lation. Nearly all of these empirical investigations take place in the US and Europe, and
they often find between an elasticity of one generation’s permanent income on the order of
.2-.4 compared to their forbearers. Because this literature concerns itself with long term
outcomes, they are largely unable to highlight the roles of specific agents who remain con-
stant in a network, and leave as an open question the role of inherited social capital and
network referrals. However, this is a significant oversight: network based intergenerational
correlations are in some sense the most dangerous. Underinvestment in education can be
remedied through government policy and preference-based correlations are not important to
a utilitarian social planner. In contrast, network connections are much harder for policy
makers to create and maintain the potential to inhibit economic opportunity. This paper
will try to correct this oversight, taking both the intergenerational literature and the network
literature seriously, and, using time-variation within individuals, disentangle network-based

intergenerational correlations from the multitudinous other sources described above.



A simple adaptation of Becker and Tomes (1979) model (adapted via Solon 1999) sug-
gests immediately the importance of networks for intergenerational mobility. Parents in
generation g — 1 face a choice over their consumption and investment in their children in
generation g. Working individuals receive a wage equal to their human capital; for simplicity
human capital is unrelated to experience. Parents have Cobb-Douglass utility over their

own consumption and the consumption of their child,
U(Cy,Cy-1) =aln(Cy) + (1 —a)In(Cy_y)
. The parents budget constraint is
Yg—1 = Hy_q ZWg—l,t =Cy1 + 1
t

That is, they receive a wage of their human capital H,_; in each period that they’re
working, Wy_;, = 1. They spend that wage on their own consumption and investment in
their children, Cy_; and I,.

In turn, the young adult finds himself with human capital 71, + E,, where E; is his luck
endowment and r the annualized return on invested human capital. Over his lifetime, he

therefore earns

yg = (rly + Ey) Z Wt
¢

Where r represents the rate of return on human capital investment and £, the error
in human capital for generation g. Naturally, both of these only result in income when the
young adult is working, W,_;, = 1. The first order conditions quickly lead to the optimal
investment choice, I, = (1 — a) y,—1 — *£,. With Cobb-Douglass utility, investment choices
are not related to the future labor force behavior of the child; in a more general utility model

the parent may consider his sons future work opportunities in making investment choices.
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Hence

Yo = (1 — @) (ryg-1 + Ey) Z Wt
t

Next, I allow for network effects, by modeling generation g’s labor force status.
Wgt - 71Wg—1,t + Ugt

where 7, is the offer rate for a working parent in generation g—1 discussed in Calvo-Armengol
and Jackson (2004). If parents are important network connections, v, > 0. If not, we should

not estimate an effect. We can then write

Yo = (1 =) (ryg1 + E,) Z (Vi Wy—1t + wzg)

t

Solon’s description of this model focuses on the term (1 — «) (ry,—1 + Ey) , and the mo-
tivations for intergenerational correlation that he considers are contained within it. In
contrast, the network based correlations are shown to be multiplying this effect, which is
logical: if parents’ income resembles their childrens’ due to any correlation in human capital,
this capital can only earn a return when it is being exercised, i.e. the individual in question
is working. That is, all of the constraints to economic mobility reviewed in the literature

are exacerbated in the presence of intergenerational networks.

Unemployment and Labor Markets in South Africa

The context for this study is South Africa, where unemployment is severe. Table 1 reveals
that between 1993 and 2004, the narrow measure which requires individuals to be actively
searching ranged from 14-25%, while the broader measure which requires only a reported
desire to work hovered between 30 and 40% of Adults. This unemployment is concentrated
among blacks, rural people, and the young, although rates remain high for coloureds and
urban individuals. Kingdon and Knight (2006) advocate using the broader definition in

this context, on the grounds that local wages are more sensitive to broad unemployment
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than narrow unemployment.

As a problem of such severity, the cause of this unemployment is hotly debated. This
paper does not hope to contribute to that debate, but a few institutional suspects emerge and
are relevant to the discussion of job allocation. First, formal sector wages in South Africa are
very high for a country of that level of development, for several reasons. Capital-intensive
production methods were strongly encouraged under Apartheid, in an effort to boost wages
for white workers (at the expense of unemployed blacks) (e.g. Seekings and Nattrass 2005).
These historically high wages have been maintained in the years since through South Africa’s
union structure and high minimum wages in uncovered industries. Industrial Bargaining
Councils extend union arbitration decisions to all firms in an industry; Moll (1996) discusses
how this system provides incentives for wages to grow above standard union-arbitration lev-
els, where large firms will agree to excessively high wages so as to reduce the profitability
and competition of small and medium size enterprises. =~ Compounding the problem, high
minimum wage rates have been established in all industries not covered by union arbitra-
tion in recent years. These high formal sector wages increase incentives to queue for a
scarce highly paid job, and reduce the costs of unemployment. Looking at union effects,
Schultz and Mwabu (1998) find that regions with high union wages relative to non-union
wages are associated with higher youth unemployment, and that halving this wage differ-
ential could increase employment rates of young African men by 15 percent (3.3 percentage
points). Secondly, unlike other countries with similar levels of official employment, there
is no appreciable informal sector or subsistence agriculture. Agriculture was consolidated
and mechanized under Apartheid, and the efficient large farms remain major players in the
South African economy, removing subsistence agriculture as an option for rural people.

The absense of an informal sector is perhaps the most intriguing mystery about South
Africa. Forbidden under Apartheid, the informal sector has grown somewhat in years since,
with the fraction of workers who are either self-employed or domestic workers rising from

19% in 1993 to 25% in 2004 , but it remains anemic compared to other countries with
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similar unemployment and poverty rates (e.g. Kingdon and Knight 2006 ). The South
African Labour Force surveys make a special effort to capture informal employment, where
respondents are given a battery of questions about different types of work that they may have
done ”even for only one hour,” including unpaid work in a household business, farming for
subsistence, begging, etc. Despite this effort, very few people report any behavior resembling
the large scale informal economic activity found in other developing countries.  Kingdon
and Knight (2004) find that the unemployed are worse off in most measurable dimensions
than informally-employed individuals, and hypothesize that barriers to entering the informal
sector must exist. Another possibility is that waiting for a formal sector job is preferable to
informal employment, particularly as wages are high enough for those who do have jobs that,
combined with a generous governmental pension program, most individuals have a support
network in place. Whether by choice or by restriction, unemployment appears to be the
default outcome of most individuals who do not find formal sector jobs.

In this context, the system by which formal sector jobs are allocated is critical for under-
standing the distribution of wealth, opportunity, and mobility. In fact, while unemployment
has remained at high and similar levels, this system has changed dramatically. A variety of
legal restrictions challenged economic opportunity under Apartheid. For rural blacks, job
allocation was purely bureaucratic under the old system. In order to be allocated a job,
individuals had first to apply at the local labor bureau, who would indicate if they could seek
work and what sectors they could apply to. Migration was also restricted without proof of
gainful employment, so that all employment opportunities were forced to go through one’s
local bureaucracy (Seekings and Nattrass 2005).  Moreover, coloureds and urban blacks
faced laws of job reservation (by which particular categories of jobs were reserved for differ-
ent racial groups), which similarly restricted the opportunity sets available to these groups.
Starting in the 1980s, these bureaucratic regulations began to break down, and increasingly
firms began hiring friends and relatives of employees. The importance of networks in the

new South African economy is attested to by a 1996 survey of manufactures in which 41% of
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firms report that when they need to fill vacancies, they hire friends and relatives of employees
(Standing, Sender, and Weeks 1996).

Another important characteristic of a job allocation regime for mobility is the permanence
of a system. Omne possibility is that whatever criteria the labor market is now rewarding
with jobs is more equitable, or, equivalently, that individual employment probabilities are
homogeneous in all periods, even if they are small. On the contrary, a different allocation
regime could now have limited mobility, so that some individuals find work relatively easily
and experience frequent employment, whereas others find work only with great difficulty
and spend most or all of their lives in perpetual unemployment. The latter appears to be
a closer approximation for South Africa, which seems striking given the increase in de jure
economic opportunity described above. Since 1993, average durations of unemployment have
risen sharply, for both men and women. The fraction of unemployed adults who have never
worked has increased substantially since 1993, particularly for young adults, accompanying
higher unemployment rates. Table 3 reports these unemployment rates as well as the fraction
of unemployed who have never worked and the time since the end of their last job for those
who have worked, split into adults aged 20-35 and 35-60 in 1993 and 2003. For all young
blacks and young coloured men, the rise in percentage who have never worked is truly striking,
growing by 20 percentage points for young black males (and 15 percentage points for young
coloured men). For older adults, the relevant indicator of persistence of unemployment is
duration, and the rise in the fraction who have been unemployed for all groups for at least
three years is similar in scale. Further, while unemployment was more disparate for women
than for men in 1993, the reverse appears to be true now, especially among the coloured
population. Further, a closer examination of table 2 reveals that unemployment has actually
become shorter in duration for young adults who have ever worked, which suggests that a
new exclusionary criterion has emerged to regulate employment — those who satisfy this
criterion work frequently, with short unemployment spells in between, while those who do

not have little chance of finding employment. Similar results exist for the white sample,
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although the fraction unemployed is very small and these estimates are extremely imprecise.
Table 3 displays probit marginal effects of a year of primary or secondary schooling, all
conditional on urbanization and a quadratic in age, and reveals that this criterion is not
education, as observable human capital has become a weaker predictor of employment since
1993. By 2003, the marginal effect of an extra year of secondary schooling on the likelihood
of getting a formal waged job had fallen by 60-75% for coloured men and for all blacks. Since
unemployment did not increase by a similar margin in this period, this indicates a shift in
the criteria used to hire workers, away from observable human capital. =~ While education
is no longer a variable which determines economic opportunity in South Africa, it has been
replaced by something far more restrictive, especially for men.

If networks are now solving the information problems endemic to liberalized labor mar-
kets, these may be compromising the ability of different groups to take full advantage of
the opportunities generated by a free labor market. Seekings and Nattrass (2005, p. 282)
discuss the distributional implications of using network channels for job allocation in greater
detail: "It is surely the case that the number of discouraged unemployed in South Africa
is large in part because vacancies are so often filled using [network| channels. Thus it is
likely that, among the unemployed, there are some with good prospects for employment and
others with poor prospects and that the former are more likely to be members of households
with working members.” This argument is one of network scale: if household members are
inportant network connections, then network scale must be small indeed and the sorts of
implications for persistent unemployment may resemble the severe results from network b in
the simple numerical example given earlier. Indeed, if networks are now regulating employ-
ment in South Africa, we may expect that these networks would be used first and foremost
to generate intergenerational correlations, as parents have both selfish and altruistic reasons
to be concerned first about the employment of their children. However, there has been ex-
tremely little work on the interaction between networks and intergenerational correlations,

and integrating these two literatures is central to analyzing the South African labor market.
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Data

The Cape Area Panel Study is a random sample of 4758 young adults aged 14-22 in
2002 who live in the Cape Town Metropolitan Area. Located in the South-Western corner
of South Africa, Cape Town is the second-largest city in the country. These young adults
were interviewed first in 2002. A subset of 1360 young adults were reinterviewed in 2003,
with the remainder reinterviewed in 2004, and all were reinterviewed in 2005. At each in-
terview after 2002, a monthly calendar of past behavior was collected, allowing the creation
of a full panel with all behavioral variables (e.g. working, schooling enrollment) taken to
be behavior in September of that year (chosen to coincide with the labor force surveys de-
scribed below). Attrition is somewhat problematic in this study, due to the migratory nature
of these young adults; 11% of these young adults disappear before data can be recorded
for September 2003 and 26% before data can be recorded for September 2004. Attrition
was especially problematic for the whites in this sample, where 22% were lost by the end
of the 2003 and 44% by 2005 (many of these moved out of country, most of the rest out of
the Western Cape province). Cognizant of the substantial attrition in the white sample, I
restrict my analysis to blacks and coloureds; in this group, 10% are lost to attrition by the
end of 2003 and 23% by 2005. I take attrition seriously in robustness checks below.

Table 4 reports summary statistics for this sample. Similar to the national employment
tables presented above, few of these young adults are working, with only 25% of males and
18% of females working. This difference largely reflects the difference in the percentage of
men and women who found jobs through networks; 6 or 7% of both men and women found
jobs through their own means (e.g. applying at factories, sending out CVs, etc.), whereas
14% of men compared to 8% of women found a job after a friend or family member told
them about it or referred them for it. Also worth noting is that many of these young adults
have fathers who are either deceased or do not live in the province, and that many of those
with fathers in the province do not cohabit with the father at baseline. The geographical

heterogeneity within families is due in part to the migration restrictions which were lifted
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only at the end of Apartheid, so that many in this sample are recent migrants. As a large
urban area, Cape Town is a destination migration, so absent fathers are often either those
who have not migrated yet or who have returned to their more rural homeland area. Fewer
young adults have mothers who live away, though this still represents a large fraction of my

sample. In the appendix, I describe the construction of provincial employment data.

Intergenerational correlations in Cape Town

Few studies have investigated intergenerational correlations in developing countries, and
the fact that education seems to be of little help in finding a job may make us doubt our
prior beliefs about what could matter in securing employment. The CAPS data allows a
descriptive and reassuring test, similar to Altonji and Dunn (1991). If intergenerational
correlations are important in a network sense, we would hope to see that childrens’ indus-
tries are correlated with their parents. Tables 3 and 4 report coefficient estimates from
systems of seemingly unrelated regressions, where each dependent variable is a dummy for
working at baseline in a one-digit industry and the right hand side is dummies for the father
or mother being in that industry. Of the ten one digit industries, Industry 2 (mining) is
excluded from all regressions and industry 4 (Utility Provision) is excluded from regressions
involving females as there are very few observations of young adults working in these indus-
tries. Sons industries appear highly correlated with their fathers’ industries while daughters’
industries are highly correlated with their mothers’ industries, but there appears to be little
cross-gender intergenerational correlation once education, age, and race are controlled for.
Men work in very different industries and occupations than women in this context, so this
absence of cross-gender correlation is reassuring. Moreover, this seems similar to Loury
(2006), who finds in the US that men often utilize older male relatives to get jobs, and that

women often use older female relatives, but few use cross-gender relatives.

Empirical Specification:

Two philosophical approaches to estimating this problem are taken. In the first, I consider
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only the choice to work or not work. In the second, the choice set is expanded to include
the possibility of schooling. The advantage of the second approach is completion; the first
approach, however, has the advantages of more power and better data — enrollment data
in this context are suspect, as many individuals remain in school despite advancing grades
infrequently. The linear probability model used in the binary choice problem also has the
advantage of easily interpretable coefficients, while the multinomial conditional logit used
in the second approach can not deliver consistent marginal effects without strong additional
assumptions.

To estimate probabilities of working, I begin with a linear probability model. Recalling

the equation for work from the intergenerational correlations example above,

Wgt = 71ngl,t + Ugt

I allow for potential interactions of parental wealth and child endowments in the error
term by specifying

Ugt = YoYg—14 + PXgt + &5 + 0t +vg

where &, is a fixed effect for the young adult in generation g (which is doubtless correlated
with his luck endowment), d; is a time-fixed effect describing the strength of the labor market
in year t and v, is a person-time-specific error.

Inserting individual heterogeneity into the model above,

Wig = 71fthg—1,t + YoYrg—1t + BXg + ffg + 0t + Vgt

That is, for family f, the young adult’s probability of working is related to his parent’s
offer rate at time ¢ if his parent is working, his parent’s income, his education, a time fixed
effect, an individual fixed effect and the error term.

Let ¢,, be the offer rate in industry ¢ at time ¢. If ¢« = 0 denotes unemployment, ¢,, = 0
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Vt. Then, I specify that, for parent f who works in industry 4,

71fthg—17t =710y + Cfgfl t Vg1t

that is, a parent’s offer rate is equal to the time ¢ offer rate in the industry in which he

works at time 0, a parent fixed effect, and a parent-time-specific error. Hence,

Wigt = V10 + VolYrg—14 + BXpgr + ffg + Cfg—l + 0t + Vgt + Vg1t

Taking fixed effects eliminates the parent and son specific fixed effects, as well as the

permanent income effect. Hence, using tildas to denote deviations from means, we have

ngt = 71&5# + YoUrg-14 + 6ngt + St + Wygt

which forms the baseline estimation.

However, two immediate concerns need to be addressed. First, the offer rate in an
individual industry is impossible to observe. In practice, I use log provincial employment
in the two digit industry that the parent is working in to proxy the offer rate. In even the
simplest model, employment is a function both of labor supply and labor demand. Hence
if industry-specific labor supply increases, we would expect employment in that industry to
increase. Simultaneity is not a concern as individual labor supply decisions are too small
to impact provincial employment statistics. Trends in overall labor supply are picked up by
the time trends utilized, and time-constant individual labor supply components are captured
by the fixed effects. Nonetheless, I will be picking up labor supply effects if innovations
in industry-specific labor supply are correlated with the industry in which one’s parent
works (at baseline). That is, if sons of construction workers suddenly tend to want work in
construction but not manufacturing more in 2003 relative to 2004 (and sons of manufacturing

workers do not), then labor supply is contaminating my estimates. I assume that this is
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not the case, that is, that trends in industry-specific labor supply are uncorrelated with the
industry in which parents are employed.

Secondly, if permanent income is uncertain, then even if I could observe the offer rate
perfectly I would face the problem that parents’ welfare will be correlated with this offer rate
— if an industry shifts its labor demand outwards, its employees may receive higher wages.
At the least, they are more likely to continue working. This is reflected in the coefficient on
parent’s wealth, 7,, in the above model. To address this issue, I use two ”control groups”
of people who can not use individual parents as useful connections. I established above
that young women’s industry of employment is uncorrelated with their fathers’. Hence,
daughters should not realize the impact of paternal connections, but should still be sensitive
to permanent wealth effects. Secondly, job information is geographically concentrated — one
cannot accept a job at a plant at a location too distant from where one lives. Therefore,
both sons and daughters whose fathers live in a different province should be unaffected by
the job information, and only affected by the correlated implications for the fathers. This
approach generates an overidentifying restriction to test: daughters whose fathers live nearby
should look no different from those whose fathers live away in terms of sensitivity to trends
in fathers’ industries. Symmetric tests can be considered for mothers and daughters versus
mothers and sons, although data limitations discussed below eliminate the possibility of
maternal proximity as a test. All regressions presented in this paper are conditional on
individual and year fixed effects.

Table 7 reports the results of this estimation for fathers. Sons appear to be strongly
impacted by trends in employment in their fathers industries. The point estimate is quite
large: if employment increases by 10% in one’s father’s industry, then the son is 4% more
likely to work. The median industry in this context grows by 8%, so that sons of median
workers are about 3% more likely to work each year than those with unemployed fathers.
Recalling that 25% of male-years are spent working in this sample, this effect is enormous.

Consistent with the overidentifying test, daughters whose fathers live away look the same as
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those whose fathers live in the province, in dramatic contrast to sons. Sons whose fathers live
away and all daughters seem to be negatively effected by increases in fathers employment,
consistent with the hypothesis of a negative wealth effect for employment. Also, while
the father-here coefficient reaches conventional significance levels the joint test for a male
coefficient is very precisely estimated (as is the joint test for a female coefficient). Comparing
males to females, the same story is told, and more precisely: sons’ employment responds
strongly and positively to trends in their fathers’ industries, while daughters are less likely
to work when their fathers’ industries are doing well, suggesting that wealth effects make
young adults less likely to work in this age group.

A further test of the theory is to examine the difference between jobs received through net-
work connections and those found through young adults’ own effort. Though unfortunately
I cannot observe exactly who got the job for the young adult, the CAPS data does allow
me to differentiate between young adults who received jobs through network connections
(they report either that a household member or friend or relative outside of the household
told them about the job or got them the job at their workplace) and those who found jobs
through sending out CVs or inquiring at factories. In table 8, I create two variables: Net
job is equal to a 1 if and only if the young adult is both working and reports a network
member’s aid in finding the job and is a 0 otherwise. Self job is defined similarly for jobs
found through non-network-based search means. Columns one and 2 present regressions
similar to the baseline with these variables. In columns 3 and 4, I observe that having a
self-sought job decreases the odds of having a network job, yet not getting a network job
on account of already having one seems contrary to the spirit of this analysis. As a result,
these columns only include individuals who either have the type of job in question or are not
working. We may be skeptical about the quality of self-reports on how jobs were acquired;
yet, though the estimates become less precise, the coefficient pattern appears the same for
network jobs as it does for employment status, and there appears to be no relationship be-

tween self-sought jobs and trends in employment in the fathers’ industry, precisely as we
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would expect if trends in employment in the father’s industry are capturing network effects.
While the coefficient of primary interest dips below standard significance levels, the joint
male effect remains significant at the 5% level throughout.

Mothers’ industries are correlated with daughters’ industries just as fathers’ are with
sons’, so it is natural to wonder if similar network effects are seen between mothers and
daughters as between fathers and sons. Caution must be taken with this analysis, as very
few mothers both live in a different province and are actually working. In fact, there
are only 30 young men and 24 young women who have time-variance both in their own
labor force status and in employment in their mother’s industry, which makes the here-away
comparison highly suspect for mothers and highly sensitive to individual outliers. Moreover,
the potential for attrition bias appears grave here: of the black and coloured sample whose
mothers live in a different province, 40% attrit by 2005, as opposed to 18% of young adults
whose mothers live in the same province. As a result of these data limitations, I restrict the
analysis of mothers to average son and daughter effects.

Table 9 reports coefficients from similar linear probability models to the father-son base-
line. As is immediately obvious, there is no discernible effect on daughters of changes in
mothers industries. In fact, the coefficients on sons appears larger than daughters, though
it is indistinguishable from zero and dwarfed by the father-son effect. Looking for like-
lihood of network employment, we find even smaller point estimates of mothers’ effects,
still all indistinguishable from zero. The finding from this analysis is that South African
daughters do not benefit from their mothers as network connections, which recalls Loury’s
(2006) absence of a wage boost for women who get jobs with help from their older female
relatives, and is consistent with the higher persistent employment return to education for
South African women. Several possible motivations could be given in this context for the
lack of effect. Mechanically, women work in fewer industries, so that there is less variance in
mothers’ employment than in fathers’. Three of the four main industries that South African

women work in are highly informal (domestic work, clothing and textile manufacturing, and
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self-owned business, the fourth industry is retail), and it may be true that employment sta-
tistics reflect labor demand more poorly in these industries and that employment status is a
less relevant statistic in these industries, due to the greater possibility of underemployment.
Similarly, employment may be less scarce in these industries, so that a daughter could work
at her mother’s store without the need of a job opening, again disrupting the link between
labor demand fluctuations and employment. After all, unionization in South Africa is dom-
inantly male, and these jobs have the highest wage premia(Schultz and Mwabu 1998). This
is similar to Loury’s (2006) conclusion that, as women work in fewer high-paid jobs, they are
less frequently privy to wage offers which are substantially better than other sources of job
information available to young women. Finally, networking may simply be less important

in the industries in which females work in South Africa.

Specific Human Capital And Correlated Networks

The strong results for fathers and sons require further investigation to eliminate the pos-
sibility of type one error, and indeed, two sources of potential endogeneity may confound
the above analysis. First, if sons supply labor to only their fathers’ industries for non-
network based reasons, then the above result could be reached. That is, if young adults
have industry-specific human capital from a lifetime of learning from their fathers which
makes them only qualified or only desiring to work in the same industry as their fathers,
then their employment will react only to labor demand in that industry without network
effects (and the identifying assumption on labor supply is likely incorrect). Fortunately, the
CAPS dataset allows a direct test of this hypothesis. Specifically, respondents are queried
about the industry that their father worked in "most of the time [while] you were growing
up” in addition to the question of what industry your father is working in now. Unsurpris-
ingly, these variables are correlated, but there is substantial variation; many fathers moved in
and out of employment, and among those who were employed in both periods, 35% switched

industries. If industry-specific preference or human capital is driving these results, we would
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expect that to be correlated with employment trends in fathers’ historical industries as well
as their current ones. That is, whatever learning process leads to this human capital, it
seems likely to have occured at earlier ages as well and so young adults should also be sensi-
tive to employment trends in industries that the father used to work in. Column 2 of Table
10 reports this test on a male only sample and we find that, in fact, conditioning on log
employment in the fathers’ historical industry does not impact the parameters of interest,
nor is it itself significant. This suggests that industry-specific human capital is not driving
the network effects observed in the baseline estimates. However, a more subtle argument
suggests that specific capital may not be perfectly correlated with industry and that unem-
ployment is voluntary. That is, perhaps fathers and sons share some specific capital which
a different industry now rewards more heavily than in the past, and sons would prefer to
wait for that industry to be hiring despite the utility of their specific capital in the older
industry. Voluntary unemployment doesn’t seem tremendously appealing when only 25% of
these young adults are working, but fortunately a robustness check against this hypothesis is
possible. A natural classification of skills which are rewarded differentially in different indus-
tries is occupation, so the above argument would suggest that young adults are particularly
sensitive to the employment changes in the occupation-industry cell that the father works
in, while networks would suggest that children learn about or have increased access to jobs
at all occupations in the same plant or industry as the father. I aggregate occuptions in two
ways. In Column 3, I use a very coarse characterization of occupation, where occupations
are divided into skilled white collar, unskilled white collar, and blue collar, while column
4 allows employment at the one-digit occupation within an industry level. Columns three
and four reveal that the relevant effect is at the industry, not the occupation-industry level,
suggesting that specific human capital is not driving this effect.

This paper was motivated by a discussion of the necessity of capturing the right network
scale, and, indeed, a potential problem could exist if fathers’ industries are highly correlated

with other industries in a young adults’ network. That is, your father is someone who often
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lives in your neighborhood, and certainly someone who often lives in your household. These
networks may have nothing to do with paternity and rather be attributable to randomly
selecting adults who are close to these young adults. In truth, some of these concerns
are more worrying than others for the interpretation of this analysis — economic mobility is
impacted by networks in a very similar way if household heads are giving an advantage to
their younger generation household members as if fathers do so, although the flexibility of
household structure in this region suggest that household-based mobility restrictions may
be less binding than paternity-based restrictions. Nonetheless, table 11 examines several
possible correlated networks, again restricting attention to males. First, in column 4, I
look at trends in the log employment in the industry of the male head of household. In
households where the reported head was not an employed male, I define the male head
as the spouse of the head, if he is male and working, or the first employed male on the
household roster at baseline who is too old to be considered in this study of young adults
(older than 22 at baseline). The strong network effect remains on fathers who live in the
province, and the point estimate remains about the same (and, in all specifications, remains
significant at about the 5% level). In fact, these household effects both seem very small
in absolute value and never attain significance, suggesting that the father is of particular
importance within the household. Column 5 and 6 consider neighborhood effects. The
CAPS data includes identifiers for which enumeration area the survey was conducted in,
which amount to neighborhoods of an approximately three block radius. In column 5,
I condition on the fraction of black and coloured males in other households in the same
neighborhood who are working. This variable appears very important for predicting young
males’ employment status, suggesting that neighborhood trends are quite important, and
that this employment rate is capturing some signal about neighborhood effects. Of course,
we can not firmly attribute this effect to neighborhood networks since this neighborhood
employment rate is likely correlated with many other neighborhood trends. Nonetheless,

this neighborhood effect does not impact the coefficient on fathers or its significance, as a
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young adult’s neighborhood status turns out to be uncorrelated with trends in the father’s
industry. This suggests that the family network effect is unrelated to neighborhood trends.
In column 6, I add to the consideration log employment in the modal industry of adult
neighborhood males. This appears insignificant. Finally, since the rest of these potential
network nodes are by definition located close to the young adult, their proximity was not
included in interaction terms. But we may be concerned that the fathers’ proximity is
correlated in some way with the efficacy of these network nodes, and that I am attributing
that correlation to being a fathers’ network effect. I consider this in columns 7 and 8. After
controlling for potential interactions between father’s proximity and network variables, the
coefficients on the father effect become somewhat more precise without changing the point
estimates substantially. Modal industry effects appear negative when the father is absent
and zero when he is present.

Table 12 repeats the basic estimates of table 11, but utilizes the information on how a
job was received. Looking at network jobs versus self-found jobs, we find that the trends in
fathers employment remain strong for network jobs and absent for self-reported jobs in the
presence of controls for correlated networks. The significant modal industry results from
Table 11 do not appear to be impacting employment through network channels. In contrast,
the strong relationship between individuals’ working status with local youth employment
rates in their neighborhood appears to be largely confined to network channels, suggesting

that neighborhood level networks may be important as well.

Attrition  Attrition is important in this survey, and we may be concerned that attrition
is correlated with network effects as I have estimated them, though the fixed effects used in
the analysis would eliminate any time-invariant differences. In fact, some of the attrition
may even be causal and part of what I attempt to estimate— while fathers who live away are
useless sources of job information for sons who remain in Cape Town, they may be helping

out sons who disappear from my sample (because they move to be with their fathers).
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Indeed, as table 13 reports, attritors are more likely to have fathers living in other provinces
than non-attritors, although their fathers tend to be much less employed as well. Therefore,
the above analysis would predict they are less likely to be working than their non-attriting
counterparts, on average, and indeed they were working less at baseline. To test if attrition
could be driving my results, I make a variety of extreme assumptions about the attritors’
behavior. In column 1 of Table 14, I assume that they are all working. In column 2, I assume
that none are working, while in column 3, those whose fathers live in other provinces are
assumed to work and those whose fathers living nearby are assumed to not work. Column 4
assumes the opposite. Even under these extreme assumptions, the pattern of coefficients
remain the same throughout, and the network effects retain significance. Since attritors
work less at baseline than none-attritors, we may think that column 2 represents the most
likely case, where none of them are working. In this case, all coefficients remain similar to

the baseline.

Instrumental Variables

Finally, concerned about the identification assumption above, that innovations in industry-
specific labor supply are uncorrelated with industries in which fathers work, we can attempt
an instrumental variables strategy suggested by Bartik (1991) and Blanchard and Katz
(1992). These authors argue that the local share of a national industry is more or less fixed
over time, and that industry supply trends are more local while labor demand trends are
more national in nature. If so, then taking the average provincial share of an industry and
multiplying that by national employment rates gives an estimate of labor demand in the in-
dustry. In the case of these two studies, the authors argue that local units are small enough
that local trends will not substantially impact national employment numbers. However,
with only nine provinces in South Africa, this assumption seems less appealing. Instead, I
use the average ratio of local employment to employment in the other eight provinces over

my study period, and multiply employment in the other provinces by that rate. The re-
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sults presented in table 15 reveal that this approach, unsurprisingly, gets less power, but
the male-female difference remains identified. Moreover, a regression-based Hausman test
(Wooldridge 2002) does not give an ex ante reason to prefer the instrumented estimates over
the OLS, lending credence to the identification assumption. An additional advantage of
this estimation is that it is immune to the sampling error concerns discussed in the appendix
(as sampling error is independent across provinces), and grants reassurance that this effect

is not generated or totally eliminated by sampling error.

Multinomial choice

An alternate model suggests that individuals choose between three options: unemploy-
ment, employment, and school enrollment. That is, using V}j; to denote the value to
individual f of choice j in time ¢, individual f will choose option j € J if Vi > Vi
Vk € J\{j}. Within the intergenerational correlations model outlined above, we can model

the time t valuation of decision j to parent f who works in industry 7

Vit =710 + Voj¥rg—1t + BiXpigt + Eipg + Cirg—1 + 0jt + Vjggr + Vigg—14

The presence of network connections should have little role on the choice between school-
ing and unemployment, so we may expect ;.m0 t0 be 0. Unfortunately, standard multino-
mial choice techniques are biased in the presence of fixed effects due to the incidental para-
meters problem. Since individual fixed effects are critical to my identification strategy, and
I have relatively few time periods, the bias is large and complicates matters tremendously.
Fortunately, Chamberlain (1980) describes a multinomial conditional logit which allows fixed
effects. This approach utilizes the convenient form of the logistic error term, which allows
an analytic marginal density which is conditional on the observed choices in the data. In
this model, rather than choosing from their original choice set, individuals choose from an
idiosyncratic set of permutations of the choice set, where each potential permutation has the

same end distribution of choices as the observed data. That is, if I observe a young adult who
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goes to school in the first two periods and works in the third, the multinomial conditional
logit looks at the probability that he chooses that outcome versus other permutations where
he is in school twice and working once. This conditional choice probability does not depend
on the fixed effect, as intertemporally fixed effects determine the end distribution of choices
but not the timing of those choices. However, this model does have a few limitations. Most
important for my case is that it has less power than the linear probability model considered
above, and that it is impossible to estimate marginal effects without ad hoc and arbitrary
assumptions, as marginal effects are functions of the unobserved and unidentified individual
fixed effect. As with any model with a logistic error term, the multinomial conditional
logit suffers from the Independence of Irrelevant Alternatives property. Nonetheless, this
approach gives us some idea of whether schooling decisions are impacting the network effects
estimated in the previous section. As few (3%) of young adults are both enrolled in school
and working, this category is ignored in the analysis and these individuals are categorized as
working, so that we have 3 time periods and 3 choices (school, working, and unemployment).

Formally, this approach yields

‘/fjt — e%jd’i (ngfl,tat)"_’Yijfgf1+’Y3jg(lfgt)+£ijg+6t+’/fgt

where vy, is distributed according the logistic distribution.
Defining m;; = 1 if the young adult from family f chooses option j in time ¢t and m; = 0
otherwise, the multinomial conditional logit conditions on sy; = 3, m,, which leads to the

conditional log likelihood contribution of

Lo exp (Zt >0 (1150 Wig14) + Vaypg—1 + vaih (Ig) + d5) mftj)
= n
f nggf exp ((Zt Zj ’Y1j¢z‘ (Wrg-14) + V2jYfg-1 T 'Y3jh (1) + 5tj> dtj)

where Bf = {d = (du,dlgﬂ...,dg:;) |dtj =0or ]_, Zj dtj = 1, Zt dtj = Sfj, j S {1,2,3}} .

Table 16 reports the result of the multinomial conditional logit. Since schooling is a
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choice in this model, years of completed schooling seem a natural control variable, and all
regressions include that covariate, where years of schooling are broken into having completed
at least grade seven (as nearly all members in my sample have completed at least grade six), a
linear effect for grades eight through eleven (i.e. some secondary school) and a second dummy
for having completed at least secondary school (grade twelve). While this specification does
not have enough power to separate the effects of distant fathers from proximate ones, the
signs look the same as in the linear probability model. Moreover, for working, the male-
female difference remains precisely estimated. The average effect of schooling for both males
and females appears to be close to zero; conditional on the fathers’ residence, a Wald test
reveals a significant father effect for males, as those who whose fathers live in the province are
drawn away from schooling as they work more, and those whose fathers are away are more
likely to report schooling attendance. Individual coefficients are, however, extremely noisy.
The education coeflicients are also worth noting in this regression. While an extra year of
secondary school makes individuals much more likely to attend one more year of schooling,
they simultaneously have absolutely no impact on their labor force status, while completion
of secondary school only makes young adults more likely to be unemployed rather than
working. Of course, labor force participation decisions are likely correlated with education;
yet it remains true that while network effects appear huge, education does not appear to be
positively associated with employment, consistent with the tiny effects seen in the national

statistics presented earlier.

Conclusions

Fathers appear to be extremely important network connections for sons in South Africa.
A simple example illustrates the implications of this result: a son with a father in construc-
tion, the 75th percentile industry in terms of growth between 2002 and 2004, would be an
additional 5.3 percent more likely to be working per year if only his father lived nearby.

In this high unemployment setting, having a father whose industry is doing only as well
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as the median industry in that year gives his son a 3.2% larger likelihood of working each
year, which is truly substantial considering that only 25% of the boys are working in this
sample. Since 55% of black and coloured young men in this region have absent, unemployed,
or deceased fathers, this suggests that the majority of these young adults are at a huge
disadvantage. = Moreover, those with present fathers are already advantaged: as table 17
indicates, households with present, working fathers have, on average, 80% more income than
households without present, working fathers; the children are more likely to be enrolled in
school; and they score higher on a test administered by the CAPS survey team. At the same
time, young women do not appear to benefit from these network connections. While this
result resembles Loury’s (2006) findings for the US, it remains an open question. Future
work could investigate whether more informal and more female jobs in South Africa are such
that networks are not useful, whether industry-level employment statistics are simply poorer
proxies for labor demand in these jobs, or whether the lower degree of unionization has led
to less rationing of these jobs.

The importance of networks forces the immediate (and not uncontroversial) conclusion
that unemployment in South Africa is at least not entirely voluntary — unless jobs are truly
scarce, variations in labor demand should not be affecting young adults differentially. But
the long term prognosis is severe: a characteristic which the majority of young adults do
not have and can not obtain is tremendously helpful for employment. Were the problem as
”simple” as something like education creating a hindrance to economic mobility, aggressive
governmental policy could, at least in principal, encourage disadvantaged youths to seek more
education. Indeed, a weakness of this study is that this problem is so severe that there are
no easy policy recommendations; at best, the South African government could encourage the
spread of job information and try to prevent discrimination against unconnected, qualified
individuals. More certainly, the policy implication of this work is that the luxury of using
government policy to retain high wages at the cost of high unemployment has even higher

costs than the obvious. Rather than simply creating unemployment, these policies create
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long run poverty traps which are inherited by children.

Finally, this study emphasizes the limitations of utilizing correlated groups as proxies for
networks. It appears that fathers, by themselves, are important connections for sons. If
trends in correlated groups affect fathers as well, then a correlated groups strategy may lead
to the incorrect inference that a large network is important for job procurement when in
fact only a few closely related individuals matter very much. Without understanding the
relevant network scale, it is impossible to understand the role of networks in the propagation
of inequality, and difficult to derive strong welfare conclusions from the statement that

networks are important.

Appendix: Employment Data Construction Provincial employment data used in the
empirical specification (and summary statistics for the economy as a whole given above) are
constructed by the author from the September Labour Force Surveys in 2002-2004 using the
sampling weights calculated by Statistics South Africa. These are nationally representative
samples of a rotating panel survey, which each surveys 67836 to 73797 adults. The employ-
ment data are quite noisy at the two digit levels, especially for relatively small industries.
Because the analysis will focus on log changes, the possibility of a small industry not being
found in one period due to sampling error could create large outliers. As a result, I observe
that my naive employment estimates for industry ¢ at time ¢, E@it = wi (Empy + uit)
where u;; is sampling error, w;; represent sampling weights, and Emp;; represents the number
of employed individuals observed in the national survey. Fortunately, we know the distribu-
tion of this sampling error: drawing randomly from the population, means that if share p; of
the population works in industry ¢ and I sample n people, then each sampled individual faces
a multinomial distribution with probability p; of being in industry . Employment is a sum
of binomials, which means that wu; N (0,p; (1 —p;)n). However, employment estimates
face a lower bound of zero, and hence in expectation I underestimate true employment for

small industries as the sampling error is truncated. As a result, I correct my estimates so
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that u; is mean zero, by estimating the mean sampling bias in small industries, using mean
sampling weights for each year and average fraction of the population found employed in
industry 7 from 2001-2004 as an estimate of p;. The analysis presented is not sensitive to
small changes in p; estimates.

However, the presence of sampling error suggests another concern. Because there is
some error in my estimates of employment, the coefficient may be biased downward due to
attenuation bias, and the standard errors may be biased downwards as well (e.g. Murphy
and Topel 1985). Indeed, this problem is present in any study which uses macro statis-
tics constructed from surveys. Fortunately, the variance of this sampling error is very
small: using the delta method derives the distribution for the error in log employment to
be winp;; (1 — pi) /Emp?, which is small whenever employment in the industry is larger
than the industry-specific sampling weight. As argued above, this error term is not normal
in finite samples due to truncation for small industries, however, we can approximate it
by assuming normality and estimating p;; from my employment estimates. This allows a
Murphy-Topel (1985) correction term to the standard errors as a robustness check. Table

18 reveals that this correction is very small, and the results presented above carry through.
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LF Status Working Searching |Wants Work |Not in LF
Black Males, 20-34 1993 49.08 14.83 12.6 23.49
2003 38.58 26.55 17.93 16.94
change, 1993-2003 -10.5 11.72 5.33 -6.55
Black Males, 35-60 1993 76.09 7.95 7.61 8.35
2003 63.61 13.6 8.95 13.83
change, 1993-2003 -12.48 5.65 1.34 5.48
Black Females,20-34 1993 33.21 13.88 16.55 36.36
2003 24.9 27.8 27.67 19.63
change, 1993-2003 -8.31 13.92 11.12 -16.73
Black Female,35-60 1993 47.71 8.24 10.44 33.61
2003 47.08 11.94 14.45 26.53
change, 1993-2003 -0.63 3.7 4.01 -7.08
Coloured Males,20-34 1993 70.61 18.03 2.62 8.74
2003 63.96 20.56 7.19 8.29
change, 1993-2003 -6.65 2.53 4,57 -0.45
Coloured Males,36-60 1993 76 8.48 2.11 13.41
2003 68.98 8.53 4.4 18.09
change, 1993-2003 -7.02 0.05 2.29 4.68
Coloured Females,20-34 1993 54.79 16.66 5.2 23.35
2003 50.2 20.03 13.58 16.2
change, 1993-2003 -4.59 3.37 8.38 -7.15
Coloured Females,35-60 1993 45.81 5.8 2.92 45.48
2003 49.4 8 6.38 36.22
change, 1993-2003 3.59 2.2 3.46 -9.26
White Males, 20-34 1993 87.9 3.15 0.93 8.02
2003 81.43 5.49 1.64 11.45
change, 1993-2003 -6.47 2.34 0.71 3.43
White Males,35-60 1993 91.15 2.33 0.45 6.08
2003 87.99 2.71 0.75 8.55
change, 1993-2003 -3.16 0.38 0.3 2.47
White Females,20-34 1993 63.38 5.68 4.12 26.83
2003 67.5 6.32 3.05 23.12
change, 1993-2003 4.12 0.64 -1.07 -3.71
White Females,35-60 1993 53.43 3.68 4.7 38.18
2003 60.26 2.67 2.48 34.59
change, 1993-2003 6.83 -1.01 -2.22 -3.59

Table 1: South African Unemployment
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Time since last job
LF Status Unemployed |% Never Work| <1 year 1-3years | 3years +
Black Males, 20-34 1993 27.43 59.09 29.21 41.16 29.62
2003 44.48 79.75 41.6 34.35 24.05
change, 1993-2003 17.05 20.66 12.39 -6.81 -5.57
Black Males, 35-60 1993 15.56 25.68 20.83 33.14 46.04
2003 22.55 31.35 15.93 17.31 66.76
change, 1993-2003 6.99 5.67 -4.9 -15.83 20.72
Black Females,20-34 1993 30.43 66.66 28.96 44.25 26.79
2003 55.47 80 34.6 33.12 32.27
change, 1993-2003 25.04 13.34 5.64 -11.13 5.48
Black Female,35-60 1993 18.68 45.39 20.48 35.27 44.25
2003 26.39 49.83 13.43 18.98 67.58
change, 1993-2003 7.71 4.44 -7.05 -16.29 23.33
Coloured Males,20-34 1993 20.65 36.57 39.71 47.94 12.35
2003 27.75 52.08 50 31.6 18.4
change, 1993-2003 7.1 15.51 10.29 -16.34 6.05
Coloured Males,36-60 1993 10.59 11.55 41.89 41.44 16.67
2003 12.93 20.45 22.65 18.53 58.82
change, 1993-2003 2.34 8.9 -19.24 -22.91 42.15
Coloured Females,20-34 1993 21.86 40.83 36.5 51.75 11.75
2003 33.61 43.4 39.9 33.84 26.26
change, 1993-2003 11.75 2.57 3.4 -17.91 14.51
Coloured Females,35-60 1993 8.72 21.19 33.33 44.09 22.58
2003 14.38 23.63 13.83 18.01 68.17
change, 1993-2003 5.66 2.44 -19.5 -26.08 45.59
White Males, 20-34 1993 4.08 23.76 53.25 45.24 4.76
2003 7.13 68.99 52.17 39.13 8.7
change, 1993-2003 3.05 45.23 -1.08 -6.11 3.94
White Males,35-60 1993 2.78 2.86 53.92 32.35 13.73
2003 3.46 12.79 20.57 26.24 53.19
change, 1993-2003 0.68 9.93 -33.35 -6.11 39.46
White Females,20-34 1993 9.8 18.56 26.51 34.42 39.07
2003 9.37 55.59 20.57 26.24 53.19
change, 1993-2003 -0.43 37.03 -5.94 -8.18 14.12
White Females,35-60 1993 8.38 6.85 24.41 27.09 48.49
2003 5.15 41.38 30.89 36.59 32.52
change, 1993-2003 -3.23 34.53 6.48 9.5 -15.97

Table 2: Duration of Unemployment
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probit, wage work Primary Ed, 1993 Primary, 2003 |Secondary Ed, 1993 Secondary, 2003 |% change, Secondary

Black Males, 20-34 -0.0296%** -0.0014 -0.0021 -0.008** 2.8095
0.0034 0.0051 0.0039 0.0034

Black Males, 35-60 -0.0023 0.0038 0.0486*** 0.0126%** -0.7407
0.0027 0.0034 0.0050 0.0038

Black Females, 20-34 -0.0030 0.0007 0.0319*** 0.0000 -1.0000
0.0024 0.0038 0.0026 0.0027

Black Females, 35-60 0.0082%** 0.0072%* 0.083*** 0.0285*** -0.6566
0.0023 0.0027 0.0040 0.0030

Coloured Males, 20-34 -0.0051 0.0259 0.0459*** 0.0141 -0.6928
0.0068 0.0170 0.0069 0.0107

Coloured Males, 35-60 -0.0001 -0.0065 0.0626*** 0.0243*** -0.6118
0.0053 0.0093 0.0082 0.0092

Coloured Females, 20-34 0.0163*** 0.0133 0.0603*** 0.0353*** -0.4146
0.0061 0.0155 0.0065 0.0102

Coloured Females, 35-60 0.0218%** 0.0163* 0.0876*** 0.0473*** -0.4600
0.0051 0.0093 0.0078 0.0082

White Males, 20-34 0.0146 -0.019** 0.0246 -2.2947
0.0274 0.0078 0.0396

White Males, 35-60 0.0247 0.0034 -0.0022 -1.6471
0.0213 0.0055 0.0317

White Females, 20-34 0.0269 0.0665 0.0607*** 0.0387 -0.3624
0.0246 0.1074 0.0080 0.0454

White Females, 35-60 0.0121 0.0467*** 0.0100 -0.7859
0.0241 0.0056 0.0282

Table 3: Employment returns to Educaton
*estimated marginal effects of eduction from a probit on waged work. Domestic work and

self-employment are excluded. All estimates are conditional on urbanization and a quadratic in

age
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Males Females

mean std. dev. mean std. dev
Black 0.5049 0.5000 0.5335 0.4989
Age 18.8321 2.6253 | 18.9496 2.5853
Father in Prov 0.6403 0.4800 0.6080 0.4882
Father in HH 0.4298 0.4951 0.3769 0.4846
Father Works 0.4377 0.4961 0.4214 0.4938
Mother in Prov 0.7941 0.4044 0.7797 0.4145
Mother in HH 0.6945 0.4607 0.6461 0.4782
Mother Works 0.4523 0.4978 0.4393 0.4963
Respondent Works 0.2483 0.4321| 0.1814 0.3854
In School 0.4401 0.4965 0.4448 0.4970
Grades Completed 9.5772 3.6501 | 10.1346 3.4257
Found job:
Through network 0.1374 0.3443 0.0880 0.2833
By Self 0.0693 0.2540 0.0606 0.2387

Table 4: Summary Statistics
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Father's Industry

Child's Industry Sons Sons Sons Daughters |Daughters |Daughters
Informal Senvices 0.0001 0.0853***  0.0948 -0.0011 0.0240 0.0040
0.0198 0.0803 0.0736 0.0175 0.0388 0.0311
Agriculture 0.0487**  |0.1526***  |0.1509*** |0.0561*** |0.0785*** |0.0258
0.0230 0.0223 0.0216 0.0203 0.0204 0.0181
Manufacturing 0.0100 0.1129*+*  10.1167*** |0.0094 0.0361** 0.0188
0.0108 0.0197 0.0190 0.0099 0.0139 0.0120
Resources 0.2110*** |0.2156***  |0.2152*** |-0.0004
0.0162 0.0223 0.0220 0.0140
Construction 0.0152 0.1216**  |0.1231** |0.0092 0.0294** |0.0162
0.0113 0.0199 0.0191 0.0097 0.0122 0.0110
Retail 0.0124 0.1185**  |0.1177*** |0.0116 0.0376*** |0.0206*
0.0111 0.0200 0.0192 0.0108 0.0146 0.0125
Transportation 0.0136 0.1097**  10.1121** |0.0141 0.0330** |0.0202
0.0144 0.0205 0.0199 0.0122 0.0153 0.0132
Business 0.0011 0.0934**  10.0982*** 0.0141 0.0429** |0.0261
0.0203 0.0257 0.0249 0.0172 0.0186 0.0156
Senvices 0.0212* 0.1169*** |0.1120*** |0.0072 0.0327** |0.0179
0.0117 0.0194 0.0187 0.0108 0.0146 0.0125
N 605 292 292 568 289 289
Excluding unemployed Parents |No Yes Yes No Yes Yes
Race, Age, Ed Fixed Effects |No No Yes No No Yes
F-test: all Industries 178.16 139.8 140.34 10.5 17.77 4.59
p-value 0.0000 0.0000 0.0000 0.3116 0.0230 0.8007
F-test: All but agriculture 174.67 120.64 123.47 3.75 9.84 4.16
p-value 0.0000 0.0000 0.0000 0.8793 0.1981 0.7612

Table 5: Correlations between Fathers’ Industries and Childrens’ Industries
*Seemingly unrelated regressions of dummies for the child’s one-digit industry at baseline on
dummies for the father being in that industry and the listed covariates.
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Mother's Industry
Child's Industry Sons Sons Sons Daughters |Daughters |Daughters
Informal Senvices 0.0052 0.0286 0.0092 0.0312* 0.1495*** |0.1267***
0.0102 0.0193 0.0210 0.0165 0.0252 0.0257
Agriculture -0.0006 0.0196 -0.0006 0.5175*** 10.6495*** |0.5891***
0.0252 0.0309 0.0352 0.0456 0.0491 0.0748
Manufacturing 0.0031 0.0314 0.0085 0.0335**  |0.1858*** |0.1707
0.0072 0.0193 0.0206 0.0155 0.0276 0.0280
Resources -0.0010
0.0241
Construction 0.0111 0.0473 0.0244 0.0005 0.0746 0.0426
0.0346 0.0451 0.0560 0.0593 0.0737 0.0714
Retail 0.0034 0.0303 0.0138 0.0250 0.1884*** |0.1747***
0.0081 0.0200 0.0210 0.0196 0.0312 0.0300
Transportation 0.0003 0.0236 0.0084 0.0003 0.0553 0.0349
0.0583 0.0724 0.0721 0.0492 0.0517 0.0484
Business -0.0014 0.0216 0.0082 0.0641 0.2037*** |0.1858***
0.0191 0.0290 0.0312 0.0424 0.0510 0.0465
Senvices 0.0005 0.3974 0.0045 0.0186 0.1617** |0.1385
0.0074 0.0189 0.0201 0.0164 0.0274 0.0263
N 605 282 282 568 260 260
Excluding unemployed Parents |No Yes Yes No Yes Yes
Race, Age, Ed controls No No Yes No No Yes
F-test: all Industries 0.61 3.29 0.85 136.14 201.88 93.64
p-value 0.9999 0.9148 0.9990 0.0000 0.0000 0.0000
F-test: All but agriculture 0.60 3.29 0.80 9.94 57.67 45.36
p-value 0.9997 0.8570 0.9975 0.1922 0.0000 0.0000

Table 6: Correlation between Mothers’ and Childrens’ Industries
*Seemingly Unrelated regressions of dummies for the child’s industry at baseline on dummies for
the mother being in that industry and the listed covariates
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Work 1 2 3 4 5 6
Log Employment, Father's Industry (FEmp)|-0.0093 |-0.0921 |-0.0927 |-0.0139 |-0.0146 |-0.0032
0.0236 |0.0329 |0.0928 |0.1196 |0.1195 |0.1194
Male*FEmp 0.1677*** -0.1984 |-0.1959 |-0.1805
0.0465 0.1889 |0.1888 |0.1885
Father in Province*FEmp 0.0889 -0.0846 |-0.0826 |-0.0980
0.0957 |0.1242 |0.1241 |0.1240
Male*Father in Province*FEmp 0.3879** |0.3837** |0.3655*
0.1949 |0.1948 |0.1945
Education <8 years 0.0054  |-0.0047
0.0218 |0.233
Years of Education-8, Ed>7 and Ed<12 -0.0298***|-0.0445***
0.0093 |0.0105
More than 12 years of Education 0.2189  |0.3148***
0.0822 |0.0916
Age fixed effects No No No No No Yes
Separate time fixed effects by race No No No No No Yes
no obs 11028 11028 11028 11028 11016 11016
I 4127 4127 4127 4127 4122 4122
F-test: Male effect 8.35 8.2 7.93
p-value 0.0002 |0.0002 |0.0004
F-test: Female effect 4.17 4.06 4.41
p-value 0.0155 |0.0173 |0.0121
Table 7: Baseline results — Fathers
Net Job Self Job Net Job Self Job
FEmp -0.0945 0.0901 -0.0780 0.0624
0.0987 0.0762 0.0964 0.0761
Male*FEmp -0.1707 0.0032 -0.1131 -0.0208
0.1559 0.1204 0.1534 0.1395
Father in Prov*FEmp 0.0739 -0.0894 0.0328 -0.0682
0.1025 0.0791 0.1005 0.0793
Male*Father in Prov*FEm( 0.2586 0.0074 0.2286 0.0558
0.1608 0.1242 0.1589 0.1436
Excluding Other jobs? No No Yes Yes
no obs 11028 11028 9891 9393
| 4127 4127 3989 3896
F-stat: Male Effect 3.06 0.06 4.14 0.54
p-value 0.0468 0.9416 0.0159 0.5832
F-Stat: Female Effect 0.72 0.7 1.52 0.37
p-value 0.4857 0.4958 0.2188 0.691

Table 8: Network Jobs and Self-Sought Jobs
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Mothers Work Work Work Net Job Self Job
Log Employment, Mother's industry (MEmp)0.0045 0.0099 0.0137 0.0163 0.0175
0.0342 0.0342 0.0344 0.0282 0.0218
Male*MEmp 0.0528 0.0380 0.0422 0.0168 0.0008
0.0514 0.0516 0.0516 0.0426 0.0329
Log Employment, Father's Industry (FEmp) -0.0924*** 1-0.0914*** |-0.0265 0.0066
0.0329 0.0329 0.0272 0.0210
Male*FEmp 0.1637*** |0.1609*** |0.0741* 0.0074
0.0467 0.0466 0.0385 0.0297
Education <8 years 0.0038
0.0218
Years of Education-8, Ed>7 and Ed<12 -0.0299
0.0093
More than 12 years of Education 0.2132
0.0823
Obs 11028 11028 11028 11028 11028
Unique Individuals 4127 4127 4127 4127 4127

Table 9: Impacts of Mothers as Connections




1 2 3 4
FEmp -0.2135 -0.2286 -0.2345 -0.2354
0.1526 0.1563 0.1662 0.1698
Father in Prov*FEmp 0.3023* | 0.3482** | 0.3609** | 0.3736**
0.1564 0.1612 0.1711 0.1748
Log Emp., historical indus 0.0262 0.0263 0.0254
0.0686 0.0686 0.0687
Father in Prov*Hist Emp -0.0921 -0.0919 -0.0888
0.0776 0.0776 0.0778
Coarse Occupation Emp 0.0082 0.0070
0.0791 0.1080
Father in Prov*Coarse Emp -0.0200 -0.0536
0.1109
Fine Occupation Emp 0.0034
0.1239
Father in Prov*Fine Emp 0.0631
0.1279
no obs 4993 4993 4993 4979
| 1845 1845 1845 1845
F-test: Network Effect 4.10 5.64 5.76 6.42
0.1670 0.0036 0.0032 0.0016
F-test: Specific Capital 1.68 0.95 1.33
0.1865 0.4361 0.2411

Table 10: Specific Capital examination
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Work 1 2 3 4 5 6
FEmp 0.0736** | -0.2135 -0.2109 -0.2150 -0.2156 -0.2093
0.0349 0.1526 0.1527 0.1522 0.1527 0.1524
Father in Province*FEmp 0.3022* | 0.3241* | 0.3283** | 0.3576** | 0.3476**
0.1564 0.1595 0.1590 0.1629 0.1626
log Employment, Male Head Indus -0.0347 -0.0308 0.0266 0.0444
0.0492 0.0492 0.0778 0.0780
Father in Prov*Male Head Emp -0.1021 -0.1219
0.1004 0.1005
neighborhood youth employment rate 0.1726*** 0.2006***
0.0404 0.0774
Father in Prov*Neighbor Emp Rate -0.0390
0.0893
Log Employment, Modal Industry -0.0485 -0.1220**
0.0312 0.0506
Father in Prov* Modal Indus Emp 0.1128*
0.0613
no obs 4993 4993 4993 4993 4993 4993
| 1845 1845 1845 1845 1845 1845
F-test: Father Effect 4.10 3.62 3.69 4.10 3.89
p-value 0.0167 0.0268 0.0250 0.0167 0.0205
F-test: all network 2.90 6.03 2.43 4.36
p-value 0.0339 0.0000 0.0456 0.0000
F-test: Father in Prov*other network 1.57
p-value 0.1943

Table 11: Correlated Networks
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netjob |netjob |netjob |selfjob |selfjob |[selfjob
FEmp -0.2706**-0.2773**-0.2797**0.0929 |0.0926 |0.0943
0.1343 |0.1341 |0.1343 |0.0951 |0.0952 |0.0953
Father in Prov*FEmp 0.3339** |0.3249** |0.3647** |-0.0816 |-0.0653 |-0.0798
0.1377 |0.1400 |0.1433 |0.0975 |0.0994 |0.1017
Log Employment, Male Head Indus 0.0213 |0.1059 -0.0255 |-0.0483
0.0433 |0.0687 0.0308 |0.0488
Father in Prov*Male Head Emp -0.1400 0.0386
0.0886 0.0628
Neighborhood Youth Employment Rate 0.1371**40.1044 0.0248 |0.0903*
\ 0.0356 |0.0684 0.0252 |0.0484
Father in Prov*Neighborhood Emp Rate 0.0442 -0.0891
0.0787 0.0559
Log Employment, Modal Industry -0.0155 |-0.0307 0.0099 |-0.0075
0.0275 |0.0446 0.0195 |0.0317
Father in Prov*Modal Indus Emp 0.0230 0.0271
0.0540 0.0383
Obs 4993 4993 4993 4993 4993 4993
I 1845 1845 1845 1845 1845 1845
F-test: Father effect 4.09 2.79 3.61 0.60 0.84 0.57
p-value 0.0168 |0.0616 |0.0272 |0.5488 |0.4317 |0.5651
F-test: All networks 4.77 3.34 0.60 0.81
p-value 0.0002 |0.0008 0.7029 |0.5901
F-test: father in provtother networks 0.96 1.18
p-value 0.4128 0.3170

Table 12: Robustness Checks with Job Search Channels

Non-Attritors in 2002  |Attritors in 2002

Mean SD Mean SD
Black 0.4766 0.4995 0.6688 0.4709
Female 0.5423 0.4983 0.5899 0.4921
Age 17.7199 2.4665 18.4848 2.4025
Works 0.1959 0.3969 0.1665 0.3727
Father in Province 0.6595 0.4739 0.4984 0.5003
Father Working 0.4439 0.4969 0.3796 0.4855
Mother in Proviche 0.8343 0.3718 0.6246 0.4845
Mother Working 0.4643 0.4988 0.3817 0.4861
Network Job 0.1025 0.3033 0.0674 0.2509
Self-sought Job 0.0428 0.2023 0.0295 0.1693
N 3181 949

Table 13: Attrition Summary Statistics
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FEmp 0.0908 -0.0015 0.1331 -0.0438
0.1127 0.0947 0.1066 0.1048
Male*FEmp -0.2226 -0.1611 -0.2057 -0.1779

0.1844 0.1550 0.1744 0.1715
Father in Province*FEmp |-0.2540** |-0.0714 -0.2550** |-0.0704
0.1186 0.0997 0.1122 0.1103
Male*Father in Prov*FEmp |0.4482** |0.3291** |0.3796** |0.3977**
0.1918 0.1612 0.1815 0.1784

Obs 12387 12387 12387 12387
I 4129 4129 4129 4129
F-test: Male Effect 9.80 7.65 6.71 10.48
p-value 0.0001 0.0005 0.0012 0.0000
F-test: Female Effect 9.68 2.63 6.62 5.35
p-value 0.0001 0.0723 0.0013 0.0048

Table 14: Attrition Robustness

work Instrument F-stat |work Instrument F-stat
Log Employment, Fathers Industry (FEmp) -0.1370 292.41 -0.1736 135.32
0.1224 0.4374
Male*FEmp 0.3161* 304.88 -0.0199 155.44
0.1696 0.7499
Father in Prov*FEmp 0.0399 148.65
0.4555
Male*Father in Prov*FEmp 0.3361 158.44
0.7704
Regression Based Hausman test p-value 0.6082 0.7911
no obs 11028 11028
I 4127 4127

Table 15: Instrumental Variables Results
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Working

FEmp -0.3317 -1.1614** |-0.7261 0.1483
0.2792 0.4145 1.3384 1.809
Male*FEmp 1.6032** -1.0628
0.5736 3.0526
Father in Province*FEmp 0.3879 -1.4057
1.3671 1.8583
Male*Father in Prov*FEmp 2.8353
3.1096
Education <8 years -0.4652 -0.3837 -0.4574 -0.3652
0.5222 0.5204 0.5219 0.5204
Years of Education-8, Ed>7 and Ed<12-0.0751 -0.0684 -0.0736 -0.0605
0.1708 0.1717 0.171 0.1722
At least 12 years of Education -1.6979** |-1.7166** |-1.6555** |-1.6059
0.8006 0.8078 0.802 0.8106
Wald test: Male Effect 71.21
p-value 0
Wald test: Female Effect 4.677
p-value 0.0965
Schooling
FEmp -0.0485 0.0341 1.0742 0.5352
0.2713 0.3712 0.8926 0.9937
Male*FEmp -0.0657 2.0954
0.5395 2.3701
Father in Province*FEmp -1.2389 -0.5936
0.9341 1.0686
Male*Father in Prov*FEmp -2.2105
2.4378
Education <8 years -0.3916 -0.391 -0.3943 -0.3938
0.2336 0.234 0.2339 0.2343
Years of Education-8, Ed>7 and Ed<120.7237** |0.7239*** |0.7221*** |0.7225
0.1086 0.1086 0.1086 0.1087
At least 12 years of Education 2.5532*+* |2 5692*** |25408*** |2.5333**
0.5682 0.5685 0.569 0.5695
Wald test: Male Effect 66.188
p-value 0
Wald test: Female Effect 1.0031
p-value 0.6056

Table 16: Multinomial Conditional Logit results
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Fathers Here and Working |Other Households

Household Per Capita Income 899.99 526.29
965.16 676.99

Years of Education 9.01 8.90
1.96 2.09

Test Score 26.68 24.21
7.96 8.25

Household Members 5.64 5.71
2.22 2.75

Enrolled in School 0.67 0.58
0.47 0.49

Table 17: Comparison of Households with Network advantage to those without

Baseline Results

FEmp -0.0139
Unadjusted Std. Dev. 0.1195
Adjusted Std. Dev 0.1251
Male*FEmp -0.1984
Unadjusted Std. Dev. 0.1888
Adjusted Std. Dev. 0.1915
Father in Prov*FEmp -0.0846
Unadjusted Std. Dev 0.1241
Adjusted Std. Dev 0.1251
Male*Father in Prov*FEmp 0.3897
Unadjusted Std. Dev 0.1948
Adjusted Std. Dev 0.2033
num obs 11028
unique individuals 4127

Wald: Males, Unadjusted Variance 16.7240

p-value 0.0002
Wald: Males, Adjusted Variance 9.9406
p-value 0.0069
Wald: Females, Unadj. Variance 8.3470
p-value 0.0154
Wald: Females, Adjusted Variance 6.3832
p-value 0.0362

Table 18: Baseline Estimates with Unadjusted and Murphy-Topel (1985) Standard Errors
*Coefficients are not yet adjusted for attenuation bias induced by the sampling error
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