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Abstract

Unemployment is mainly used as the indicator for labour underutilization. Underem-
ployment is higher than the unemployment rate in 65% of the African countries (ILO,
n.d.). Kenya’s unemployment rate is 7.4%, underemployment rate- 20.4% (KNBS, 2018).
The use of the unemployment aspect to measure the unmet need for employment fails
to provide a comprehensive picture of the labour market. There is a need to complement
unemployment with underemployment, thus providing a full view of labour underutiliza-
tion. Understanding the determinants of underemployment by measuring remuneration
and time worked as key quality aspects is important to provide crucial information about
the state of the labour market indicator for improved analysis. The main objective of this
study is to model the determinants of underemployment among youths in Kenya. The
study focused on the visible and invisible forms of underemployment among the youths
aged 15-34 years. The study utilizes the secondary cross-sectional data obtained from
the Kenya Integrated Household and Budget Survey (KIHBS) 2015/16. The response vari-
ables for this study are visible underemployment and invisible underemployment. The
explanatory variables in this study include gender, education level, age, employment sec-
tor, residence and marital status. The binary logistic regression model is used to analyze
the data in this study. The study �ndings reveal 11.9% of youths in Kenya are visibly
underemployed, while 75% of the youths in Kenya are invisibly underemployed. The
model �ndings show that gender, age categories for 30-34 and 25-29 years, education sec-
ondary category, private formal sector, informal sector and residence are signi�cant deter-
minants of visible underemployment among youths in Kenya. The results also show that
gender, age, education categories (post-secondary, college and post-primary vocational),
residence, employment sector and marital status (never married category) were signi�-
cant determinants of invisible underemployment among youths in Kenya. The �ndings
inform the need for policy interventions focusing on stimulating the growth of the formal
sector, promoting gender equality at work, promoting education and skills enhancements
and government enforcement of compliance to minimum wage policy to help address the
underemployment problem.
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1 Chapter 1: Introduction

The aim of this thesis is to model the determinants of visible and invisible underemploy-
ment among youths in Kenya.

The thesis outline is as follows: chapter one includes the introduction capturing sections
such as the background of the study, statement of the problem, objectives and signifi-
cance of the study. The second chapter captures the literature review, which encompasses
the theoretical review, empirical literature and Kenya specific review. The third chapter
in the thesis contains the methodology capturing data sources, data variables and data
validation, theoretical model/empirical model, parameter estimation and goodness of fit
tests. The fourth chapter captures data analysis and results. The fi�h chapter captures
the conclusion, recommendations and areas of further research.

1.1 Background of the Study

Under-employment is defined as any sort of employment that is unsatisfactory in terms
of aspects such as insu�icient hours, insu�icient use of one’s skills and compensation
(ILO, n.d.). There are two categories of under-employment, including the visible and
invisible under-employment. Visible underemployment is associated with insu�icient
hours of work. Invisible underemployment refers to the situation where individuals who
are working in jobs where labour resources are not adequately utilized. Invisible under-
employment leads to outcomes such as low productivity, skills underutilization and low
income. Under-employment involves a comparison of the current employment situation
of an individual with an alternative employment situation that one is willing to carry out.
Time-related underemployment has been used as a framework for measuring underem-
ployment, considering individuals who usually work less than the selected threshold,
which is 40 hours in the reference week (ILO, n.d.). The willingness of the individuals
to work additional hours during the reference week is an aspect considered in the mea-
surement of time-related underemployment. The availability of the individuals to work
extra hours when provided with an opportunity for additional work is considered. The
definition of underemployment is done using the criteria that are analogous to employ-
ment and unemployment definitions. Labour underutilization refers to the mismatch
between demand and supply in the market resulting in failure to meet the employment
need in the population. Underemployment is a global problem a�ecting the employed
persons facing labour underutilization. According to ILO (2018), the rate of underemploy-
ment was higher than the unemployment rate in approximately 40 of the 114 countries.
Such shows how inadequate jobs is a real problem in labour underutilization. Underem-
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ployment as a measure of labour underutilization is a significant problem in Africa. The
rate of underemployment is higher than that of unemployment in 65% of the African
countries. The case is di�erent for European countries at 14% and countries in Amer-
ica at 43%. Most African countries are developing, and the economic aspects influence
widespread underemployment compared to unemployment. Individuals are compelled
to take undesired work in the absence of savings and su�icient unemployment benefits
in developing countries, thus leading to higher underemployment rates. The developing
countries, which are characterized by informality and segmented labour markets, also
explain the high underemployment rates that surpass unemployment. The data shows
that underemployment is a predominant form of labour underutilization which calls for
more focus on this aspect. According to International Labor Organization (2021), the un-
employment rate in the Kenyan population was 2.98%, which was a rise from 2.59%in
2019. The youth unemployment rate had risen from 7.17% in 2018 to 7.19% in 2019 (ILO,
2021). In Kenya,about 20.4% of the total population is underemployed based on 2015/16
Kenya Integrated Household and Budget Survey (KIHBS) data, which had risen five times
compared to the findings from the 1998/99 KIHBS survey (Vuluku et al., 2013). Despite
the levels of unemployment among youths in the country, which stood at 7.19% in 2019,
those in employment work in low productive jobs thus underemployed. Such make it
cumbersome to utilize their skills and meeting their needs (Kippra, 2009). Findings from
the Economic Survey of 2020 (KNBS, 2020) reveals that approximately 83% of the jobs in
Kenya are in the informal sector. Most of the jobs in the informal sector tend to be poor
quality employment situations mainly due to earning levels. In Kenya, a person is said
to be time-related underemployed if working less than 28 hours in the reference week
(KNBS, 2018). According to (Kippra 2009), many people, approximately 69.8% who are
underemployed, are poor. The income earned by the underemployed people has poor
prospects of improvement while incomes are barely beyond subsistence. Such shows the
detrimental impact that underemployment can have on individuals. Lack of decent work
or quality work opportunities has led to disparities in the Kenyan labour market. De-
spite the statistic available on unemployment, they are not enough to understand the
deficiencies in the labour market. Studies conducted on underemployment have mainly
focused on time-related underemployment. However, there is also the need to explore the
earnings of individuals in the reference week to measure the invisible underemployment
situation.

1.2 Statement of the Problem

Youth unemployment is a significant problem in Kenya, currently at 7.19% in 2019 (ILO,
2021). Despite the employment rate for the total labour force, which stands at 2.98%,
those in employment are also unable to reach their full capacity and productivity, as
evidenced by the underemployment rate, which is at 20.4% for the Kenyan population
based on the 2015/16 KIHBS survey (KNBS, 2018). Unemployment is mainly used as the
measure for understanding the ine�iciencies in the labour market. However, unemploy-
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ment is a limited measure for under-utilization since it fails to provide insights regarding
job quality, income inequality, and inadequate working time in the labour market. There
is a need to adopt the underemployment measure to help in complementing the unem-
ployment rate for measuring labour under-utilization. Studies have been conducted to
explore the determinants of unemployment. However, few studies have been carried out
to explore the determinants of underemployment as a key measure for under-utilization
in the labour market. The studies conducted on underemployment have mainly focused
on the general population with li�le consideration of the situation among the youth. The
few studies conducted have not explored both the visible and invisible unemployment de-
terminants, thus limiting the formulation of e�ective policies geared towards addressing
the issue of underemployment among youth in Kenya. This study examines the determi-
nants of underemployment among the youth population in Kenya. The study has used
the latest Kenya Integrated Household Budget Survey 2015/16 to carry out the assess-
ment. It focuses on both the visible and invisible determinants of underemployment,
providing a wider understanding of labour under-utilization among the youth.

1.3 Objectives

1.3.1 General Objective

To model the determinants of underemployment among youths in Kenya.

1.3.2 Specific Objectives

1. To identify the determinants of visible underemployment among youths in Kenya.

2. To identify the determinants of invisible underemployment among youths in Kenya.

1.4 Significance of the Study

The Sustainable development goal (SDG) number 8 calls for decent work and economic
growth. According to the Kenya Decent Work Program under the Vision 2030 frame-
work, one of the major goals is to improve access to decent and productive employment
opportunities among citizens. This study will inform on the key determinants of under-
employment thus revealing the factors that can be addressed to handle the problem. The
findings from this study are critical towards informing policy formulation and interven-
tions needed for improving e�iciency in the labor market by providing decent jobs to
youths and utilize their full capacity leading to be�er labor productivity.
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1.5 Limitation of the Study

This study has used the data for the KIHBS survey conducted in 2015/16. It limits mod-
elling based on the latest data which would provide a be�er current picture of the labor
market.
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2 Chapter 2: Literature Review

2.1 Preliminaries

In this section, we discuss the literature review focusing on theoretical review, empirical
review and the Kenyan specific review. The section also captures the conceptual frame-
work.

2.2 Theoretical Literature Review

According to the 16th International Conference of Labour Statisticians (ICLS), underem-
ployment is an indicator of productive capacity under-utilization for the employment-
population (ILO, n.d.). Such also captures the individuals arising from the deficient eco-
nomic system both at the local or national levels. A number of theories provide an expla-
nation to the concept of underutilization of productive capacity among employed indi-
viduals. The human capital theory developed by Becker and Mincer seeks to explore the
decision of individuals to invest in human capital, mainly education and training, which
influences wages and salaries. Human capital is a critical physical means of productivity
(Becker, 1962). Education renders individuals more productive by boosting their marginal
product compared to those not educated. Considering the relationship between under-
employment and productive capacity under-utilization, the theory stipulates that more
educated individuals are likely to be more productive, thus less underemployment pos-
sibilities. There is a relationship between di�erences in human capital and productivity
level variances caused by gender, labour market experience and education levels. The
labour force framework is an international recognized model for computations relating
to employment and unemployment. The framework holds that measurements for the
indicators of inadequate employment and underemployment should be based mainly on
the work situations and production capacities as provided by the employed individuals.
The framework developed by Hauser (1974) provided several components for address-
ing the underemployment issue, thus improving the labour force framework provided
by the International Labour Organization. The critical components of the labour utiliza-
tion framework include sub-unemployed, unemployed, low-hour employees, low-income
employees, mismatched employees and those that are adequately employed.

2.3 Empirical Literature Review

Acosta et al. (2018) employed a bivariate probit selection model to examine underemploy-
ment and unemployment among young employees and the business cycle in Spain. The
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study adopted the data from the 2006-2014 labour force survey of Spain. The finding from
the study revealed that there is a negative relationship between every education level and
underemployment. There was a significant relationship between the lowest levels of edu-
cation with underemployment. Lower risks of underemployment were identified among
individuals who had studied health, technology and science courses. The oriented fields
of humanities, arts and education were mainly associated with the increasing probabil-
ity of underemployment. In this case, courses enhancing the work-oriented skills among
youths lowers their risk of underemployment. The study recommends initiatives to ed-
ucate youths about labour market prospects through career guidance to enhance be�er
outcomes in employment and address underemployment concerns.

Hyefouais (2016) adopted the Fairlie decomposition, sample selection and probit models
in investigating the determinants and characteristics of underemployment in Cameroon.
The research used data collected in 2010 by the National Institute of Statistics of Cameroon.
Based on the study results from the probit model, it is estimated that approximately
11.5% of the people in Cameroon are visibly underemployed while the rate of invisible
underemployment is 62.7%. Findings from the study showed that the underemployment
gap between rural and urban employees stood at 26.4%. The di�erences in observable
characteristics influence this gap. The employees with the post-secondary level of edu-
cation had a high rate of underemployment at 23.6% as compared to other groups. The
levels of visible underemployment for the rural and urban workers were 11% and 12.4%
respectively. On the contrary, invisible underemployment for workers in the rural areas
stood at 74% and urban at 44.8%. The visible underemployment was more prevalent in
the public sector at 21% in comparison to the private sector. Results also show that men
are less a�ected by the visible underemployment at 21.7% than their female counterparts
at 27.7%. Similarly, invisibly underemployed women were more at 71.02% as compared
to men at 54.9%. There was a negative relationship between invisible underemployment
and the levels of education, considering that people with higher levels recorded low rates.
High rates of invisible underemployment 81% were recorded among the people with no
education. The probit model results also revealed that location, sex, age, socio-profession
category, employment sector, business sector, and education have a significant e�ect on
underemployment. The study recommends be�er policies focusing on assessing the em-
ployability conditions in the labour market, addressing the gender gap, financing private
investments in rural areas, and the manufacturing sector to address the underemploy-
ment problem in Cameroon.

Gorga and Strobl (2003) conducted an empirical analysis to investigate the incidence of
visible underemployment, a case study of Trinidad and Tobago. Findings from the study
reveal that individuals who are less educated tend to be more prone to underemploy-
ment. Similarly, there is a high prevalence of underemployment in the private sector as
compared to the public sector. The study reveals that full-time employment is more at-
tractive in terms of higher returns, stability and o�ering more working hours as desired
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by workers. In this case, there are be�er benefits associated with full-time employment.
However, only half of the visible underemployed workers get the opportunity for full-time
employment within the set duration of three months.

Mukherjee et al. (2018) conducted a study to measure and analyze underemployment
in India. The study used the Tobit regression model for analysis of the unit-level survey
data of the National Sample Survey Organization o�ice. The study findings revealed that
underemployment levels were higher among individuals that were not self-employed, fe-
male gender and educated, especially with technical education. There were significantly
low levels of underemployment among individuals that are married. Findings also show
that interaction between variables such as male gender, age below 40 years and living
in the urban areas influenced the increased probability of being underemployed. The
interaction of variables age, gender and education also significantly influenced under-
employment. Belonging to the self-employed category also increased the likelihood of
being underemployed compared to being in other categories of employment. A study
conducted by Wilkins (2006) investigated the personal and job characteristics associ-
ated with underemployment using the 2001 Household, Income and Labor Dynamics
in Australia (HILDA) survey. The findings from the multinomial logit model showed that
underemployment is influenced by factors such as labour market history, educational
a�ainment and age e�ects. The number of children in a household had a positive impact
on underemployment rates which can be explained by the constrained working hours fo-
cused more on caring for the children. Results also showed that individuals in part-time
employment are more at risk of underemployment. There is a similarity between the
factors a�ecting unemployment and underemployment, including disability, age, labour
market and education level.

Ruiz et al. (1996) carried out a longitudinal analysis to explore the determinants of three
forms of underemployment, including part-time employment, unemployment and tem-
porary employment. The analysis conducted using the probit model revealed that socio-
economic factors such as educational a�ainment and occupational track are the signif-
icant determinants of underemployment, unemployment and temporary employment
among the youth population. Results also revealed that job search-related actions, age
and gender had no significant impact on future underemployment. There is a di�erence
between the factors that influence part-time employment compared to those determining
temporary employment or unemployment. The study provides policy recommendations
on the need of implementing socio-political and socio-economic driven strategies geared
towards addressing underemployment among young people as they start their careers.

2.4 Kenyan Specific Review

Munga et al. (2012) conducted a study to profile the labor market, focusing on unem-
ployment and underemployment among the youth in Kenya. The study also sought to
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explore the aspects relating to job quality and understanding how education can be used
in addressing inequalities in the Kenyan job market. The study adopted the multinomial
probit model in estimating the youth employment status in Kenya. Findings from a study
conducted by Munga et al. (2012) revealed that about 77% of the youth are engaged in
vulnerable jobs considering that they work less than 28 hours weekly or rather more than
65 hours in the reference week based on the 2009 census survey. There were more youths
in the vulnerable employment at 77% as compared to those who are unemployed at 7%.
There is a negative relationship between age and the probability of being unemployed
compared to the unemployment situation. Education level was a critical factor in ex-
plaining the labour market. About 90% of employees who have a�ained low levels of
education are likely to be underemployed, thus engaging in vulnerable jobs while com-
pared to those who have a�ained higher levels of education such as the university. There
was a positive relationship between marriage and being underemployed. The study also
found that youths in the rural areas in Kenya have a higher probability of being under-
employed than those in the urban areas. There was a high likelihood of females being
unemployed rather than being underemployed as compared to their male counterparts.
The study recommended that education and skill development be prioritized to help in
raising productivity in the informal sector while investing in labour-intensive technolo-
gies to address the dynamics of the Kenyan youth labour market. It is recommended to
implement viable sectoral employment policies to help in creating sustainable employ-
ment opportunities, which are vital in addressing unemployment and underemployment
problem.

A study conducted by Kiiru et al. (2019) investigated the factors that explain disparities
between underemployment or open employment and the ability to secure full employ-
ment with a focus on the youth population in Kenya. The research adopted the multino-
mial logit model approach for analysis using the KIHBS 2005/2006 data. Findings from
the study showed a high likelihood of being underemployed for older youths compared
to younger youths. Results also revealed that female youths are more likely to be un-
deremployed than in full employment compared to their male counterparts. The unem-
ployment situation among the youth in Kenya is gendered due to existing inequalities.
The location aspect also influences the underemployment or full employment status of
the youth. The youth residing in Nairobi were less likely to be underemployed despite
being more exposed to facing open unemployment compared to those living in provinces
such as Western, Ri� valley, and Nyanza. The study revealed that education is a factor
influencing the acquisition of employment among the youth. The paper provides policy
recommendations emphasising the need to implement gendered mainstreaming in the
labour market policies and enhancement of innovations in the education system.

Vuluku et al. (2013) investigated the gender gap analysis of unemployment and under-
employment in Kenya. The study used cross-sectional survey data from the Kenya Inte-
grated Household Budget Survey 2005/06. A binary probit regression analysis was con-
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ducted where the findings revealed that 5.4% of the underemployment probability gap is
explained by female-male variances in household and personal characteristics. Adverse
shocks, age, residence, region, educational level and marital status were the key variables
that influenced the gender gap between males and female in underemployment and un-
employment probabilities. Males had a lower probability of being underemployed (0.025)
compared to their female counterparts at (0.0596). More educated individuals were less
likely to be underemployed while compared to the less educated. The study also revealed
that adverse shocks such as crop loss had a negative impact on underemployment, such
as increasing the gender gap in unemployment and underemployment levels. The study
concluded by providing policy recommendations to target the various locations and age
cohorts in bridging the gender gap while handling underemployment and unemployment
through initiatives such as reducing disparities in access to education.

2.5 Conceptual Framework

Figure 1. Conceptual Framework
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3 Chapter 3: Methods

3.1 Data Source

3.1.1 Sample Selection Description

This study is conducted using the cross-sectional data from the 2015/16 Kenya Integrated
Household Budget Survey (KIHBS). KIHBS is multi-indicator survey for a number of
socio-economic aspects. The particular interest is on the data about labor force char-
acteristics which captures aspects such as unemployment, participation rates and active
population. The data envisages 50 study domains with focus on all forty-seven counties
in Kenya.

This study has focused on the national picture. The household data is used to examine
the determinants of underemployment among youth in Kenya. The sample design con-
siders all the indicators for survey considering that KIHBS is a multi-indicator survey.
Stratification of the frame in each county into urban and rural areas was adopted for
the study. The sample size was independently determined resulting in a national sample
of 24,000 households. The main instruments for data collection include household mem-
ber information questionnaire, household level information questionnaire and household
consumption expenditure information questionnaire. Data was collected from 10 house-
holds in each cluster.

3.1.2 Sampling Frame

National Sample Survey and Evaluation Program (NASSEP V) master frame is the key
sampling frame adopted for collecting data for 2015/16 KIHBS. The sampling approach
was developed by the Population and Housing Census (KPHC). A total of 96,000 Enumer-
ations Areas (EAs) are contained in the sampling frame. There sample is clustered into
5,360 containing 2,792 rural and 2,568 urban areas.

3.1.3 Data Analysis Technique

The R and SPSS so�wares are used in this study.The data in this study is mainly analyzed
using the binary logistic regression model to help in examining the relationship between
the visible and invisible underemployment as the key outcome variables with a number
of explanatory variables. The descriptive statistics technique is also adopted for data
analysis.
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3.2 Data Variables and Validation

There are various questions contained in the household level information questionnaire
that are useful for this study (KIHBS). These questions are especially useful for selection
of the response variables needed for estimation.

Visible Underemployment

1. How many hours does Name usually work per week in all these activities (labor ac-
tivities)?

2. During the last 7 days, would Name have wanted to work for pay/profit more hours
than he/she actually worked in the primary main job?

3. If [NAME] was o�ered a job how soon would he/she be available to start work?

The response variable is Visible Underemployment categorized as 1=Yes and 2=No.

Invisible Underemployment

1. How much was Name’s payment for wages and salary last one month?

The response variable is invisible underemployment categorized as 1=Yes and 0=No.

The inclusion criteria of the respondents from the KIHBS 2015/16 data is based on the
following aspects.

1. The respondents aged between 15-34 years.

2. A person who participated in the labor force.
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Variables Description

Table 1. Response variables

Dependent variable Description Value labels

Visible Underemployment

It is the time related
underemployment
comprising of employ-
ees who were willing to
work additional hours,
were available to do so
and had worked less
than 28 hours in the
reference week

It is a binary variable assigned the
dummy variables.
1= Employees who are visibly un-
deremployed and
0 = if otherwise

Invisible Underemployment

Corresponds to the
situation under which
the employee receives
earnings that are lower
than the minimum
monthly wage (Ksh.
13,572) in the reference
month.

The variable is binary assigned the
dummy variables.
1= Employees who are invisibly un-
deremployed.
0 = Otherwise
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Table 2. Independent variables

Independent variables Description variables Value labels

Sex
The gender a�ribute of the
employee

It is a dummy variable
1=Female
0=Male

Education
The variable shows the level
of education qualification of
the employees

Dummy variables are generated in ac-
cordance with the level of education.
0=Pre-primary(reference variable)
1=Primary
2=Post-Primary(Vocational)
3=Secondary
4=Post-secondary(College,University)

Residence

The variable represents the
place where the employee
lives which can be a key de-
terminant of underemploy-
ment

The variable is assigned dummy vari-
ables.
1=Urban,
0=Rural

Age

It is the age category of the
youth employees which can
be a key determinant of un-
deremployment status

Dummy variables created for age.
0=15-19 years(reference variable)
1=19-24 years
2=25-30 years
3=26-34 years

Marital status

The variable represents the
marital status of the employ-
ees which can be a determi-
nant for underemployment
among the youth

The dummy variables are created.
0=Monogamous Married(reference
variable)
1=Polygamous Married
2=Living together
3=Separated
4=Divorced
5=Widow or Widower
6=Never Married

Employment sector
The variable refers to the sec-
tor category under which the
youth worker falls.

Dummy variables created include:
1=Public sector(reference variable)
2=Private sector (formal)
3=Informal sector.
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3.3 Binary Logistic Model

The binary logistic model is used for modelling situations where the response is binary
while the predictor or explanatory variables can be categorical or continuous (Abonazel
et al., 2018). The assumption is made for only two values which are assigned the values
0 and 1.is considered to depend on the X̄ which is a vector of explanatory value. The
probability of being in any conditions of yi will be between the values 0 and 1. Yi follows
a bernoulli distribution.

yi =

{
1 if underemployed

0 otherwise
(1)

Pr = (Yi = 1) = πi and Pr = (Yi = 0) = 1−πi (2)

The expected value and variance of Yi are given by,

E(Yi) = µi = πi (3)

and

Var(Yi) = σ
2
i = πi(1−πi). (4)

The Bernoulli distribution can be wri�en as

Pr {Yi = yi}= π
yi
i (1−πi)

1−yi (5)



15

3.4 Model Transformation

Suppose there are k independent observations yi, . . . ,yk , we assume Yi has a binomial
distribution when the ith observation is treated as a realization of the random variable Y .
Therefore,

Yi ∼ B(ni,πi) (6)

Where

ni = binomial denominator and

πi = probability with the individual data

ni = 1 for all i

The regression equation can be created through log transformation of the πi - values to a
distribution form. The log transformation of πi which is now the log distribution is also
identified as logit (πi). The logit (πi) is defined to be the log to base e of the likelihood
ratio that the response variable is 1.

Suppose the logit of the underlying probability πi is a linear function of the predictors.
The function is defined as,

logit(πi) = ln
(

πi

1−πi

)
= x′iβ (7)

where πi can range from 0 to 1. i = 1,2,3, . . . ,n

logit(πi) = ln
(

πi

1−πi

)
= β0 +β1X1 +β2X2 + · · ·+βkXk (8)

where β0 +β1X1 +β2X2 + · · ·+βkXk = x′iβ
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Solving for πi in the logit model

logit(πi) = x′iβ(
πi

1−πi

)
= exp

(
x′iβ
)

πi = (1−πi)
(
exp
(
x′iβ
))

πi = 1
(
exp
(
x′iβ
))
−πi

(
exp
(
x′iβ
))

πi +πi
(
exp
((

x′iβ
)))

= exp
(
x′iβ
)

πi
(
1+ exp

(
x′iβ
))

= exp
(
x′iβ
)

πi =
exp(x′iβ )

1− exp
(
x′iβ
)

The function gives a logistic curve.

Figure 2. Logistic regression curve
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Odds
The odds of occurrence of an event is defined using the probability. The odds is defined
as the ratio of the probability of an event occurring compared to not occurring.
The probability is given by πi

The odds are given by

πi

1−πi
=

Probability of an event occurring
Probability of an event not occurring

(9)

Odds ratio
The odds ratio is defined from the odds. Translation of e�ects is done for interpretation
of odds ratio. The odds ratio provides the measure of the odds of a given event occurring
in one group comparing to the odds of the same event occurring in another group. The
exponentiated coe�icient gives the odd ratio.

O.R = expβk) (10)

Interpretation of the Odds ratio

• If the Odds ratio is 1 then both groups compared have the same odds of occurring.

• An odds ratio of less than one implies that the event of interest is 100(1-O.R)% less
likely to occur in a given group compared to the reference group.

• The odds ratio of more than 1 but less than 2 implies that the predicted event is
100(O.R-1)% more likely to occur for the specific group in comparison to the reference
group.

• The odds ratio of more than 2 implies that the predicted event is O.R times more likely
to occur for the given group in comparison with the reference group.

Model specification

Prob [Yi = 1|i = 1,2,3, . . .] = π =
exp(x′iβ )

1− exp
(
x′iβ
) (11)

Where, β = (β1,β2,β3, . . . ,βk)
T and xi = (x1,x2,x3, . . . ,xk)
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The binary response variables

Visibleunderemployment =

{
1 if (working<28 hours in reference week,willing,available for more)

0 otherwise

(12)

Invisibleunderemployment =

{
1 if (total earning(month)< Ksh. 13,572)

0 otherwise
(13)

Since β0 +β1X1 +β2X2 + · · ·+βkXk = x′iβ

The model employed in the study.

Yi = β0 +β1X1 +β2X2 + · · ·+βkXk + ε (14)

Where:

Yi = dependent variable (underemployment)

β0 = intercept which is constant

β1 to βk = the parameters are unknown and estimated from the data.

ε = error term.

The variables X1 to Xk = the independent variables in the model.

ln(Oddso fUnderemployment(visible/invisible) = β0 +β1(sex)+β2(education)

+β3(residence)+β4(age)+β5(marital status)

+β6(employment sector)+ ε

3.4.1 Parameter Estimation

The response variable in the study underemployment can either be visible or invisible
in nature. There is variable estimation for both visible and invisible underemployment
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as the key response variables in the study. The responses variables are binary in nature.
Therefore, binary logistic regression model is appropriate for this type of response. The
maximum likelihood estimation (MLE) is adopted for estimation of the parameters for
the binary logistic regression. The estimation approach is appropriate considering that
other than prediction of the class (0 or 1), the binary logistic regression also provides
probabilities prediction (Abonazel et al., 2018). For each data point there are observations
Yi and vectors of features xi. The probability of occurrence is given by:

Pr(Yi = 1) = πi and Pr(Yi = 0) = 1−πi (15)

The likelihood for the binary logistic regression model is:

L(β0,β ) = L =
n

∏
i=1

π (xi)
yi [1−π (xi)]

1−yi (16)

The log-likelihood converts the products into sums to obtain the following:

Log(L) =
n

∑
i=1

yilogπ (xi)+(1− yi)log [1−π(xi)] (17)

=
n

∑
i=1

yi(β0 + xiβ )+
n

∑
i=1
−log(1)+ eβ0+xiβ (18)

To obtain the the maximum likelihood estimates we di�erentiate the log likelihood with
respect to the parameters and se�ing the derivative equal to zero.We take the derivative
with respect to one component β j.

∂L
∂β j

=−
n

∑
i=1

1
1+ eβ0+xi.β

eβ0+xi.β xi j +
n

∑
i=1

yixi j (19)

=
n

∑
i=1

(yi−π (xi;β0,β ))xi j (20)

The solutions can be obtained by using the iteratively re-weighted least squares (IRLS)
approach. The IRLS algorithm gives the following maximum likelihood of β .

βMLE = (X ′ŴX)−1(X ′Ŵ Ẑ) (21)
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zi (22)

Ŵ = diag{π̂i(1− π̂i)} and Ẑ = log(π̂i)+
yi−π̂i

π̂i(1−π̂i)
which is the ith element of the vector Ẑ,

the iterative process in the equation is indicated using the hats.

Test of Hypothesis for Coe�icients
The Wald Test is used for testing the significance of the predictor variables in the model.
We test the hypothesis H0 : βk = 0 and H0 : βk 6= 0

The Wald test statistic is given by

Z2 =

(
β̂k

SEβ̂k

)2

(23)

There is comparison with a chi-square distribution with 1 degree of freedom for each of
the Wald statistic.

The test is used in calculating the confidence interval for βk we assert with 100(1−α)%
confidence that the true parameter lies in the interval within the range.

3.4.2 Goodness of Fit Test

The goodness of fit test helps in determination of whether the binary logistic regression
model is correctly specified. The goodness of fit statistics is important to help reveal
the significant discrepancy between the observed data and the fi�ed model. The good-
ness of fit for the model is tested using the deviance statistics test. In this test, there is
grouping of observations in accordance with the distinct covariate values thus requiring
the observation in each category to increase to infinity with the increase of sample size.
Considering that the covariates in the data are all categorical, the test is e�icient for
testing the goodness-of-fit of the binary logistic regression model.

The deviance D statistics follows the x2 distribution with n-p degrees of freedom, making
it possible to calculate the p-values. As for the grouped data

n = number of groups
p = number of parameters in the model.
The deviance statistic is given by:

Deviance =−2log(LM−LS) (24)

D = 2
k

∑
i=1

{
yilog

(
yi

π̂i

)
+(1− yi)log

(
1− yi

1− π̂i

)}
(25)
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yi= observed value
µ̂i = fi�ed value for the ith observation.
Calculation of deviance statistics

D = 2∑
j

O jlog
(

O j

E j

)
(26)

Where:
O j= is the observed frequency
E j= expected frequency based on the fi�ed binary logistic model.
LM= max. log-likelihood for Model M
LS = max. log likelihood for the saturated model

In a perfect fi�ed model, the ratio of the observed over the expected is equated to one
while its logarithm is 0. Such implies the deviance is 0. Null hypothesis for the test:

H0: The fi�ed model is the be�er fit
H1: The saturated model is the be�er fit

Assumptions of Binary Logistic Regression Model

1. The response variable in the binary logistic model regression needs to be binary in
nature. Tested by evaluating the structure of the response variable to ensure it is
binary in nature.

2. The model assumes to be li�le or absence of multicollinearity of the independent
variables.

The test used for multicollinearity of the independent variables is the variance in-
flation factor (VIF). VIF for each of the independent variable is calculated. Variance
inflation factor is a function of Ri from the auxiliary regression of the selected inde-
pendent variable on the remaining explanatory variable.

VIF =
1

1−R2
i

(27)

R2
i = R2 value obtained by regressing the jth explanatory variable on the remaining

explanatory variables. The values above 10 imply there is a high multicollinearity.
There is need to investigate the VIF that goes beyond 4.

3. The binary logistic regression model does not assume the dependent and independent
variables to be linearly related. Assumes log odds of dependent variable.
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The residual vs fi�ed sca�er plots is used to test for linearity. The sca�er plots should
not show linearity of the dependent and independent variables of the binary logistic
regression model.

4. Larger samples are required considering that maximum coe�icients adopting the
maximum likelihood approach are large sample estimates. There is a requirement
of having at least 10 cases with the outcome that is least frequent in model for each
of the explanatory variable.

5. The error terms need to be independent; the model assumes independence of obser-
vations which should not be obtained from matched or repeated measurements. The
autocorrelation test for this assumption is used to check where the errors of observa-
tions are correlated.

Test is done using the Durbin Watson Test. Test Statistics is given by

d =
∑

n
t=2 (et− et−1)

2

∑
n
t=1 e2

t
(28)

The critical values for the d statistic is dL and du, the values will lie between 0 and 4
where closer to 0- positive autocorrelation, closer to 4-negative autocorrelation, about
2 -no evidence of positive or negative first order autocorrelation.
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4 Chapter 4: Data Analysis & Results

4.1 Introduction

The chapter provides the findings obtained from analysis of the data. Descriptive results
obtained using SPSS and the findings from the binary logistic regression model from the
R so�ware are captured. The results for the estimation of the determinants for visible
and invisible underemployment are presented in this chapter.

4.2 Visible Underemployment

4.2.1 Descriptive Findings

Figure 3. Graph for Visible Underemployment

The figure above shows that 11.9% of the sampled youth respondents are visibly under-
employed.

The study findings reveal that female gender is more visibly underemployed at 60.9%
as compared to the male respondents at 39.1%. Visible underemployment was higher
rural residence at 15.5% compared to urban residence at 7.1%. Findings show that the
private(formal) sector of employment has the highest number of visibly underemployed
respondents at 59.3 % with informal at 39.5 % and public lowest at 1.2 %. The highest rate
of underemployment was recorded in the respondents with primary level of education at
13.5% while those with post-secondary education had the lowest rate of visible underem-
ployment at 3.9%. According to the results, the age groups 15-19 years and 20-24 years of
the respondents have the highest number of visibly underemployed youths both at 28.8%
with age category 30-34 years having the lowest percentage at 20.8 %. The youth respon-
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dents in the category of never married in marital status are more visibly underemployed
at 45.5% as compared to any other marital status with those living together at 0.4 % have
the lowest number of visibly underemployed youths.

4.2.2 Data Validation Results

Multi-collinearity

Table 3. VIF results for visible underemployement

Table 3 reveals there is no multi-collinearity in the independent variables as the values
are all below 4.

Figure 4. Visible underemployment residualvsfi�ed plot

The figure above shows there are distinct pa�erns which implies there was no linear
relationship between the dependent and independent variables.
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Auto-Correlation

The autocorrelation test using the Durbin Watson test shows that the value is close to
2. Therefore, there is no autocorrelation implying there is independence of errors for the
observations.

4.2.3 Logistic Regression Results

The fi�ed model was tested for goodness of fit using the deviance statistics. The value of
the deviance 543 with 18 degrees of freedom gives a p-value=1. Therefore, we fail to reject
the null hypothesis which implies that the fi�ed model is a and adequately describes the
data.
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Table 4. Binary logistic regression model results for visible underemployment variable

The Visible underemployment model deduced from the above table is as follows.

Ln
(

πi

1−πi

)
=−2.9242+0.5531X1−0.0896X2−0.2966X3−0.5855X4

+0.3465X5 +0.3221X6 +0.3396X7−0.0674X8−0.1842X9

+1.0961X10 +0.7504X11−0.5595X12 +0.1549X13

0.1284X14 +0.0733X15 +0.2254X16−0.0052X17 +0.0126X18

The Visible underemployment model with significant variables is given below:

Ln
(

πi

1−πi

)
=−2.9242+0.5531X1−0.2966X3−0.5855X4

+0.3465X5 +0.3396X7 +1.0961X10 +0.7504X11−0.5595X12
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Table 5. Coe�icient estimates and confidence interval results for visible underemployment
model

Visible Underemployment Model Interpretations

The results from the binary logistic regression model (table 4) shows that gender, age cat-
egories for 30-34 and 25-29 years, education secondary category, private sector, informal
sector and residence were significant determinants of visible underemployment.

According to the findings in (table 5), females are 73% more likely to be visibly underem-
ployed as compared to their male counterparts. Similarly, the people aged 30-34 years
old are 45 % less likely to be visibly underemployed as compared to the people aged (15-
19 years). People aged 25-29 years old are 26 % less likely to be visibly underemployed
as compared to the people aged (15-19 years). The workers in the urban areas are 43%
less likely to be visibly underemployed compared to their counterparts in the rural areas.
The people in the informal sector were 2.11 more likely to be visibly underemployed as
compared to those in the public sectors. Similarly, the people in the private formal sector
were 2.9 times more likely to be visibly underemployed compared to their counterparts
in the public sector. The workers with secondary education are 37% more likely to be vis-
ibly underemployed compared to the workers with pre-primary education. The workers
with primary education are 41% more likely to be underemployed compared to the work-
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ers with pre-primary education. The post-secondary, vocational and other categories of
education did not show any significant results in predicting visible underemployment.
Marital status does not have a significant impact on underemployment.

4.3 Invisible Underemployment

4.3.1 Descriptive Statistics

Figure 5. Graph for Invisible Underemployment

Results from the figure above shows that 75% of the youth respondents were invisibly
underemployed.

Females are more invisibly underemployed at 83.4% compared to the rate for males at
68%. The findings show that respondents from the rural residence are more invisibly un-
deremployed at 56.4% as compared to the urban residence respondents at 43.6%. The
youths aged 15-19 have the highest rate of underemployment at 96.7% with the age cate-
gory 30-34 years having the lowest rate at 66.8%. Looking at all the education categories,
youths who have a�ained the post-secondary level of education (college and university)
have the lowest proportion of employees who are invisibly underemployed at 35.7% while
compared to those who are not invisibly underemployed. The highest level of invisible
underemployment proportion at 91% compared to non-invisibly underemployed is ev-
ident among those in the pre-primary category. The results show 83.6% of the youth
respondents in the informal sector are invisibly underemployment, the invisible under-
employment rates for those in the private formal and public sectors are 64.2% and 54.3%
respectively.
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4.3.2 Data Validation Results

Multi-collinearity

Table 6. VIF results for invisible underemployement

There is no multicollinearity in the independent variables as the values are all below 10
which is a value that might require further investigation.

Figure 6. Invisible underemployment residualvsfi�ed plot

The figure above shows there are distinct pa�erns which implies there was no linear
relationship between the dependent and independent variables.

Auto-Correlation
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The auto-correlation test using the Durbin Watson test shows that the value is 1.67 which
is close to 2. Therefore, there is no auto-correlation implying there is independence of
errors for the observations.

4.3.3 Logistic Regression Results

The fi�ed model was tested for goodness of fit using the deviance statistics. The value
of the deviance 543 with 18 degrees of freedom gives a p-value=1. Therefore, we fail to
reject the null hypothesis which implies that the fi�ed model is correct and adequately
describes the data.
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Table 7. Binary logistic regression model results for Invisible underemployment model

The Invisible underemployment model deduced from the above table is as follows

Ln
(

πi

1−πi

)
=2.5499+1.1020X1−0.9697X2−1.4552X3−1.7665X4

+0.0620X5−0.5417X6−0.4923X7−1.9973X8−0.4206X9

+0.7467X10 +0.9569X11−1.0842X12 +0.2476X13

+0.4235X14 +0.2509X15−0.1178X16 +0.4936X17

+0.5371X18

The Invisible underemployment model with significant variables is given below:

Ln
(

πi

1−πi

)
=2.5499+1.1020X1−0.9697X2−1.4552X3−1.7665X4

−0.5417X6−1.9973X8−0.4206X9

+0.7467X10 +0.9569X11−1.0842X12 +0.5371X18
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Table 8. Coe�icient estimates and confidence interval results for visible underemployment
model

Invisible Underemployment Model Interpretations

The results in (table 7) shows that gender, age, education categories (post-secondary,
college and post-primary vocational), residence, employment sector and marital status
(never married category) were significant predictors of invisible underemployment.

The results of the binary logistic regression model (table 8) show that female employees
are 3 times more likely to be invisibly underemployed as compared to the male coun-
terparts. The people in the age category 30-34 years are 83% less likely to be invisibly
underemployed compared to the people between 15-19 years. Similarly, the people in
the age category 25-29 years are 77 % less likely to be invisibly underemployed compared
to the people between 15-19 years. The people in the age category 25-29 years are 63 %
less likely to be invisibly underemployed compared to the people between 15-19 years.
The people with post-secondary (college and university) level of education are 87% less
likely to be invisibly underemployed compared to the people with pre-primary level of
education. The people with secondary level of education are 39% less likely to be in-
visibly underemployed compared to the people with pre-primary education. The people
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with post-vocational level of education are 42% less likely to be invisibly underemployed
compared to those with pre-primary level of education. Primary level of education is not
a significant predictor of invisible underemployment. The people in the informal sec-
tor are 2.6 times more invisibly underemployed compared to those in the public sector.
The people in the private sector are 2.1 times more invisibly underemployed compared to
those in the public sector. The people in the urban areas are 67% less likely to be invisibly
underemployed compared to those in the rural areas.
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5 Chapter 5: Conclusion and Recommendation

5.1 Conclusion

The study adopts the binary logistic regression approach to model the determinants of
underemployment among the youths in Kenya. The model has focused on both visible
and invisible underemployment. There is li�le understanding of youth underemployment
as a significant aspect of labour underutilization. This study makes use of cross-sectional
data (KIHBS 2015/16) for analysis to help fill this gap. Findings from the study show that
the rate of visible underemployment among the youth is 11.9% while that of invisible
underemployment is 75%. Model results reveal that gender, age, education (secondary
category), residence and employment sector are significant determinants of visible un-
deremployment among the youth. The model shows that females are 73% more likely to
be visibly underemployed compared to their male counterparts. The youths aged 30-34
years and 25-29 years are less likely to be visibly underemployed than those aged 15-19
years. Results show more visible underemployment among youths in rural areas as com-
pared to those in an urban se�ing. The youths working in the informal sector are 2.11
more likely to be visibly underemployed compared to those working in the public sector.
The models also show that youths with secondary education are 37% less likely to be
visibly underemployed as compared to those with pre-primary education.

On the invisible underemployment, the model results reveal that gender, age, education
categories (post-secondary, college and post-primary vocational), residence, employment
sector and marital status (never married category) are significant determinants of invisi-
ble underemployment. Females are more likely to be invisibly underemployed compared
to males. The youths aged 25-29 years are less likely to be invisibly underemployed com-
pared to the younger youths aged 15-19 years. The model results show that youths with
post-secondary (college and university), secondary and vocational levels of education are
less likely to be invisibly underemployed compared to those with the pre-primary level
of education. The people in the informal and private formal sectors are more likely to
be invisibly underemployed as compared to the youths working in the public sector. The
results from the study show that youths in rural areas are more likely to be invisibly
underemployed compared to those in the urban areas.

5.2 Recommendations

Key policy interventions should be implemented to help address the problem of under-
employment among the youths in Kenya. The government should promote initiatives
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motivating the youths to seek higher education, enhancing their productivity through
improved skills to address the underemployment problem. The policies promoting gen-
der equality and fighting gender discrimination at workplaces is needed to reduce under-
employment which is more prevalent among females. Policy interventions are needed to
alleviate challenges towards the creation of formal employment opportunities for the
youths. Stimulating industrial growth and creating productive and quality job opportu-
nities in rural areas rather than only focusing on urban areas is crucial for adoption. The
government should develop more e�orts towards fighting the development of informal
sectors. The government should ensure strict adherence and compliance to the minimum
wage policy.

5.3 Areas for Further Research

The study has mainly focused on the determinants of the underemployment among
youths in Kenya. There is need to use the future latest surveys to analyze the aspect
of labour underutilization. Future studies can explore the consequences of underemploy-
ment to evaluate the impacts it can have in the labor market.
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Table 9. Variables symbol description
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