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Abstract 

The purpose of this study is threl~-fold: first, we develop 1'1 penswn model that uses pre­

retirement mobile phone airtime expenditures to accumulate the pension fund. Secondly, we 

· calculate the exit and entry rates into the comprehensive pension scheme. Finally, -vve determine 

the expenditure patterns experienced post-retirement and use these patterns to advise on the 

daily amount required to be charged per minute above the current rate in order to facilitate a 

comfortable post-retirement life. 

The data utilized in this study was retrieved from various secondary sources. Infla­

tion and interest rates data -vvere retrieved from Kenya's Central Bank database. The entry 

and exit data into informal pension schemes was retrieved from Eagle Africa the administra­

tors of Ivibao Pension scheme the largest informal pension scheme in Kenya. The mortality 

rates were retrieved from the vVorld Health Organization and the life expectancy from ·world 

Atlas, Lancet and World Life Expectancy. Pre-retirement data was retrieved from November 

2013 from an integrated survey on land ownership and tenure, provision, access and control 

of basic services, asset ownership, financial resources, evictions and demolition of houses, as 

well as thirty-two key informant interviews with informal small-scale service providers facili­

tated by Strathmore University. The inflation and interest rates were forecasted using ARIMA 

(1,9,5)-GARCH (0,1) model while the backward entry and exit data points were simulated in R. 

Our results shmv that an unemployed Kenyan spends approximately K.Shs. 2, 000.37 

a month considering inflation this amount will translate KShs. 4, 025.45 to maintain the same 

life style post-retirement assuming the person joins the scheme at 18 and exits at the age of 

55 . Given the expenditure pre-retirement of this group of people, it will require them to be 

charged KShs . 3.41 per minute above the current rate in order to raise an amount sufficient to 
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sustain their lifestyle post-retirement. 
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Chapter 1 

Introduction 

1.1 Background of Study 

Pension funds/schemes are deiined as pools of funds which are collected and invested majorly _ 

through contributions by bcudic:iari<~s to provide for the future in the case of rctin~mc11t or 

any situation that may make the beneficiary not to go to work (Davis, 2005). Pension funds 

provide the medium for people to finance themselves after retirement or people not in a position 

to work through paying a lump sum or by periodical payments (referred to as annuities) while 

also supplying funds to the government and other corporations for investment and consumption. 

Pc11sion schemes enable the dfici<!nt usc of taxpayers' funds through pooling aud cf.. 

ficiently controlling assets thus achieving economies of scale. The pension one gets helps to 

boost the economy as they spend the money in the local economy to purchase products, which 

will then leml to a rise in profits for the businesses manufacturing and processing the prod­

ucts. The broader economy is also boosted which provides a \vin-win for employers, employees,. 

taxpayers and local government. Pension plans promote economic growth as long as pension 

models have been formulated correctly. Pension also helps in reducing risks since the pension 

risks are shared on a wider audience such as the social fund. There are dierent ·ways in which 

one can contribute pension as highlighted below: 

(i) State pension where a certain amount is deducted monthly from your salary and paid 
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to the government and once you reach retirement age, the government starts paying you a 

fixed fee every month. In Kenya, state pension through the :\"ational Social Security Fund 

is compulsory to contribute to if one is employed, while private pension is not mandatory. 

(ii) Private pension where one decides to personally save for their retirement without being 

prompted by the state or the employer. This is similar to the normal savings account 

except that it attracts tax exemption. As opposed to the state pension ·where a determined 

amount is cleclucted every month , priYate pension contributions can be made as a fixed 

monthly or annual amount or even in a lump sum format. This is very common vvith the 

self-employed and small to medium enterprises. 

(iii) Company pension scheme is the third very common scheme) \vhich is set up by the 

employer as one o£ the benefits of working for them. One makes a percentage contribution 

to the pension scheme regularly and in most cases, the employer also contributes a certain 

amount to the. employee's pension account . In Kenya, employers offer this in addition to 

the state pension scheme. 

Under the National Social Security Act of 2013, both employed and the self:-employed and their 

dependents qualify as contributing members of the National Social Security Fund (NSSF) that 

was established in 1965 through an Act of Parliament Cap 258 of the Laws of Kenya. The 

contributing members are expected to make their contributions on monthly basis, vvith the 

lowes~ amount payable being KShs. 200 per month for the voluntary members (self-employed) 

and KShs. 360 per month for the employed. 

The Mbao pension, established in 2009 by RBA, targeted people in the informal sec­

tor who had seasonal income, lack of access to institutional banking and running Small Market 

Enterprise. This was the first pension scheme in Kenya to cater for the informal sector who cur­

rently are the majority in the labor force in Kenya. The Ivibao pension has a minimum amount 

of KShs. 20 per day and an individual can save daily, weekly, monthly or yearly. It also has 

no penalty when one vvithdraws from the scheme. This has become largest successful scheme 

in the world (Kabare K. , 2018). In the 2018 economic survey report from the Kenya National 

Bureau of Statistics (KNBS) , the informal sector contributed 83 .4% of the total employment 

and 787.8 thousand jobs were created in 2017 when compared to 110 thousand created in the 

modern sector. This shows that the informal sector are the majority and more people join the 

informal sector every year and there is a need to address the issues that affect the informal 
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sector who do not have consistent monthly sources of income. One of the ways to address it is 

to come up 1vith a pension that is suitable to the informal sector in order to mitigate old age 

poverty. 

1.2 Pension in Kenya 

Kenya's population at the last census in 2009, as reported by the Kenya National Bureau of 

Statistics (KNBS) was at 38.6 l'viillion. The number of those recorded to be formally employed 

was at 10.5 .l\llillion with only 1.4 I'dillion registered under a retirement benefit scheme. The 

main reason -vvhy people do not take up pension is the mentality that their children will take care 

of them when they grow old. According to the same statistics, Kenya's birth rate had dropped 

from L!.6 children per household in 2010 to 3.9 children per household in 2014. The Kenya 

National Bureau of Statistics also states that the R~rcentage of the age groups as recorded at 

January 2018 are as f9llmvs: 0 to 14 years was 40.02, 19.15% from 15 to 24 years, 33.91% from 

25 to 54; 3.92% from 55 to 6L! and 3% for those above 65 years. 

According to Sundeep (2008), the population of Kenya is still young but is projected 

to age. It is also estimated that by the time today's new· workers retire, the percentage of people 

above 55 years is predicted to increase to almost triple. Sundeep (2008) studied the Pension 

System in Kenya and in his research, he found that majority of workers in Africa, Kenya in­

cluded, are informally employed either in the urban sector or the agricultural sector. They also 

discovered that the rate of the formal sector workforce has been decreasing rapidly over the 

past two decades. However, the female gender constitutes 50.1% of the total population but 

only 29A% of the female population are formally employed. These proportion of females that 

are formally employed earn 33% less than the male gender. Kenya's current retirement benefits 

scheme is made up of the following pension plans: 
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Scheme 

Type 

National Public Ser­

Social Secu- vice Pension 

rity Fund Schemes 

Occupational Individual 

Schemes Schemes 

Legal Struc- Act of Parlia- Act of Parlia- Established Established 

ture 

Membership 

Funding 

Regulation 

ment ment under Trust under Trust 

Employees m All pub- Formal sector Open to all on 

formal sector 

establish-

ments with 

5+employees 

excluding 

public service 

employees 

Funded 

RBA 

lie service workers m voluntary ba-

employees, 

including 

compames s1s 

civil servants , 

teachers and 

disciplined 

forces . Sepa­

rate scheme-

for armed 

forces 

that operate 

retirement 

schemes 

Not Funded Funded 

Act of Pa.rlia- RBA 

ment 

Funded 

RBA 

Table 1.1: Kenya's Current Retirement Benefit Schenie 

There are four criteria that are used in order to evaluate the components of the current 

retirement benefits pension system in Kenya. These criteria include: 

(i) Adequacy- The returns cover the full extent of the population making them sufficient 

to mitigate poverty in the old age and to establish reliable methods that ensure no poverty 

for the larger population. 

(ii) Affordability- The returns are made affordable to people, organizations and the society 

at large. 

(iii) Sustainability - The benefits are financially sound through the time horizon of the 

beneficiary. 



(iv) Robustness - The benefits scheme has the capacity to withstand both good and bad 

news (major shocks) such as demographic trends. 

(Caroline, 2007) studied pensions in developing countries and discovered that older 

people in Africa need money and special care but very few of them are actually willing to take 

up a pension scheme at an early age. According to Caroline van Dullemen (Caroline, 2007), 

20% of the world's people living on less than a dollar a clay are over 60 years (estimated 100 

million people). (Caroline, 2007) seeks to establish an intergenerational solidarity which would 

strengthen economic and social ties in order to alleviate poverty for older people themselves 

and intergenerational effects as \Vell , which will stimulate more people to enroll in schools and 

those already in schools to continue with their studies and thus improve the nutrition and basic 

health of the young people. 

1.3 The Informal Sector in Kenya and P~nsion Funds 

(Cynthia Onyango et al, 2016) studied the attitude of the informal sector labor towards saving 

for retirement pensions. The research study aimed at distinguishing the perception of the work­

ers towards the existing pensions with a particular concern to J\ilbao pension plan because the 

pension scheme is specifically designed for low-income earners. The· authors studied six groups 

that were composed of three males and three female groups with three distinct age groups 

comprising of ages 18-29, 30-40 and 41-55years. Each group had an approximate number of 

six to eight members. The results of this study showed that participants were more focused 

on their immediate lives and did not give much thinking into their future. (Richard H. et al., 

1981) studied an economic theory of self-control where the two authors established that the 

concept of self-control is .incorporated in a theory of individual 's preferences by modeling the 

person as an organization. According to the results derived , both individuals and organizations 

utilize the same techniques to curb obstacles created by the conflict between them. 

(Richard H. et al, 2004) studied the use of behavioral economics to increase the em­

ployees' savings. The two authors explained that employees bear more responsibility in terms 

of dr.cidiug wlwthcr to save iu ddiul~cl-ccmtributiou plans as opposed to defiucd-bcudit plans. 
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They also found out that employees either failed to join the plan or those in the defined­

contribution plan, participated in a very lmv level lower than the estimated savings rates life 

cycle. (Richard H. et al , 2004) propose a prescriptive savings program known as Save Ivlore To­

morrow (SlVIarT). This program ensures that people commit in advance to allocating a fraction 

of their future salary to a retirement savings plan. (Ivialoney et al , 2007) study the informal 

sector, more so, how to care and measure it. In their research, they seek to define the term 

informality, why we ma:y care about the term , and how to measure it. 

1.4 Problem Statement 

A vast majority of the world's 1.5 billion youth live in poor countries, with nearly 1.3 billion 

· living in developing countries a.ncl one in five living on less than $1 a. clay. (\i\lorld pevelopment 

report , 2007). Low-income youth tend to start working early in life and enroll into complex 

financial transactions a.ncl engagements- early in life. The youth who are out of school, are over 

represented even in places where the unemployment rates are low. (Emerging perspectives on 

youth Savings, 2011). 

According to the United Nations, the median age in Kenya stands at.19.2 as at Jan­

uary 2018. Despite their huge population, the Kenyan youth are yet to fully adopt the culture 

of saving as reported by the FSD Kenya (Financial Sector Deepening Kenya, 2015). The re­

port indicates that 52% of the non-savers are between the ages of 18 to 24 years. This can be 

explained by high levels of unemployment. 

The United Nations Human Development Index (HDI) report 2017 puts the rate of 

unemployment in Kenya at 39.1%, the highest in the East African Region. The UN findings 

further indicate that youth unemployment in Kenya is the highest in East Africa at 17.6% 

':vhen compared to its neighbors with Uganda at 6%, Tanzania at 6.3%, Ethiopia at 7.6%, and 

Rwanda having the lowest rate at 3%. The unemployment thus makes it hard for the youth to 

save. 

G 



Given the youthful nature of its population, Kenya is currently on the High Child 

Dependency ratio but as the years go by with the report that the life expectancy will grow to 

73.9 years there is a likelihood for Kenya to be High Old age Dependency. 

High Old age dependency can be reduced by enrolling in a good pension scheme. Cur­

rently, more than 12 million working Kenyans are not enrolled in any formal pension plan and 

about 10 million un-employed Kenyans may not be saving for post-retirement. Of interest to 

note is that majority of them have access to mobile phones, which can be used as a tool for 

saving towards retirement. 

According to the Communication Authority of Kenya, mobile penetration in Kenya 

stands at 88.1% with 37.8 million subscribers as at 2015. The use of mobile among the youth 

has been increasing steadily \Vith their consumption rise to 23 .6 billion on mobile expense while _ 

~pending KShs.64 billion annually on clothes and other accessories. This number indicate that 

the youth are capable of saving if they are. encouraged to reduce their consumption and increase 

savings if there is adequate incentives or mechanisms. This incentive comes in terms of pension 

or an income for them which will generate after they are not able to work. 

Recently, NSSF has tried to introduce the cashless platform through the lVIPESA t9 

be able to attract the informal sector who are currently estimated to be around 14 million 

in Kenya to encourage them to save. Unfortunately, not rnany of them registered from the 

informal sector posing the above mentioned risk of high old age dependency during retirement. 

·with this regard, the adults who are currently in both formal and informal sector need to start 

saving early for them not to depend on the younger ones for assistance during their retirement. 

1.5 Research Objectives 

The objective of this study is to: 

(i) To calculate the post retirement amouut considering various assumptions; 
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(ii) To calculate the exist and entry points; 

(iii) To determine spending patterns post retirement and advise on the amount needed to be 

saved pre-retirement. 

1.6 Research Significance 

(i) The findings of this research will inform the designing of a pension fund that effectively 

and specifically provides for the needs of the informal sector and the unemployed. 

(ii) It ·will also facilitate easier saving towards retirement for the informal sector clue to the 

introduction of automatic savings from mobile airtime, reducing the need for one to make 

a deliberate effort to save. The high penetration of mobile phones in the country makes 

this achievable. 

(iii) Given the dynamics considered in this study, the variation between the amounts needed 

post retirement and the actual savings is minimized, giving a platform that is reflective 

of savings and expenditure patterns of Kenyan youth and those in inforrnal sector. 
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Chapter 2 

Literature Review 

2.1 Introduction 

This chapter provides a discussion on the relevant literature that has been reviewed in regards 

to early theories of consumption and saving. Among the issues featured in this chapter are the 

various pension schemes in Africa and the challenges they have and v,re relate this challenge 

to the Kenyan pension and come up with ideal pension plan for the informal sector in Kenya 

who are the majority. \iVe also discuss factors that affect the performance of pension schemes 

in Kenya as we review the relevant literature and theories that elaborate pension schemes and 

Kenya's informal sector. 

2. 2 Theoretical Review 

There is a lot of literature on pension funds and more so focused on the informal sector. How­

ever, recent developments indicate that the cmrent pension funds , that is, the self-pension are 

not suff-icient and effective to the informal sector. 
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2.2.1 The General Theory of E1nployment, Interest and Money 

.John }daynard Keynes carne up with the first theory of savillg which was nmncd c1Hcr him, 

the General Theory of Employment, Interest and l\iloney in 1936. :Maynard observed saving 

as basically another type of product that consumers could "purchase." As with other goods, 

Maynard reasoned that expenses on saving would increase with revenue. This created a po­

tential challenge because when people devote income toward saving instead of consumption. 

Maynard and other economists agonized that there was a possibility that people \voulcl focus 

their income on savings rather than consumption as national incomes grew in the post-\:var era. 

(Sablik, 2016). 

2.2.2 The Relative Inco1ne Theory 

The Maynard ' saving theory was ruled out after more research was clone by Duesenberry. In 

the Duesenberry study he hypothesized that the level of consumption and saving by individual 

is not dependent on his income but also the habit of an individual. According to the relative 

income theory, for any given relative income distribution, the proportion of income saved by a 

household will tend to be a distinctive, and invariant, and its function will be increasing. The 

percentage saved will be independent of the absolute level of income. The relative theory also 

states that the aggregate saving proportion will be independent of the absolute level of income 

(Duesenberry, 1949). 

2.2.3 The Life-Cycle Hypothesis Theory 

The relative income theory was replaced by the i'viodigliani and Brumberg's (Modigliani et al., 

1954) "life cycle theory of consumption" and permanent income hypothesis, (Friedman, 1957). 

In the permanent hypothesis theory states that the consumer will spend based on their expected 

future income. The consumer choices will change based on what they anticipate to receive. In 

the life-cycle hypothesis theory (Anclo l\tlocligliani, 1963) , individuals do plan their saving and 

consumption in a way that allows them to maintain the same lifestyle throughout their life. 

They save \vhen they have an income and dissave when they have retired. The consumption 
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level remains the same throughout their lives. 

2.3 Empirical Review 

Thaler Shefrin (Thaler , 1981) study ruled out that the people are able to control the amount 

that one needs to save for future consumption. In their study they designed a model that 

captmes an individual 's behavior by using the concept self-control into the inter-temporal con­

sumption. In the model a person was modeled as an organization. The author concluded that 

from the model, pension plan produces saving at no other ledger fees and penalty fees occur 

only when saving is withheld involuntarily. The members with mandatory pension plan had 

total savings higher than those without . 

Time-discounting is an important factor that aects weai'th accumulation. The general 

rule of impatient people is that they tend to spend their income abruptly \:vithout planning for 

it thus not saving for the future. People often put high value on instantaneous consumption 

as compared to consumption in the future thus self-control problems either knowingly or not. 

Another characteristic of impatient people with money is that they procrastinate important 

decisions in the view that such?ecisions will be made when the need arises. These kind of peo­

ple need the aid of appropriate public policies and governance that will ease their self-control 

problems (Tanaka Murrok, 2012) . 

(Thaler Bernartzi, 2004) did a study using behavioral economics to increase employee 

saving through a program Save J\!Iore Tomorrow (Sl'viarT) . In this program, employees commit 

to contribute a certain portion of their future salary increase towards retirement saving. This 

is supposed to help solve " default" behavior by use of standard automatic enrolment. The pro­

gram was to help employees who are predicated to be saving less than the predicated life cycle 

saving rates. This plan has helped to avoid procrastination and also deal with the self-control 

on saving. The employee can opt out if they are pleased with the plan. They concluded that 

the program was successful and the automatic emollment was a good example of libertarian 

paternalism. Employees '\vho did nothing were presumed not to want to join the plan. 
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The (Child and Youth Finance, 2012) explain more about why the youth are a growing 

percentage of the Sub-African population, and why many are economically at risk. Financial 

inclusion for the young people is caused by a number of positive socio-economic results such 

as the particularly the promotion of a savings culture. Possessing savings has been linked to 

more income, better health and academic excellence (Child and Youth Finance International 

Research ·working Group 2012; Sharma et al. 2015). The available data shows that the most of 

the young people in the Sub-Saharan Africa are not saving or using banking services. According 

to the \i\Torld Bank, about only 9.3% of the youth in the Sub-Saharan Africa had saved in a 

formal financial institution in the previous year while only 14o/c of the youth had saved in the 

previous year in a savings club (Dernirguc-Kunt et al, 2012). Recent national surveys of young 

people in Kenya estimated that 51% of the young people outlined that they had no access 

to any banking services while 84% of the young people outlined that they had not used any 

banking services in the past year. Recent national surveys of young people in Ghana estimated 

that 28% of the young people outlined that they hq,d no access to any banking services \vhile 

68% of the young people outlined that they had not used any banking services in th~ past year. 

The theories of asset accumulation often pay attention to personal ideologies such as 

economic resources, knowledge, and family support. However, organizational constructs also 

pay attention to the additional role of policies, and the products and services that are provided 

by financial institutions. These kiwis of mgani~at~onal constnicts include restrictions, acc<~ss to 

financial products and services, and incentives, and they may influence a savings culture when 

personal constructs are also enforced. 

In the study they carried out they interviewed the youth who had participated in 

the youth project to find out \~>hat aects their savings behavior's youth were from Kenya and 

Ghana . . They concluded the study by mentioning that the youth did not save due to lack of 

financial resources, conflicting demands on youth income and lack of encouragement. 

A qualitative research was clone to examine the attitudes of informal sector workers 

towards saving for retirement in Kenya. They divided the informal workers into six groups, 

three male groups and three female groups. Each group consistent of between eight to twelve 

participants. The fiuclings from the research \Vas that informal sector have a positive attituck 
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towards saving. The participants were also asked if they had thought about retirement majority 

between the age of 18-29 age group admitted that they had a very little thought of the kind of 

life they would live when they are old. Majority of them are concentrating to make ends meet 

and addressing immediate needs than to save for retirement. The perception in all groups is 

that they did not trust the state to run their pension contribution. 

The innovations of mobile money are critical in empowering the young people and thus 

enhance youth financial inclusion. Youth financial inclusion, on the other hand, has impelled 

support all over the world thus gaining the attention of the financial sector, professionals, poli­

cymakers, and scholars . Mobile technology has been the leading factor to the increase in access 

to information in the world and among rural and remote areas more so, financial products and 

services such as Kenya's rviPESA. 

A research was clone which showed that the young adults across the developing colm­

tries want access to low-cost, flexible and transparent savings products. :Mobile money has 

enabled low-income earners to access flexible and low-cost financial products and services . .:..Jo- · 

bile money can provide a flexible and accessible saving for the youth and this can be transformed 

into a pension fund for them since they can access it easily and be able to check how much 

they have contributed on a monthly basis. This will encourage them to save at the same time 

it will not be costly and this can reduce the number of trips one can make when going to the 

bank to check how much money they have saved. ·Mobile money will encourage the youth to 

plan and save for their future without any hustle since it will be automatically deducted from 

the services they are using and this will reduce the youth from spending so much money on 

clothes. 

According to a study done by the RBA majority of the retirees use their pensiOn 

money to pay medical bills since most insurance companies do not offer medical covers to the 

aged because of the high risk. 

In Kenya due to the urbanization most of the families do not live within the same area and 

care for the aged is not guaranteed as it was before and the aged arc left to fend for themselves . 
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The retirement Consumption Puzzle is about individuals not being able to plan for 

expected, large and salient reduction in income. Observing that individuals decrease their debt 

and in-crease their savings is the is the opposite of what a rational agent would do and thus 

puzzling from (:rviodigliani)954)'s life cycle model perspective. (Olaf son et al, 2017). 

According to a study cl011e there is a drop of consumption after retirement and this 

could be either because of a drop of expenditure or a fall of spending in order to correct the 

use of over consumption. I'viajorly the reason was because of the lack of early planning of re­

tirement . In Kenya, according the RBA, this could be a result of reducing spending in order 

to correct the over consumption after retirement and this is evident by the report clone in 2016 

where most of the retirees spent their pension saving either to finish house, to help their loved 

ones by funding their education or to use their pension to get medical checkups. 

Any rational plan is to increase saving now in order to be able to live a comfortable 

considering the fact that life after 1'etirement changes. This is the first paper to .document the 

retirement consumption enigma that has affected the informal sector, more so, in Kenya. The 

RBA did a survey between the month of February 2017 to April 2017.The sample vms drawn 

from a list of retirees who had retired in the last five years . In the survey they did majority of 

the retirees had dependents who they had to support finC1ucially.52.46% of the retirees dcpenclccl 

on farming for their economic activities. 

The survey also helped to identify the number of years they had saved and majority 

of them had saved for 25 years yet they still said that the savings were not enough for them 

after they had retired and wished they had saved more. 62.72% of the retirees mentioned that 

disposable income was a deterrent for them to make enough contribution and 26.52% indicated 

they had no information about making enough contribution. The was also an issue in the sur­

vey where by 41.5% changed jobs before retirement they withdrew their accumulated savings 

and this was going to aect them after retirement. 

The retirees also indicated that it was worthwhile to save since they v-rere able to 

receive income to cater for their every clay needs. They also indicated that they v_rishecl they 
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had saved enough before retirement. 

2.4 Attitudes of Informal Sector Workers towards Sav­

ing for Retirement 

Every Kenyan citizen , regardless of their financial status or their employment status, is entitled 

to the right to social security as stated in the country's constitution. The right to social security 

i~ also one of the core objectives of Kenya 's Vi~ion 2030 in order to revamp the standard of 

lives of the citizens. There are numerous social protection funding plans in Kenya which are 

either personal, tax-financed such as the Inua .Jamii Senior Citizens' Grant, government-run, 

health insurance, or contributory schemes such as NSSF and I"vibao Pension Plan. Currently, 

the pension schemes coverage in Kenya is at 23% (which is very low) and comprises of majorly 

formal workforce registered under the NSSF. _ 

(Kabare, 2018) prepared a report on the Mbao Pension Plan more so to inform on 

the savings culture for the non-formal sector. The rvibao Pension Plan is a voluntary private 

retirement benefit scheme which \Yas established in 2009 with the main of reaching out to the 

informal sector in order for them to pool funds and invest their savings thus mitigating 'the old­

age poverty. The informal sector is one of the largest growing labor forces in Kenya comprising 

of 83% of adults in Kenya and is expected to grow even rapidly. \iVorking in the informal sector 

has its own ups and clowns with the downside being job insecurity, social insecurity, uncouth 

working conditions and merger salaries. "fvlajority of the informal sector lack social insecurity 

and no set infrastructure of the older people leading to a crisis after retirement where most old 

people depend on their children. \~1ithout the ability to put aside money for after retirement, 

most old people arc ldt ·with little or lcs~:~ than avcrrlp;<~ income security rtlld find themselves 

continuing to work even after they have hit the retirement age. This is one of the major causes 

of illness and disability for the old-aged people. The l\lba.o Pension Plan is more like a provident 

fund that is well-suited for the informal sector as compared to a pension scheme. The main 

objectives of the Mbao Pension Plan are as shown in the figure 2.1 below: 
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Figure 2.1: Mbao Pension Scheme 

Another pension plan scheme that was established in 2018 to address this challenge is 

called the 'Inua Jamii Senior Citizens' Grant' . The Inua Jamii Senior Citizens' Grant provides 

USD20 per month to all citizens that are above 70 years. However, the major challenge of 

this pension plan is that it is majorly ta--x-financed and as such it does not allow the working 

population to set aside their mvn income for retirement. This shows that there is a dear need 

to tackle the various challenges and gaps in the pension schemes in Kenya. 

2.5 Success Factors that Facilitate a Sustainable Micro 

Pension Scheme 

Micro-pension refers to the long-term saving by low-income eamers more so the informal sector 

laborers in order to secure income after retirement or on old age. Micro-pension schemes were 

typically lauuclted a.s defined coutribution pentiiou schemes iu order to provide coutributions 

that are collected at a member's own convenience. The micro-pension scheme model requires 

there to be an equilibrium between economic viability and creation of sufficient retmns to the 
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policyholders. In order to establish the critical snccess aspects for a micro-pension scheme to 

operate effectively, the realistic models for its contraption, regulatory framework, problems that 

would affect its implementation and the strategies that could address these problems need to 

be clearly defined. 

(Hu et a.l , 2009) studied -the pension coverage and the informal sector workers and 

the authors discover that most pension reforms in the \vorld have mostly focused on the formal 

sector leaving out the workforce in the informal sector out of the pension dispositions. This 

is more so in developing countries especially low-income earners v,rho are prone to economic 

volatility and change. There is potential for micro-pensions to play a. critical role in the coun­

try's social security system if integrated well by ensuring risk is shared appropriately. 

2.6 --Barriers to Retirement Benefits Schemes Participa­

tion by Low-Income Earners 

One of the core challenges facing social security immunity in the '"''orld today is that more than 

50% of the world's total population are excluded from social security protection. 

According to (Lazarus, 2006) , social security non-coverage is dominant in the Sub-Saharan part 

of Africa and also the South Asia with more than 90% of the population lacking cover. One of 

the main factors that has enhanced low social security coverage is the increase in informalization 

or the flexibility in the workforce market conditions leaving out most of the workers from social 

security. (Lazarus, 2006) attempted to explain this challenge of poor social security cover­

age by utilizing secondary information gathered from different works of scholars and concluded 

that the results may be controversial thereby leading to existing gaps in social security coverage. 

The youth are growing rapidly and majority of them are economically vulnerable. 

One of the priorities internationally is to ensure financial and social inclusion to all people. 

Hovvever, this is a major concern as financial inclusion for the youth is inhibited by the lack of 

a savings behavior by the youth. Iviajority of the youth in Kenya are not however saving clue 

to a number of reasons such as inadequate monthly income. 

17 



(Zou et al, 2015) studied the facilitators and obstacles in promoting a savings culture 

for the youth in particular concern for Ghana and Kenya. In their study, the authors sought 

to understand the factors that influence the youth to save money and the factors that hinder 

the youth from saving money. The authors did so by conducting interviews of four groups that 

were umdc up of tlH) young adults , a p<trent, a gtwn lin.11 , <Uld a school staff i11 hoi h countries. 

The results in the study indicated that one of the major factors that encouraged the youth to 

save is the support they got from either their parents, their guardians, the school they were in 

or from financial institutions. The core hindrance of a savings culture among the youth is that 

majority of the youth struggle with limited financial planning and resources. (Zou et al, 2015) 

then ·went ahead to understand the individual and institutional reasons why the young adults 

in Kenya, Ghana and other Sub-Saharan African states were not saving given that promoting 

financial iuclusion is one of tlw major functions of banking iustitutious. Ouc of the q ucst.ious 

that arose in the study \vas how much income people needed in order for them to n1aintain 

their standard of living Eefore retirenient (Zou et al, 2015). The authors answered this question 

by studying the expectati~ns of people upon retirement and their acuity of their quality of life 

after retirement. 
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2.7 Research Gap 

With a perfect pension system all members \Vonld be covered regmdless of their employment 

type. Kenya, in a bid to move tmvarcls the ideal scenario, undertook the following: All employ­

ers were required to contribute towards employees' pension regardless of number of employees, 

as long as the said employees earned above a. given value, Nhvaura. K: (2009). However , this 

did not cater for those under the value stipulated in the Act. This led to the development of 

Kulegalega Campaign Retirement Benefit Authority (2016) which required that every employed 

person had to be pensionable, regardless of the amount of their salaries. This ensured that all 

salaried people became pensionable. However. the unemployed : and those in informal sector 

had no platform to save tovvards their pension. 

To address this : Mbao Pension Scheme was intro.duced to cater for the unemployed 

and those in informal sector, K wena (2018). It required a. daily saving of KShs. 20 per day for 

the members in the scheme. The 1\tiba.o pension plan, though for those in the informal sector: 

had two major weaknesses: 

(i) As much as 30% of the subscribers did not save consistently as required and eventually 

exited the scheme. (Wangari and Muthoni 2019) addressed this by creating a model 

where contributions are made relative to airtime consumption. The contributions would 

be deducted automatically saving the member the deliberate effort to save. 

(ii) The members have to pay a fia.t rate of Ksh. 20 daily. This alllOllllt could be prohibitively 

high for some, and thus discourage them from saving. (Wangari and .lviuthoni 2019) 

addressed this by creating a model where a person would save according to what ' they 

could afford:, given their airtime consumption patterns. 

Though (vVangari and Muthoni 2019) addressed most of the valid concerns that made 

savings towards retirement a hurdle, their assumptions were flawed. They assumed that: 

(i) The members join when they are 21 yems old and leave at 55 years . 

(ii) There will be no lapses and withdrawals 
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(iii) Expenditure patterns remain the same pre and post retirement 

These assumptions are not accurate since in Kenya, a person is considered a.t adult at 

the age of 18. In this study, we adjust the age of entry from 21 to age 18. 

The second assumption is also inaccurate since given the j'vlbao Pension Scheme, we see the 

lapse and exit rates do exist . . In this study, we consider these rates and adjust the model as 

necessary. 

Finally, the assumption that the expenditure patters remain the same pre and post retirement 

is inaccurate, and has been shown to be so by several studies. One of the objectives of this 

study is to determine the expenditure patterns post retirement and indicate this as a variable 

in our model. 
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Chapter 3 

Methodology 

3.1 Introduction 

This chapter elaborates the methodology that was used_ to accomplish the already established 

research objective. The research design, target population and sampling, sampling design , 

sample size, data collection and analysis, are briefly illustrated. The study develops a model 

that examines the · practicality of calling charges as a means of saving. It will also determine 

the spending patterns for those in retirement and \vill advise on extra cost to be charged for 

the calls given the spending patterns post retirement. 

3.2 Research Design 

This study is exploratory where data was deduced from a census of the pension funds registered 

by the Retirement Benefits Authority (RBA) in Kcuy<1 . The usc of USSD as a tool for pen­

sion schemes is still yet to be explored and thus the study utilizes that perspective and comes 

up with a suitable and sustainable model geared tmvarcls the informal sector that recalculates 

the amount for daily saving considering the discounting assumptions and determines spending 

patterns for those in retirement as adjusted for lapse rates. 
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3.3 Population and Sa1npling 

The total population refers to the entire universe of a system of interest. The total popula­

tion is the spectrum of people to which the study can be generalized (Johnston et al, 2009). 

According to the (Retirement Benefits Authority, 2013) there are one thousand t\.vo hundred 

and sixteen registered pension schemes in Kenya. The total number of University students that 

were approached to participate in the study were 250 but only responsive to this study were 

100. The reason why not every student in the study as responsive was because having the 

students download the Bandicoot application was a challenge because it required data or Vli-Fi 

to install and some did not have enough memory space on their phones as \Vell. The major 

reason why the university students ·were chosen is because they clearly represent the informal 

sector since they have similar features such as not being in formal . employment, and having 

either an unpredictable income, a low income or both. 

3.4 Data Collection and Analysis 

All the data used in this study is secondary data. The pensions data was collected from Eagle 

Africa. while the data on the airtime expenses was collected using Bandicoot. Bandicoot is 

a toolbox in Python, distributed under l'viiT license, that is used to extract more than 1442 

features from a mobile phone's metadata in order to analyze and visualize them. Other data 

include the expenditure data, the interest rates and inflation rates data, and the life expectancy 

data. The expenditure data was collected from residence of IVIukuru wa Reuben, 1\tiukuru wa 

Njenga, Viwanda.ni , Kiandutu and Kibera to aiel in modelling the consumption patterns of 

low-income earners that \vork in the informal sector. The interest rates and inflation rates data 

were gotten from the country's Central Bank of Kenya website from the year 2010 to 2018 

where as the life table (life expectancy data) of Kenyans was retrieved from the World Health 

Organization (VlHO) . Analysis of the data is done in R programming software and1VIS Excel. 
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3.5 The Model 

3.5.1 The Assumptions 

There are various assumptions that we will make before coming up v.;ith the pension model. 

These include: 

(i) It is the assumption that the individuals will begin saving for pension from the age of 18 

and will retire at 55 years. 

(ii) The individual will live to age of 68 years. 

(iii) The model assumes late entrants and early withdrawals. 

(iv) Finally, the expenditure patterns are not similar for pre and post retirement. 

3.5.2 Estimation of n1odel para1neter:S 

(i) Interest Rates 

The interest rates are merely the monthly weighted aggregate savings rates on commer­

cial banks. This data >vas deduced from the country's Central Bank database from 2010 

to 2018 which -vvas forecasted using the ARil\IA-GARCH model in order to be used to 

generate the pension model. The rates shO\:v a continuous time mackov process which is 

stochastic in nature. The assumption is that future interest rates will ahvays be positive. 

The ARIMA model is a combination of the Autoregressive (AR) model and the Moving 

Average (IvlA) model which are univariate time series models. The ARIMA model uti­

lizes past information of a time series to forecast future values for the time series in the 

order of ARI IV! A (p , d, q) where p, d, and q are integers that are either greater than or 

equal to zero. The first parameter p gives the number of autoregressive lags, the second 

parameter d refers to the order of integration that makes the data stationary, and the 

third parameter q refers to the number of moving average lags. (Pankratz, 1983; Pfaff, 

2008). 
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A process {Yt} is said to be ARI 111 A (p, d, q) if 6. cLYt = ( 1 - L )dYt is ARJ\.1 A (p ) q). 

In general, 

(3.5.2.1) 

·where Et follows a 1-vhite noise (\i'/N) and 6. is the difference operator. 

We then define the Lag operator by Lkyt = Y1.-k and the autoregressive operator and 

moving average operator are defined as follows : 

(3.5 .2.2) -

(3.5 .2.3) 

\i\There ¢ and e are the standard autoregressive (AR) and moving average (TvlA) polyno­

mi<i.ls of order p and q in variable L , ¢ (L) =/= 0 for 1¢1 < 1 , the process {Yt} is stationary 

if and only if , in which case it reduces to an ARl\1 A(p, q) process. 

The final time series model is usually selected using a penalty function statistic such as 

Akaike Information Criterion (AIC or AICc) or Bayesian Information Criterion (BIC) 

(Akaike, 1974; Schwarz, 1978). The Akaike Information Criterion, constant Akaike Infor-

mation Criterion, ftnd Bayesian Iufonnatiou Criterion arc measures of the goodness of fit 

for a forecasted statistical model. \i'/e tend to choose models that the lowest AIC, BIC or 

AICc. In the general case: 

(RSS) AIC = 2k- 2log (L) orAIC = 2k- 2nlog --:;;- (3.5.2.4) 

Note that ) (Burnham et al, 1998) insist that since AICc converges to AIC as n gets large, 

AICc should be employed regardless of the sample size. 
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After a model has passed all the diagnostic checks, it becomes sufficient for predicting. 

Forecasting or predicting is the procedure of estimating events whose actual outcomes 

have not yet happened. For a stationary time, series Y,t an ARJI.JA. (p, q) model is 

expressed as: 

Where Et , is a white noise. 

The ARJ\1 A (p , q) model can be expressed as weighted sum of white noises Et , as: 

(3.5 .2.6) 

Where W weights are functioi1s of the modal parameters c:J? 's and e 's. 

ThE! accuracy of the models can be compared using some statistics such as the mean error 

(ME), the mean absolute error (MAE) , the root mean square error. (RlVISE), the mean 

absolute percentage error (MAPE), and the mean percentage error (MPE). vVe ahvays 

choose the model with minimum values in the above statistics. 

The Generalized AutoRegressive Conditional Heteroskedasticity (GARCH) was developed 

by (Bollerslev, 1986). GARCH is an extension of the ARCH model \:vhich is similar in 

n.ature to the extension of an AR to ARivlA process. The G ARCH (p, q) model has 

the same equation as an ARCH (1, 1) for the log returns the only diff<~rcncc is that the 

equation for the volatility, includes q new terms, that is: 

vVhere t > (max (p, q) and the parameters for the model are a0 , a 1 , 

for some positive integers p, q. 
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If p = 0, the above G ARCH (p, q) model is reduced to the ARCH ( q). Thus the G ARCH 

model generalizes the ARCH by introducing values of (Jl- 1 , ITf-2 in the equation: 

Let { rt} be the mean corrected return, c1 be a Gaussian white noise with mean zero 

and unit variance and Ht be the information set or history at time t given by H1 = 

{r1, r 2, ... , r·t-d as in the ARCH modeL The process {Tt} is a GARCH (1, 1) model 

if and only if 

(3.5.2.8) 

(3 .5.2.9) 

Forecasting using the G ARCH model is the same as. l"1sing the ARJ\-1 A model. This 

is because conditional variance of {rt } is obtained simply by taking the conditional 

expectation of the squared mean corrected returns. Assuming a forecasting origin of T; 

then the l-step ahead volatility forecast will be given by: 

(3.5.2.10) 

m p 

=no+ L (ai + {Jj) E (TZ+l -i J rt)- {Jj L E (vt+l-il Tt) (3.5.2. 11) 
i=l i=l 

·where r;, ... , TZ+l- m and rJZ, ... ' rJ?.+t-p are assumed known at time t and the true 

parameter values ni and {Jj for i = 1 ... 1n are replaced by their estimates . Also, the 

l-step ahead forecast of the conditional variance in a GARCH (p, q) model is given by: 

(3.5.2.12) 
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m p 

= ao + L (ai + ,Bi) E (r?+l-i ITt) - ,Bj L E (vt+l-i I rt) (3.5.2.13) 
i=1 (i=J) 

'Where E [rf_H I rt] for i<l can be given recursively as for l"?.i , E (vt+l- i I r1.= 0) for i<l, 

E(vt+L-i I rt)=vt+l-i for i "?.l. 

\Ve now consider the methods used for selecting the model ·with the b est fit. As previ­

ously stated, the accuracy of the models can be compared using some statistic such as the 

mean error (.!VIE) , the mean absolute error (?viAE), the root mean square error. (RJI'!SE), 

the mean absolute percentage error (MAPE) , and the mean percentage error (MPE). vVe 

always choose the model ·with minimum values in the above statistics. 

The reason why we opt for an ARI 111 A- GARCH model instead of any other model like 

Cox-Ingersoll Rox ( C I R) model or a basic ARJ\.1 A or G ARCH model is because for a 

standard generalized autoregressive conditional heteroscedasticity ( G ARC H) model, the 

noni1al distribution does not completely capture completely capture the skewness andlep­

tokurtosis of the financial time series and hence the need for an ARJ\1 A- G ARCH model 

which adds another assumption on the z- distribution. Also, the ARI J\.f A model when 

used alone only forecasts the condition mean (returns) while the GARCH model when 

used alone only forecasts the conditional variance (volatility) hence when ARIJ\!1 A and 

GARCH are combined, the forecast the returns that are adjusted to volatility. 

Consider Yt that has unconditional mean zero and follmvs an ARJ\1 A(p, q) -GARCH(s, r) 

process. An AR111 A - G ARCH model is defined by 

(3.5.2.14) 

vVhere 

flt = <p1!Lt-1 + · · · + p/l·t-p + (<p1 + 81) llt-1 + · · · + (<pm + Bm) Pt-m (3.5.2.15) 

and 

27 



(3.5.2.16) 

[/.It rv i.i.D (Q, 1)) 
(Jt 

(3.5 .2.17) 

·where fLt = y1. - fLt; Dis some density, for instance, normal cpi = 0 for i > p; and Oj = 0 

for j > q. 

The conditional mean process due to ARrviA has essentially the same shape as the con­

ditional variance process due to GARCH, just that the lag orders may differ (allowing 

for a nonzero unconditional mean of y1 should not change this result significantly). Im­

portantly, neither has random error terms once conditioned on ! 1_ 1 , thus both are 

·predetermined. 

--
Vie use this to forecast futi1re interest rates. To estimate the pullback rate ct and the 

long-term averag~ rate {3, we run a regression of rt+l against r1, obtaining the standard 

error, the gradient and intercept v,rhich then are used to solve for rJ, 0' a.nd fJ. 

(ii) Inflation rates 

The inflation rates ·were as well extracted from the country's Central Bank website from 

2010 to 2018 . Similarly, they are stochastic nature and portrayed by the mean reverting 

tendencies and we assume that they are also positive in the future. 

Similar to interest rates, we use the ARilVIA-GARCH model to forecast future rates as 

well. According to the (\:Vorld Data Atlas , 2018), the life expectancy in Kenya was at 67.5 

years in 2018 from 66.7 years in 2015 growing at an aggregate rate of 0.41 % pei.· annum. 

We therefore forecast inflation rates for 50 years, the number of years the individual is 

expected to live for after joining the scheme. 

(iii) Monthly expenses 

Let Z be the amount needed to sustain similar consumption levels once the individual 

retires. Z is determined by computing the average monthly consumption expenditure 

28 



(this was collected from several slums including Mukuru wa Reuben, Mukuru wa Njenga, 

Viwanclani, Kiandutu and Kibera) and then adjusting it for inflation as depicted in the 

equation below: 

50 

Z = G IJ ( 1 + e,.) (3.5.2 .18) 
7'=1 

vVhere Z is the iuftatccl expenses up to tlw r-tgc of 68, G is the expenditure value at the 

start of the period and e,. is the forecasted inflation rate for each subsequent period. 

Assuming that the individual receives their pension income monthly, '"'e determine the 

total amount required to have been saved by the time the individual retires by discounting 

the value of the annuity Z from equation 3.5.18 above for 13 years from the age of 68 to 

.55 such that: 

(3.5 .2.19) 

vVhere Y is the total discounted amount needed at age 55 to facilitate post retirement 

expenditure, Z as indicated above, N is the number of years between retirement and 

death and Pt is the probability of survival. Vv'e assume N = 13 as the life expectancy of 

Kenyans remains 68 years; rt are forecasted interest rates. 

For each of these years we multiply the accumulated amount by the probability of survival 

of the individual. Kenya's life tables were sourced from the Global Health Observatory 

data repository of the ·vvorld Health Organization (\i\Torld Health Organisation, 2018) 

(iv) Monthly Savings 

The first step is to calculate the individual's current mobile expenditure. Let X represent 

the average amount spent per month by the individual on calls and n the total number 

of respondents. Therefore, the daily mobile expenditure on calls is given by: 

2..:: rnimdes 
[Daily expencliiv.Te per person = IV b f d x 4] 

J um eT o ays 
(3.5.2.20) 
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The monthly mobile expenditure on calls will be given by: 

[X= (2::: Daily expenditure) x 30] 
n 

(3.5.2.21) 

\i\There X is the monthly amount spent , 4 is the amount charged currently per minute on 

airtime and 30 is the number of days in a month. 

vVe then use the forecasted interest rates t.o accumulate this <mnuity X monthly for 37 

years (this is the period between whcu the individual makes their first contribution and 

vvhen they retire). For each of these subsequent years, -vvc nmlbply the accumulated 

amount by the probability of survival of the individual at the corresponding age, that is, 

the accumulated savings amount is given by: 

[ 
. /" (12) P,] Ace. Amt = ]\ s37;, x t (3.5.2.22) 

\iVhere !{ is the amount that needs to be saved per month. 

Further to this, we modify the pensions model to adjust for entry and exit rates as deduced 

from the Mbao pension scheme. The modified amount is given by: 

[Amount= (Ks~~~: x Pt) x exit r-ate x (1 +entr-y mte)] 

b 

(3.5.2.23) 

\~There which is retrieved from the Kenyan life table and the rest of the variables are as 

previously defined. 

The entry and exit rates are stochastic in nature and b is used to explain the entry and 

exit points. 

Feasibility testing 
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Let the daily savings of the individual be denoted by J( such that the feasibility equation 

is given by: 

Y = Accumulated arnount 

Z (12) P. }( (12) P. 
CL N =13,.t X t = 837;

1
. X I. (3.5.2.24) 

The value of the accumulated annuity X is initially used as a proxy for J( , the savings. 

Given that there are discrepancies between this figure and the amount Y required, we use 

solver to determine the amount of X , the monthly expenditure that equates them. This 

amount is therefore that which requires to be saved monthly i.e. K. 

Dividing K by 30 gives us the amount of daily savings required. Dividing this further by 

the average number of minutes spent on outbound calls daily allows us to determine the 

--extra charge per call which, once deducted, will allmv the individual to saye sufficiently 

for retirement. Therefore, the additional charge per minute is given by: 

[A= K ] 
30 X m.imdes 

day 

\~There A is the additional charge per minute. 

(v) Expenditure Patterns 

(3.5.2.25) 

vVe compute the post-retirement values in order to understand the expenditure patterns 

for low-using (Bruce et al, 2012) . According to (Bruce et al, 2012)'s study, the working­

class ·were asked whether they predicted being able to maintain their quality of life after 

retirement. Approximately one third of the respondents stated that they did not expect to 

have enough to maintain their current quality of life. The retirees were asked to compare 

their living standards before and after retirement. The retirees were also asked whether 

they expected their current earnings before they retired. The retirees and expected a 

decrease in the living standards where almost similar with the people who had retired 
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and anticipated an increase in the living standards. Of those who had not retired, 27% 

reported a decrease in their standard of living while 21% reported an increase in their 

standard of living. This shows that a decrease in income in associated with retirement. 

(Bruce et al, 2012) came up with expenditure categories that are directly influenced by re­

tirement (see appendix A). The authors study sought to find out whether the expenditure 

on the commodity is influenced by any of the first four factors that are specific to retire­

ment, that is, reduction in work-related costs, the increase in health-service consumption, 

different patterns of time allocation and life-cycle patterns in house financing. \Ve are 

going to utilize the same criteria to come up with an average probability of reduction. 

F\1rthermore, the expenditure patterns in (Bruce et al, 2012) showed that reduction in 

work-related costs, increase in health-service consumption, price reductions, home pro­

duction and increase in leisure cxpcmditurc thrtt arc directly influcncc-~d by rctircrnc11t 

where as some of the factors that are- indirectly influenced by retirement include home 

and property insurance, repairs and maintenance such as motor and hon1e-related, cred­

its, corporate payments; most foods except eating out; non-alcoholic drinb; clothing 

except \Vork-related cost (in the expenditure categories that are directly influenced by 

retirement); furniture, home appliances, cutlery; electronic equipment; books, gambling, 

sports equipment (other than golf); non-prescribed pain relievers, sunscreens; air fares, 

holiday vehicle hire, overseas holidays; pets; personal care (except hair care); personal ex­

penditures; and gifts. We utilized 11% reduction in households and 5% increase in health. 
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Chapter 4 

Data Analysis and Findings 

4.1 Inflation Rates 

For the inflation rates retrieved from th~ country's Central Bank website. The figure 4.1 is a 

time series plot of the origin<il inflation rates: 

Inflation Rates 
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Figure 4.1: Original inflation rates 

The figure shows an additive model. The first step is usually to check for the season-
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ality of the components. 
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Figure 4.2: Decomposition of the inflation rates 

There are four major components of a time series: random, seasonal , cyclical and 

trend variations. Seasonal variations seek to explain the seasonality of the time series data 

such that vt=triation ha.ppen only 01! specific periods snell t=ts a day, month etc. tn~nd varia.tions 

seek to explain the predictability pattern of a time series data. Cyclic variations seek to ex­

plain the business and economic cycles such as bull and bear that cause major shocks. Random 

variations are just the white noise disturbances. From the figure 4.2 above the time series anal-

ysis of the inflation rates shows that there is a steady trend. The observed and the seasonal 

look somewhat similar implying that there were barely any seasonal variations between those 

periods. The random component explains unusual disturbance of the data which might be as 

a result of the campaign and election period. 

vVe computed the log and then differenced the values. The figure 4 represents the orig­

inal inflation rates , the difference inflation rates, the log inflation rates and the difference log 

inflation rates . The inflation rates figure exhibits exponential gro-vvth . The difference inflation 



rates figure shows that the variance of the series increases as the level of original series increases, 

and therefore , it is not stationary, the log of the infiation figure exhibits no notable difference 

as compared to the original inflation rates implying that the original series was already linear. 

The Difference log inflation figure is more mean-reverting, and variance is constant and does 

not significantly change as level of original series changes. 
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(d) Difl'ere!lce Log Iuf-latio11 Rates 

Figure 4.3: Comparing the plot of the Original , Logged, Differenced and Diff.log of the Inflation 

Rate Series 



After stationarizing the inflation rates series by differencing, the next step is to deter­

mine whether autoregressive or moving average terms are needed to correct any autocorrelation 

that remains in the differenced series. The best v .. ·ay to do this is by checking the Autocorrela­

tion Function (ACF) and the Partial Autocorrelation Function (PACF) plots for any differenced 

senes. 
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(d) PACF Differenced Log Inflation Rates 

Figure 4.4: Inflation Rates Series-ACF ami PACF Plots 
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Estimate Std. Error z value Pr(> lzl) 

aTl -0.4212 0.0896 -4.7 2.6e- 06 

mal 0.9193 0.0771 11 .92 < 2e -16 

ma2 0.6122 0.1174 5.22 1.8e- 07 

ma3 0.2622 0.1238 2.12 0.034 

rna.4 -0.2356 0.1107 -2.13 0.033 

ma5 -0.7351 0.0863 -8.52 < 2e- 16 

Ti1bl~ L!.2: Infl<Ltion Ri-lt.cs - ARil\lA l\:Iod~l Pi-lmnwt~r Estimation 

In fitting ARIMA model, p and q should be 2 or less, or the total number of param­

eters should be less than 3 in vie\v of Box-Jenkins method. The more parameters the greater 

noise that can be introduced into the model and hence standard deviation. V·le can compute 

corrected Akaike Information Criterion (AICc) to find a more defined p and q performed in R 

programming sofhva.re where we select the model with the lowest AICc. 

l\!Iodel AIC 

0 1 0 -398.77 

1 1 0 -722.22 

0 1 1 -565.2 

1 1 1 -740.5 

0 1 2 -655.55 

2 1 0 -747.42 

2 1 1 -747.49 

2 1 2 -740.65 

Table 4.1: Inflation Rates Scrics-AIC values for tcstiug t.lw best AIUMA(p ,q) :.\1odd 

Based on AICc, we select ARI.i'dA (2,1,1). VIe conduct an au"to.arirna() in order to 

determine the appropriate parameter estimates. This gives us ARI kf A(1, 0, 5) as shown in 

figure 5.1 

Fitting the ARilVIA model gives us the parameter coefficients as follows; 
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\iVe finally conduct a GARCH(O, 1) model on the residuals of the ARI Ai A( I, 0, 5) and 

remove the volatility and \Ve obtain the following graph: 

Forecasts from ARIMA(1,0,5)(0,1,0)[12] 

~ -
- ' 

I 

0 200 400 600 600 

Figure 4.5: (ARIMA(1,0,5)-GARCH(O,l) Model Forecast 

The black line shows the actual values where as the blue line shmvs the forecasted 

values for period of 162 i.e. monthly data for 13.5 years. 

Diagnostic check: 

This is done by observing residual plot and its ACF & PACF diagram or by checking 

the Ljung-Box result. From the Ljung-Box test at lag 100, the p-value is 2.581e-08 which is 

less thett the significance level of 0.05 ''-'e reject the null hypothesis that the selected model is 

not significant. Since the ACF and PACF of the model residuals shovv no significant lags, the 

selected model is appropriate. 

Altbough the ACF and the PACF of residuals and the Ljung-box test h:we no signifi-
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Condi(ionnl vnrioucos 
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Figure 4.7: Conditional V::triance and ARIMA GARCH 

4. 2 Interest Rates 

The methodology here is similar to that _?f the inflation rates series.The fi gure 4.8 represents 

the original plot of the interest rates series: 

Interest Rates 
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Figure L!.8: Plot of the original interest rates series 

The plot shows a multiplicative model. We first analyze the time series components 
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as follows: 

Decomposition of additive time series 

Figure 4.9: Decomposition of the interest rates 

Similarly, there is a steady trend in the interest rates series. The observed and the 

seasonal look somev,;hat similar implying tha.t there -\vere barely any seasonal variations bet\veen 

those periods . 

The random component explains um1.sual disturbance of the data which might be have been 

affected by the fluctuation in the inflation rates. \iVe then difference the values as shown by the 

following graphs: 
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Figure 4.10: Plots for the original)oggecl,clifferenced and cliff. log of Interest rates 

In figure 4.10, the first figure represents the original interest rates series which exhibits 
. . . 

exponential growth. The second figure represents the difference interest rates series which shows 

that the variance of the series increases as the level of original series increases, and therefore, is 

not stationary, the third figure shows the log of the interest rates series and it exhibits no no­

table difference as compared to the original graph implying that the original series was already 

linear. The fourth figure rcprcsl~nts the dif-len~nce log of the interest rates series, it is more 

mean-reverting, and variance is constant and does not significantly change as level of original 

series changes. 

The ACF of the log interest rates shows a decrease in lags onwards which eventually 

die clown as shown in figure 4.11. The PACF of log interest ra.tes series shows at lag at 4 v,rhich 

is somewhat similar to the ACF of di(-f(Tcuce log interest rates S(~ries. There arc uo notable lc1.gs 

in the PACF of difference log of interest rates series. 

42 
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Figure 4.11: Interest Rates Series-ACF and PACF Plots 

\iVe can compute correct ed Akaike Information Criterion (AICc) to find a more defined 

p and q performed in R programming software where we select the model with the lm:vest AICc. 

Model AIC 

0 1 0 -398.77 

1 1 0 -722.22 

0 11 -565. 2 

1 1 1 -740.5 

0 1 2 -655 .55 

2 1 0 -747.42 

2 1 1 -747A9 

2 1 2 -740.65 

Table 4.3: Interest Rates Series-AIC values for testing the best ARIMA(p ,q) lVIodel 
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Based on AICc, we select ARHviA (2 1 1). The simplest method would be to compute 

the function auto.a.rima() v.rhich gives an accurate estimation of the pa.nuneters. 

Fitting the ARHVIA model gives us the parameter coefficients as follows; 

Estimate Std. Error z value Pr(> lzl) 

aTl -0.4212 0.0896 -4.7 2.6e- 06 

mal 0.9193 0.0771 11.92 < 2e- 16 

rna2 0.6122 0.1174 5.22 l.Se- 07 

rna3 0.2622 0.1238 2.12 0.034 

ma4 -0.2356 0.1107 -2.13 0.033 

ma5 -0.7351 0.0863 -8.52 < 2e- 16 

Table 4.4: Interest Rates-ARIMA l\.lodel Parameter Estimation 

\~Te finally conduct a GARCH(0,1) model on the residuals of the ARIMA(1,0,5) and 

remove the volatility and \Ve obtain the following graph: 

Forecasts from ARIMA(1 ,0,5)(0, 1,0)[12] 

0 

0 200 400 600 300 

Figure 4. 12: ARIMA(1 ,0,5)-GARCH(O)) j\tlodel Forecast 
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Diagnostic check 

Computing the Ljung-box test, we get: 

-·---- --------- --- -.. ·-- ----- ---·-- -- ··- . ..... ---- -·--------·----- --·- ... -------- .. -·----- -- ------ -· --- ------ -----·· -- ··· -- -- -.. - ... -·- ---· --- ·--- ---- ----- --- ---- ,, _,, .... --

~~-

~ :'" 

"1 ~ :: ... -;..::_.:.::...:::.:::.=.:.:------·---.--: __ - . . " :.__::; __ .:_,_:___.__:_:.__ . . -· ..... . "'"';~"" " 
' 

Figure 4.13: Residuals 

In order to model volatility, we introduce the ARCH/GARCH model. The plots of 

the squared residuals plot show cluster of volatility at some points in time. The ACF of the 

squared residuals seems to die down while the PACF of the squared residuals cuts off after lag 

15 even though some remaining lags are significant. 

After forecasting ARIIVIA (1 ,0,5)-GARCH (0,1), the model converges relatively. \Ve 

then use the forecasted inflation rates to generate the final amount. 
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CondiliPniJI vilrir.mcos 
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Figure L1.14: Conditional Variance and ARIMA-GARCH Residuals 

4.3 Monthly Expenses 

Assuming that the in_?iviclual receives their pension income monthly; we determine the total ·­

amount required to have been saved by the time the individual retires by discounting the value 

of the annuity and multiplying it with the probability of survival. The following graph shows 

the monthly consumption against time. As time increases; monthly consumption increases 

steadily up to a certEtin point majorly because the expenses are subjected to inflation. 

Monthly Expenses 
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Figure 4.15: }donthly Expenses Scatterplot 
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According to the expenditure data, the average individual living in 1vl ukuru wa Reuben, 

Mukuru wa Njenga, Viwandani , Kiandutu and Kibera spends approximately KShs.2009.37 per 

month. From the inflation forecast model results, we obtain a multiplicative factor of 1.003. 

This indicates that current expenditure will grow by 100% by the year 2068 such that the 

individual spending KShs.2009.37 in 2018 will require KShs.4025.45 to maintain the same level 

of lifestyle then. Vve estimate that by this year, the individual , assumed to have joined the 

scheme at the age of 18, will be 55. 

4.4 Exit and Entry Rates 

To siruulntc cutry ancl exit rates. the first step is usually to cst,.-.hlish the underlying distribution. 

To test whether it is_id from a. normal distribution , plot a histogram of its empirical density 

and its cumulative distribution as shovvn below: 
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Figure 4.16: Histogram plot of entry processes 
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Empirical density Cumulative distribution 
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Figure 4.17: Histogram plot of exit processes 

The empirical density distribution of the entry processes is more synimetrical as com­

pared to the exit processes. Hmvever , this is not proving enough that the entry processes are 

from the normal distribution, therefore, we text for other statistical distribution using Cullen 

and Frey. 
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Figure 4.18: Fitting statistical distribution on entry processes 

The figure 4.18 shows that the distribution of the entry points is more inclined to the 

lop;istic distribution. To he cert11in th11t is the distribution, we conduct 11 goodness-of-fit. 
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Figure 4.19: Fitting statistical distributions on exit processes 

The figure 4.19 shows that the distribution of the e.-Tit points is not inclined to any of 

the distributions in the graph. We therefore conduct a goodness-of-fit to determine which is 

most suitable. 

The following figures show the cumulative density distributions of Wei bull, :\'annal, 

Lognormal, Gamma, Log-logistic, Pareto and Burr distributions fitted for the entry and exit 

points. 
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Empirical and theorelical COFs 
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Figure 4.20: 'Veibull, Normal and Lognormal clistrubutions for the entry and exit processes 
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Figure 4.21: Gamma, Log-logistic, Pareto and Burr distributions for entry and exit processes 

We conduct a goodness-of-fit test which will be more precise on the distributions of 

the entry and exit processes. 
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\~Teibull Norm Lnorm Gamma Llogis Pareto Burr 

Kolmogorov-Smirnov 
0.1245 0.1007 0.1269 0.1127 0.1195 0.4186 0.1067 

test 

Cramer-von 
0.0598 0.0507 0.0721 0.0531 0.0526 1.0615 0.4570 

lVIises 

Anderson-Darling . 0.4806 OA153 0.5576 0.4193 0.3831 5.1711 0.3333 

Akaike's 
300.6693 300.L1023 302.0945 300.1038 299.8623 332.5828 300.8830 

Information Criterion 

Bayesian 
303.0254 302.7584 304.4506 302.4599 302.2184 334.9389 304.4171 

Information Criterion 

Table 4.5: Goodness-of-fit test for entry points 

-- YVeibull Norm Lnorm Gmi1ma Llogis P areto 
-

Kolmogorov-Smirnov test 0.2509 0.3306 0.2146 . 0.2673 0.1421 0.2997 

Cramer-von :tvlises 0.3915 0.7432 0.1621 0.3L110 0.0563 0.5099 

Anderson-Darling 2.2415 3.9412 1.0394 1.9658 0.5760 2.7340 

Akaike's Information 
264.4411 287.4324 251.5006 260.5718 248.3461 267.2744 

Criterion 

Bayesian Information 
266.7972 289.7885 253.8567 262.9279 250.7022 269.6305 

Criterion 

Table 4.6: Goodness-of-fit test for exit points 

From the goodness-of-fit test , we are most interested in the AIC criterion where we 

choose the least value. For the entry points the least AIC value is at 299.8623 for the log-logistic 

distribution while for the exit points, the least value is at 245.2410 for the burr distribution. 

vVe then compute the baclnvard probabilities for the Niarkov chain process since entry 

and exit processed are stochastic in nature, more so the I'viarkov process. These together \vith 

the distributions -vve ha·ve fitted will be used to simulate values for the entry nncl exit points. 
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4.5 Monthly Savings 

The accumulated amount is computed by accumulating the monthly amount needed to be saved 

and multiplying it by the probability of survival, adjusted for the exit and the accumulated 

entry rates. The following graph shows the monthly savings against time . 
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Figure 4.22: Monthly Savings Scatterplot 

As time increases, the monthly savings are somewhat the same except for a few out­

liers. From the data collected, the study finds that on averag·e, individuals call for 7.6 minutes 

a day. Assuming that they are Safaricom Network users, their daily expenditure on calls is 

estimated at an average of KShs 30.55 (916.75 monthly). 

4.6 Expenditure Patterns 

In order to be able to maintain their level of commodity consumption, people who retire need 

to increase (or at least maintain) their previous level of income (after deducting housing costs) . 

In fact, how·ever, they decrease their income and expenditure . From the income and expendi­

ture analysis, the fact that households do not in fact maintain their income and expenditure 

suggests that they should be dissatisfied with their financial situation and more likely to report 
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financial hardship. However, financial satisfaction increases and experience of financial hard­

ship decreases as the people adjust to their current standards of living. The older people might 

have less income volatility and hence fewer financial stress events, and yet still have a relati,·ely 

low standard of living. The decrease in expenditure patterns after retirement is usually ofFset 

by a few factors such Furthermore, the expenditure patterns in (Bruce et al, 2012) showed that 

reduction in work-related costs, increase in health-:-service consumption, price reductions , home 

production a.lHl iuc:rcasc in leisure cxpc11ditmc ~ that arc clircdly iuflncnccd by retirement wlwn~ 

as some of the factors that are indirectly influenced by retirement include home and property 

insurance, repairs and maintenance such as motor and home-related , credits , corporate pay­

ments; most foods except eating out; non-alcoholic drinks; clothing except '''ode-related cost 

(in the expenditure categories that are directly influenced by retirement); furniture, home ap­

pliances, cutlery; electronic equipment ; books, gambling, sports equipment (other than golf); 

non-prescribed pain relievers, sunscreens; air fares , holiday vehicle hire, overseas holidays; pets; 

personal care (except l;air care); personal expenditures; and gifts. 
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Chapter 5 

Conclusions and Recommendations 

5.1 Conclusion 

The mam intention of this research was to develop a model tl1at recalculates the amount 

requin~d to be s;:wcd daily considering the disconutiug assumptions and find out the spcuding 

patterns for those in retirement. This modeling task required: 

(i) Mobile phone expenditure data ·which vvas collected using an app called Bandicoot; 

(ii) Entry and exit processed which were derived from the Mbao Pension Scheme; 

(iii) Probabilities of survival which were derived from Kenya 's life table; 

(iv) The pensions data was collected from Eagle Africa; 

(v) Life expectancy; 

(vi) Inflation and interest rates were extracted from Kenya 's Central Bank database. 

We first forecasted the inflation and interest rates since the data was inadequate. vVe 

did this using ARITVIA-GARCH model since ARil'viA(p,q) models the mean (returns) while 

the GARCH (m,s) model models the volatility in the returns. Vve then bacln:vard-simulated 

the entry and exit processes since the data was also insufficient and we needed to go back in 

time.'Ne first forecasted the inflcttion and interest rates since the data was inadequate. \Ve 

did this using ARHdA-GARCH model since ARHdA(p,q) models the mean (returns) while 
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the GARCH (m,s) model models the volatility in the returns . \11/e then backward-simulated 

the entry and exit processes since the data vvas also insufficient and we needed to go back in time. 

The probabilities of survival were computed by finding the average probability of the 

males and females. \Vith these six parameters , we computed the monthly consumption and the 

monthly savings. The monthly consll!ll ptiou is <t function of the infiatcd <'Xpcnditmc discouut.cd 

and multiplied by the probability of survival. 

The monthly savings is a function of the average amount that needs to be saved a.ccu­

mulated in the future then multiplied by the probabilities of survival , the exit and entry rates 

accumulated. The results show that individuals require to be charged at. least KShs .3.41 above 

the current rat<~ ]Wr ca.ll should they join tlH~ sclwme in onlcr to ntisc an arnount sufficient 

to sustain their expenditure post retirement_ Of importance is to note that this amount has 

been calculated from the amount charged on calls only. Should this cost be..spread out among 

other expenditure such as mobile data charges ,. mobile money charges etc. , then it could be less. 

Using the model , \:Ve also considered the amounts needed using other telecommunica­

tion networks , such as Airtel and Telkom. Airtel's current rate per call is KShs.2 per minute 

across all networks. The additional cost a~ estimated by the model \vould bring this charge to 

KShs.5.65 per minute. Telkom charges KShs.2 for on-net calls and KShs.3 to other networks per 

minute which would mean that the total charge of the scheme would range between KShs .5.41 

and KShs.6.41 per consecutively. 

5.2 Limitations of the study 

(i) The greatest limitation of the study is the unavailability of the data needed and therefore 

we had to forecast and simulate our own. 

(ii) The other limitation is lack of works by scholars who have really implemented such <t 

moclcl in the sense that \VC had to do a lot of research in terms of a modified model which 

had ARIIviA-GARCH fitted variables and backward-simulated vari8bles. 

r:; r-: 
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(iii) Finally, not every student in the study -vvas responsive because they had to download 

Bandicoot application. This was a challenge because it required data or ·vli-Fi to install 

and some did not have enough memory space on their phones as well. 

5.3 Recommendation 

The following is the recomrnendation we would like to postulate as a result of this study: 

(i) Costs should not just be deducted on calls but Rlso on other aspects of the mobile phone 

such as text message charges, data charges, and mobile money transaction costs. 
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Appendix 

Appendix A:Codes for inflation Rates Forecasting ARIMA(l,O 

GARCH(O,l) Model 

Load Libraries 

li brary(nJ nitRoots) 

library(lmtest) 

library( forecast) 

library(FitAR) 

library(rugarch) 

library( quantmod) 

library(lattice) 

library( timeSeries) 

library(rugarch) 

library( tseries) 

library(rmgarch) 

library(fGarch) 

library(xts) 

library(zoo) 

library(parallel) 

Reading the data 

inflation <-rcad.csv(" C:j /Users// Asmnpta.LagHt/ /D(~sktop/ / asnmpt a/ / inflation .csv" ,headcr= TR UE) 
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Decompose into time series components 

timeseriescomponents <- decompose(inflation) 

timeseriescomponents 

plot ( timeseri escom ponents) 

Stmc aclj inflation rates in the original file · 

inflation . close<-inflation$rates 

inflation.close 

Plot original inflation rates 

plot ( inflation.close, type= 'l' ,main= 'Inflation Rates ') 

Differencing the original series 

diff.inflation < -cliff:'( inflation. close) 

diff.inflation 

Plot differences of original series 

plot ( cliff.infla.tion , type= 'l ' ,main= ' Difference Inflation Rates') 

Take log of the original series and plot the log price 

log.inflation < -log( inflation. close) 

log.infla.tion 

plot (log. inflation ,type= '1' ,main= 'Log Inflation Rates ') 

Differencing log inflation mtes and plot 

diffi.og.inflation < -clifl(log.inflation) 

diffi.og.inflation 

plot( diffiog.infla.tion, type= 'l' ,main= 'Difference Log Inflation R.a.tes ') 

Obtaining the Autocorrelation Function (ACF) aucl the Partial Autocorrelation Func-
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tion(PACF) of Log Inflation Rates 

acf.loginflation <-acf(log.inflation,main=' ACF Log Inflation Rates' ,lag.max= 1 OO,ylim=c( -0.5, 1)) 

acf.loginflation 

pacf.loginflation <-pacf(log.inflation,main= 'PACF Log Inflation Rates' ,lag.max=100,ylim=c(-

0.5 ,1)) 

pad.loginflation 

Obtaining the Autocorrelation Function (ACF) and the Partial Autocorrelation Func­

tion(PACF) of Differenced Log Inflation Rates 

acf.diffioginflation <-ad( diffiog.inflation,main= 'ACF Differenced Log Inflation 

Rates' ,lag.ma."X=lOO,ylim=c(-0.5, 1)) 

3cf.difHoginflation 

pad. diffloginflation <-pad(< lifflog.inflation,main= 'PACF Differenced Log Iuflat.ion 

Rates ' ,lag.max=100,ylim=c( -0.5, 1)) 

pacf. diffioginflation 

ts.infiation < -difflog.infiation 

ts.infiation 

Detemine stationarity of data 

ndiffs( ts.infl.ation) 

tsstationaryj-diff( ts.inflation, differences=O) 

tsstationary 

library(ggplot2) 

plot( tsstationary, type= '1 ') 

ad( ts.inflation,lag.ma.x=34) 

Remove seasonality 

timeseriesseasonallyacljustecl j- ts.inflation- tirneseriescomponents$seasonal 

par(mfrow=c(2, 1)) 

acf(tsstationary, lag.max=34) 

pad( tsstationary, lag .max=34) 



Fit the model 

auto.arima( ts.infiation, trace=TRUE) 

fitARHvlAj-arima(tsstationary, order=c(l,0,5),seasonal =list( order= c(O),O), period= 12) ,method='' 

fitARIMA 

This gives us the ARIMA(1 ,0,5) as shown in below: 

A.!UHA(~, O ,S) ·,.; ith zerc rr:ean : -754.4 

Series : t:.s. i::-.. :f:.;_a tio:::-, 

1<2ll-LZ!. ( 2. , 0 1 5) 'di th zero If«~_ a .:-: 

Caeffj.ci:::Jcs : 
arl ma.1 rr.a2 rr.a3 rr.a~. maS 

0 .526 0 .678 0.6-'S9 0 . 7:3 0.733 0 .392 
s.e,. 0 .. 1.!.5 0 . 125 0.122 0. 0 96 0 ~09~ 0.1.; 9 

sigreia"'2 e5"C::.ma-ced as 0 . 000528: 2-oq likeli.t.acd=Se-:1:. 5 · 
A:ZC=-7SS.1 
> I 

A!Cc=-754. ~-

significance of coefficients 

co eft est ( fi tARil'viA) 

par(mfrow=c(l,l)) 

acf(fitARIMA$residuals) 

Forecast future values 

BIC=-733. 4. 

Figure 5.1: Auto.arima 

par(mfrow=c(l,l)) 

f.arimaj-predict(fitARil'vfA,n .ahead = 660) 

f.arima 

futurVal <- forecast(fitARil\tlA,h=660, level=c(99.5)) 

futurVal 

plot(futurVal) 
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Diagnostic Check using Ljung Box test 

library(LSTS) 

Box.Ljung.Test(tsstationary, lag= NULL, main= NULL) 

ts.diag(tsstationary) Box. test (resicl(fitARilVIA) ,type=" Ljung" ,lag=O,fitclf=1) 

Box.test(resid (fit.AR.H/IA) ,type=" Ljung" Jag=20,fitdf=1) 

Box. test(resid(fitARii:VIA) ,type=" Ljung" Jag=100,fitclf=1) 

Squared Residuals 

res.arima211 <-fit.ARii:VIA$res 

res.arima211 

squared.res.arima211 <-res.arima211 2 

squared.res.arima211 

par(mfcol=c(3, 1)) 

plot(squarecl.res.arima211,main='Squarecl Residuals') 

acf.squarecl211 <-acf(squarecl.res.arima211 ,main= 'ACF Squared Residuals' ,lag.max= lOO ,ylim=c(-

0.5,1)) 

pacf.squared211 <-pacf(squarecl.res.arima211 ,main='PACF Squared Residuals' ,lag.max=lOO,ylim=c(-

0.5,1)) 

GARCH model garch01<-ga.rch(res.arima211,order=c(0,1),trace=F) 

garch01 

loglik01 <-logLik(garchOl) 

loglik01 

summary(garchO 1) 

Generate 1-step forecast, 100-step forecast, and plot of forecast 

f.garch<-predict(garch01,n.ahead=660) 

f.garch 

Forecast ARii\tiA(1 ,0,5)-GARCH(0,1) 

library(TTR) 
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library(AnalyzeTS) 

library(TSA) 

arima.garch<-forecastGARCH(fitARil\1A,garch01x=6, ,trace=TRUE) 

arima.garch 

library(fGarch) 

model = garchFit(formula = garch(l , 1), data = res.arima211, cond.dist . "norm" , m-

clude.mean = TRUE) 

fcst=predict( model ,n .ahead=660) 

mean.fcst=fcst$meanForecast 

mean .fest 

Exporting the data to Excel 

write.csv(fcst , "C:/ /Users// Asumpta.Lagat/ /Desktop/ jasumpta/ /fcst.csv" ) 

write.csv(f.arima, "C:/ /Users// Asumpta.Lagat/ /Desktop/ jasumpta/ /farima.csv") 

write .csv(J.garch, "C:/ /Users/ /Asumpta.Lagat/ /Desktop/ jasumpta/ /fgarch.csv") 

Appendix B:Codes for interest rates Forecasting ARIMA(1,0,5 

GARCH(O,l) Model 

Load Libraries 

library(fUnitRoots) 

library(lmtest) 

library(forecast) 

library(FitAR) 

library ( rugarch) 

library(quantmod) 

library (lattice) 

library( timeSeries) 

library(rugarch) 

library( tseries) 

library ( rmgarch) 



library(fGarch) 

library(xts) 

library(zoo) 

library(parallel) 

Reading the data 

interestj-reacl .c:sv("C:j /Use'rs/ / Asumpta.Lagat/ /Desktop/ jasumpta/ /interest.csv" ,heacler=TRUE) 

Decompose into time series components 

. timeseriescomponents <- decompose( interest) 

timeseriescomponents 

plot ( timeseriescom ponents) 

Store aclj interest rates in the original file 

interest .close<- interest$rates 

interest .close 

Plot original interest rates 

plot (interest .close, type= '1' ,main~ 'Interest Rates') 

Differencing the original series 

cliff. interest <-cliff( interest. close) 

cliff. interest 

Plot differences of original series 

plot( cliff.interest,type= 'l' ,main= 'Difference Interest Rates ') 

Ta.ke log of the original series and plot the log price 

log.interest <-log(interest.close) 

log.interest 

(-:.7 
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plot (log interest,type=T ,main='Log Interest Rates') 

Differencing log inflation rates and plot 

difflog.interest <-cliff( log. interest) 

clifflog.interest 

plot ( diffiog.iutcrcsL type=' I' ,main= 'Ditfcrcn<:<' Log Intcn~st Rates ') 

Obtaining the Autocorrelation Function (ACF) and the Partial Autocorrelation Func­

tion(PACF) of Log Interest Rates 

acf.loginterest <-acf(log.interest ,main='ACF Log Interest Rates' ,lag.max=100,ylim=c( -0.5))) 

acf.loginterest 

pacf.loginterest <-pacf(log.interest,main= 'PACF Log Interest Rates ' ,lag.ma...'C=100,ylim=c( -0.5,1)) 

pad.loginterest 

Obtaining the Autocorrelation Function (ACF) and the Partial Autocorrelation Func­

tion(PACF) of Differenced Log Interest Rates 

8cf.cliffioginterest <-acf( cliffiog.interest ,main= 'ACF Differenced Log Interest Rates ' .lag.ma.x=100,ylim= 

0.5,1)) 

acf. cliffioginterest 

pacf.cliffioginterest <-pacf(cliffiog.interest,main= 'PACF Differenced Log Interest Rates',lag.max=100yl 

0.5 ,1)) 

pacf. diffloginterest 

ts .interest < -diffiog. intcrc~st 

ts.interest 

Detemine stationarity of data 

ncliffs( ts .interest) 

tsstationary <-cliff( ts. int8rest , differences= 1) 

tsstationary 

library(ggplot2) 
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plot ( tsstationary, type= 'l') 

acf( ts.interest,lag.max=34) 

Remove seasonality 

timeseriesseasonallyacljusted j- ts.interest - timeseriescomponents$seasonal 

par(mfrow=c(2 , 1)) 

acf( tsstationary, lag.ma.x=34) 

pacf( tsstationa.ry, la.g.max=34) 

Fit the model 

auto.arima(ts.interest, trace=TRUE) 

iitAIUMA<-arima(tsstationary, orcler=c(O,O,O) ,seasonal =list( order= c(O ,l ,O) , period= 12) ,methocl= 

fitARHviA 

fitARIIVIAl<-arima(tsstationary, order=c(1 ,0,5),seasonal =list( order= c(O,l,O), period= 12) ,method= 

fitARHv1Al 

k';\iHA(2,0,2) , .. ,.i~h non-ze::o r:.:c:a:n -592..5 
h.:.":(ZHA.{0,0,0) wi-c!:. non--ze::-o n:.ea.n -59-7.'3 

.Aa.lHA. (l, O, O) wi;:h :con-ze=-o T:' .. ;:an -591. .5 
A;(.!HA.(0,0,1.} with non-ze::-o ::-.-=:an -59:2 .4 
AR!J·L;(D.O,O} ~i 't~ zero r.:..ean. -59€. 3 
~::tiHA(.l,O,'!.} wich :--.cn-ze.!·o rr.:o.n -59.1 . e 

Se=ie$ ; cs.~r.ce=~s~ 

A~!P.:.A (0, 0 , 0) ~i -c h 2e..::-o n:.ea":l 

sigru:"·2 e~ti..m.a.ted as O.OG91e: 2. og likeli~cod=299.2 
AIC-=· -S~6 . 3 AICc=-596 ~ 3 arc=-592 . .S 

>I 

Figure 5.2: Auto.arima() 

Significance of coefficients 

coeftest(fitARHviA) 

coeftest ( fitARJ[VlA 1) 

par(mfrow=c(l,l)) 
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acf(fitARBtiA$residua.ls) 

Forecast future values 

par( mfrm:v=c( 1,1)) 

f.arima<-preclict (fitARIMA,n.aheacl = 660) 

f.adma 

futurVal < - forecast(fitARil\IA ,h=660, l en~l=c(99.5)) 

futurVal 

futurVall <- forecast.(fitARIMAl ,h=660, level=c(99. 5)) 

futurVall 

plot(futurVal) 

Diagnostic Check using- Ljung Box test 

library_,LSTS) 

Box.Ljung.Test(tsstationary, lag= NULL. i11ain = NULL) 

ts.diag( tsstationary) 

Box.test(resicl(fitARIMA) ,type=" Ljung" ,lag=O,fitclf=l) 

Box.test(resid(fitARIMA) ,type=" Ljung" ,lag=20,fitclf=l) 

Box.tcst(rcsid(JitARiiVIA) , type=" Ljung" ,lag=100,fitdf=l) 

Squared Residuals 

res.arima211 < -fitARIMA$res 

res. arima211 

squarecl.res .arima211 <-res.arima2112 

squared. res. a rim a211 

par(mfcol=c(3,1)) 

plot(squared.res.arima211,main= 'Squarecl Residuals ') 

acf.squared211 <-acf(squared.res.arima211,main= ' ACF Squared Residuals ' ,lag.max=lOO ,ylirn=c(-

0.5,1)) 

pacf.squared211 < -pacf(squared.res .arima211 ,main= 'PACF Squared Residuals ', lag.m<:~.x= lOO ,ylim=c(-

0.5,1)) 
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GARCH model 

garchOl <-garch(res.arima211 ,order=c(O, 1 ), trace= F) 

garchOl 

loglik01 <-logLik(garch01) 

loglik01 

summary(garchO 1) 

Generate 1-step forecast, 100-step forecast, and plot of forecast 

f.garch < -predict (garch01 ,n.ahead=660) 

f.garch 

Forecast ARil'dA(1,0,5)-GARCH(0,1) 

library(TTR) 

library( AnalyzeTS) 

library(TSA) 

arima.garch<-forecastGARCH(fitARIMA,garch01,r=6,, trace=TRUE) 

arima.garch 

library(fGarch) 

garch(1, 1), data = res.arima211, cond.dist model = garchFit(formula 

clude.mean = TRUE) 

fcst=predict(model,n.ahead=660) 

mean.fcst=fcst$meanForecast 

mean.fcst 

Exporting the data to Excel 

"non11", in-

\Vrite.csv( fest, "C: //Users// Asum pta. Lag at/ /Desktop// asumpta/ / fcsti. csv") write. csv( f. arima, 

"C:/ /Users// Asumpta.Lagat/ /Desktop/ /asumpta/ /farimai.csv") write.csv(f.garch, "C:/ /Users// Asun 
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Appendix C: Codes for Backward Simulation of Entry and 

Exit Rates using Backward Markov Process and Survival 

Simulation 

install. packages(" MonteCarlo") 

install. packages(" data. table") 

install. packages(" ggplot2") 

install. packages(" dplyr" ) 

install. packages (" foreign" ) 

install. packages('' tidyr") 

install. packages(" triangle") 

install. packages(" fitdistrplus") 

install. packages(" logspline") 

install. packages('; l\tiASS;;) 

install. packages('; actuar") 

install. packages('; survsim") 

install. packages('' HMM" ) 

install. packages(" markovchain") 

install.packages("TralVIineR") 

install . packages(" RcppHlVIIvi") 

library(Rcppl-HviM) 

library( fitdistq)l11s) 

library(logspline) 

library(MonteCarlo) 

library( data. table) 

library(ggplot2) 

library( dplyr) 

library( foreign) 

library( tidyr) 

library( triangle) 

library(MASS) 

library ( actuar) 
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library(survsim) 

library(HlVIM) 

library(markovchain) 

library(Tra?vlineR) 

rm(list=ls()) 

life<-read.csv(" C:/ /Users// Asumpta.Lagat/ /Desktop// Asumpta/ /life.csv" ,h eader=TRUE) 

Let e be entrants 

e< -life$entrants 

Let ex be exits 

ex<-life$exits 

Finding and fitting the distribution 

plotdist( e, histo = TRUE, clemp = TRUE) 

descdist ( e, boot= 1000) 

fit .weibull <- fitdist(e , "weibull") 

fit.nonn <- fitdist(e, "norm") 

fit.lnorm <- fitdist ( e, )l lnorm") 

fit .gamma<- fitdist(e, "gamma", start= list(shape = 1, scale= 500)) 

fit.llogis <- fitclist(e, "llogis", start= list(shape = L scale= 500)) 

fit . pareto <- fitclist( e, "pareto", start = list( shape = 1, scale = 500)) 

fit. burr<- fitdist(e, "burr", start = list(shape1 = 0.3. shape2 = 1,rate = 1)) 

par(mfrow = c(2, 2)) 

plot .legend <- c("weibull", " normal" , "lognormal" ) 

plot.legend1 <- c("gamma" ," llogis" ," pareto" ,"burr") 

denscomp(list(fit.weibull,fit.norm ,fit.lnorm), xlogsca.le =TRUE, ylogscale = TRUE,legendtext 

= plot.legend) 

denscomp(list(fit.gamma,fit .llogis ,fit.pareto ,fit .burr) , xlogsca.le =TRUE, ylogscale = TRUE,legencltext 

= plot.legencl1) 

qqcomp(list(fit.weibull,fit .norm ,fit .lnonn) , xlogsca.le =TRUE, ylogsca.le = TRUE,legendtext = 

plot.legend) 

73 



qqcomp(list(fit .gamma,fit.llogis,fit.pareto.fit.burr), xlogscale =TRUE, ylogscale = TRUE,legendtext 

= plot.legencll) 

cdfcomp(list(fit.weibull,fit .norm,fit.lnorm), xlogscale = TRUE, ylogscale = TRUE,legencltext 

= plot.legencl) 

cdfcomp(list.(fit..gamma,fit.llogis,fit.pareto,fit.burr) , xlogscale =TRUE, ylogscale = TRUE,legendtext 

= plot.legencll) 

ppcomp(list(Iit.wcilmll ,fit.norrn,fit.luonu) , xlogscale =TRUE, ylogscalc = TR.UE,l<-~gcndtcxt = 

plot.legend) 

ppcomp(list(fit .gamma,fit.llogis,fit.pareto,fit .burr), xlogscale =TRUE, ylogscale = TRUE,legendtext 

= plot.legend) 

summary (fit . norm) 

summary( fit .lnorm) 

summary(fit.gamma) 

summary( fit.llogis) 

summary (fit _ pareto) 

summary( fit . burr) 

Quantile 

quantile(fit.llogis, probs = 0.05) 

Goodness of fit 

gofstat(list (fit. weibull ,fit.norm,fit.lnorm,fit.ga.mma,fit.llogis ,fit. pa.reto,fit . burr) ,fitna.mes = c(" wei bull", ., 

"ganu11a"," llogis" , "pareto", "burr")) 

fitting the distribution 

fit_glm <- glm(entra.nts ., data= life) 

fit_glm 

res <- as.da.ta..frame(t(fit_glm$coefficients)) 

res 

summary(fit_glm) 
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Get the backward probabilities for a Markov Process 

trans_prob<-c(0.04,0.05,0.04,0.04,0.03 ,0.05,0.03, 0.03,0 .03,0.02,0 .03,0.01,0.03,0.04,0.03 ,0.04,0 .08,0.04,1 

0.05,0.05,0 .04,0.06,0.05) 

e.seq <- seqdef(life[, 1 :2], e) 

tr <- seqtrate(e.seq) 

m.e<-mean(e) 

scl.e<-scl( e) 

states<-c(" entrants" ," exits" ) 

residues<-paste( 1:24) 

transition <-t.ra.ns_prob 

dimnames (transition)< -list ( from=states , to=states) 

emission< -matrix( c( rep( 1/24,24) ,rep( 1/10,24), 1/2) ,nrow=2 , byrm:v=TRUE) 

x< -structure (list( transition,emission) ,class=" Hl\tf!vi" ) 

backward(x,life) _ 

hmm = initHMM( c(" entrants"," exits" ), c("e" ,"§x" ), transProbs=trans_prob) ,emissionProbs=emission 

print(hmm) 

Sequence of observations 

observations= c("e" ,"e" ,"ex" ,"ex") 

Calculate backward probablities 

logBackwardProbabilities = baclnvarcl(hmm,observations) logBackwardProbabili ties 

backwarclProbj- ( exp(logBacbvardProbabilities)) 

Simulating data 

fit.unif <- fitclist(e, "unif') 

fit.unif 

dist.ev <- "llogistic" 

anc.ev <- 1 

betaO.ev <- 5.2G8 

dist.cens <- '' llogistic" 

anc.cens <- 1 
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betaO.cens < - 5.368 

zj-list( c(" unif' , 100,691)) 

pro b j-backwardPro b 

m. probj-mean(prob) 

m.prob 

x <- list(c("e" ,m.prob)) 

beta<- list(-1.0, -4.63) 

simulateclj-simple.surv.sim(8L1, 365, dist.ev, anc.ev, betaO. ev,clist.cens, anc.cens, betaO.cens, z , 

beta , x ) 

Exporting the simulated entrance processes 

write.csv(simulated, " C:/ /Users// Asmnpta.Lagat/ /Desktop// Asmnpta/ /sinmlatecLentrance.csv") 

install. packages(" IvionteCarlo" ) 

install.paclmges(" data. table'' ) 

instalT.packages(" ggplot2") 

install. packages(" dplyr" ) 

install. packages ("foreign" ) 

install. packages(" tidyr") 

install. packages(" triangle") 

install. packages(" fitclistrplus") 

install. packages(" logspline") 

install. packages(" 1VIASS") 

install. packages(" actuar") 

instalL packages(" survsim" ) 

instalL packages(" Hl\!Hvl") 

install.packages("markovchain" ) 

instalL packages(" TraivlineR" ) 

instalL packages(" RcppHlVllW' ) 

library(RcppHIVINI) 

library ( fi tdistrpl us) 

library(logsplinc) 

library(MonteCarlo) 

library( data. table) 
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li brary(ggplot2) 

library( dplyr) 

library( foreign) 

library( tidyr) 

library( triangle) 

library(MASS) 

library( actuar) 

library(survsim) 

library(HMNI) 

library(markovchain) 

library(TraMineR) 

rm(list=ls()) 

life<-reacl.csv(" C:j /Users// Asumpta.Lagat/ /Desktop// Asumpta/ /life.csv" ,heacler=TRUE) 

Let e be entrants­

e<-life$entrants 

Let ex be exits 

ex< -life$exi ts 

Finding and fitting the distribution 

plotclist( ex, histo = TRUE, clemp = TRUE) 

descdist (ex, boot= 1000) 

fit.weibull <- fitclist(ex , nweibull") 

fl.t.uonn <- fitdist(cx , "llOl"lll.,) 

fit.lnorm <- fitdist(ex , "!norm") 

fit .gamma<- fitdist(ex, ''gamma", start= list(shape = 1, scale= 500)) 

fit.llogis <- fitclist(ex, "llogis", start= list(shape = 1, scale= 500)) 

fit . pareto <- fitdist(ex, "pareto", start= list(shape = 1, scale= 500)) 

fit.burr<- fitdist(ex , "burr", start= list(shape1 = 0.3 , shape2 = 1,rate = 1)) 

par(mfrow = c(2, 2)) 

plot.legencl < - c("weibull", "normal", "lognormal") 
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plot.legendl <- c("gamma" ," llogis" ,''pAreto" ," burr") 

denscomp(list(fit .weibull,fit.norm,fit.lnorm), xlogscale = TRUE, ylogscale = TR.UE,legencltext 

= plot.legend) 

denscomp(list(fit .gamma,fit.llogisJit.pcweto,fit.burr), xlogscale =TRUE, ylogscale = TRUE,legendtex­

= plot.legencll) 

qqcomp(list(fit.weibull,fit.norm,fit.lnorm) , xlogscale =TRUE, ylogscale = TRUE,legencltext = 

plot.legend) 

qqcomp(list(fit .gamma,fit.llogis,fit .pareto.fit.burr), xlogscale =TRUE, ylogscale = TRUE,legencltext 

= plot.legencll) 

cdfcomp(list(fit.weibull,fit.norm,fit.lnonn) , xlogscale = TRUE, ylogscale = TRUE,legencltext 

= plot.legencl) 

cdfcomp(list.(fit. .gamma,fit .llogis ,fit .pa.reto,fit.burr), xlogscale =TRUE, ylogscale = TRUE,legencltext 

= plot.legencll) 

ppcomp(-list(fit.wcibull ,fit.nonn ,Jit .hwml). xlo~scalc =TRUE, ylop;scal<~ = TRUE , lc~cndtext = 

plot .legend) 

ppcomp(list(fit .ganima,fit .llogis,fit.pareto,fit.burr), xlogscale =TRUE, ylogscale = TRUE,leg~ndtext 

= plot .legend) 

summary(fit .norm) 

summary( fit.lnorm) 

summary( fit. gamma) 

sunuuary (fit .llogis) 

summary( fit . pareto) 

summary(fit.burr) 

Quantile 

qua.ntile(fit.burr , probs = 0.05) 

Goodness of fit 

gofstat(list (fit. weibull ,fit .norm,fit.lnorm,fit.gamma,fit .llogis ,fit. pareto, fit. burr) ,fit names = c(" wei bull" , .. 

"gamma"," llogis", "pareto" , "burr")) 

Fitting the distribution 
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fitglm <- glm( exits . , data = life) 

fitglm 

res < - as.da.ta.frame(t(fitglm$coefficients)) 

res 

summary(fitglm) 

Get the backward probabilities for a l'darkov Process 

trans_prob<-matrix( c( 0.06 ,0.13,0.21 ,0. 03,0.02,0.02,0.03 ,0.01 ,0.03,0.05,0.05 ,0.02,0. 04 ,0.03,0.02 ,0. 02,0.0: 

0.02,0.02 ,0.03,0.03,0.02,0.03 ,0.03),nrow=2,byrow=TRUE) 

trans_prob 

ex.seq <- seqdef(life,2:2 ,labels= c(" entrants")) 

tr < -· seqtrate( ex.seq) 

m.ex<-mean( ex) 

scl.ex<-sd( ex) 

state&<-c(" entrants"," exits") 

residues< -paste( 1:24) 

transition<- trans_prob 

transition 

dimnames (transition)< -list (from =states, to=states) 

emission< -matrix( c(rep( 1 /24,24) ,rep( 1/10,-5 )~ 1/2) ,nrow=2, byrow=TRUE) 

enUSS!On 

x <-structure (list (transition, emission), class=" HlVHvi") 

X 

backward(x,life) 

initHMiVI( ex,3,method=" llogistic" ) 

hmm = initHi'dlVI( c("entrants" ," exits"), c("e" ,"ex" ),transProbs=trans_prob,emissionProbs=emission) 

hmm 

print(lunm) 

Sequence of observations 

observations = c(" e" ," e" ,"ex" ," ex") 

Calculate bH.ckward probablities 

logBackwardProbabilities = backwa.rcl(hmm,observations) 

logBackwardProbabilities 
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backwardProb< -( exp(logBackwarclProbabilities)) 

Simulating data 

fit.unif <- fitdist(ex, "unif;') 

fit.unif 

dist.ev <- " llogistic". 

anc.ev <- 1 

betaO.ev <- 5.268 

dist.cens <- "llogistic': 

anc.cens <- 1 

betaO.cens < - 5.368 

z<-list(c("unif" ,30,444)) 

prob<-backwardProb 

m.prob<-mean(prob) 

m.prob 

x <- list(c("ex" ,m.prob)) 

beta <- list( -1.0 , -4.63) 

simulated <- simple.surv.sim(84, 365, clist .ev, anc.e'v, betaO.ev,dist.cens, anc.cens, betaO.cens, 

z , beta, x) 

siniulated 

exporting the simulated entrance processes 

write.csv(simulated, "C:/ /Users// Asurnpta.Lagat/ /Desktop// Asumpta/ /sinmlatedexit.csv") 
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Appendix D: Probability of Survival 

Prob of clvino· 
" b 

Prob of survival 

male female 

<1 year 0.051235 0.043353 0.047294 0.952706 

1-4 years 0.025941 0.025118 0.025529 0.974"171 

5-9 years 0.0129tll 0.009059 0.011 0.989 

10-14 years 0.008412 0.006765 0.007588 0.992412 

15-19 years 0.015059 0.01 0.012529 0.987471 

20-24 years 0.0209!11 0.015471 0.018206 0.98179t1 

25-29 years 0.029294 0.033353 0.031324 0.968676 

30-34 years 0.040353 0.045294 0.042824 0.957176 

35-39 years 0.056294 0.058294 0.057294 0.942706 

40-44 years 0.061882 0.057235 0.059559 0.940441 

45-49 years 0.065235 0.054765 0.06 0.94 -
50-54 years 0.075588 0.060706 0.068147 0.931853 

55-59 years 0.085059 0.067294 0.076176 0.923824 

60-64 years 0.114176 0.089235 0.101706 0.898294 

65-69 years 0.161529 0.130059 0.145794 0.854206 

Table 5.1: Probabilities of survival 
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