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| ABSTRACT

Back ground: There was a dearth of information on the relationship between social activities
and survival of Nigerians at older age. This study provides some knowledge on the influence
of social activity on the longevity of some Nigerians in Oyo State.

Objective: The main purpose of the study was to identify the relationship between social
activities and survival of the aged (65+) in Idikan area of Ibadan, Oyo state, Nigeria, after
adjusting for potential confounders.

Methods: This was a retrospective study, and a secondary analysis of data generated from a
larger longitudinal prospective study. The study population consisted of all the elderly
persons, aged 65 years and above living in Idikan area of Ibadan, Oyo State, Nigeria who
were recruited into the Ibadan-Indianapolis Dementia Research Project at the initial stage in
1992/1993. The sampling method adopted was a total sampling of the entire study population
Detailed information on the subjects’ socio demiographic background, life style and health
history were collected at baseline in 1992/1993 with mortality follow-up of 17 years. Simple

descriptive statistics were used to summarize the data and appropriate test statistics used to

investigate relationship between variables. Kaplan Meier Curve and Cox regression model

were used to describe and model survival from the start of the study to the end, examining the
influence of the variables collected on survival and adjusting for potential confounders with

p-value < 0.05 and a 95% confidence interval. SPSS 11.0 for Windows was used to run the

entire analyses.

Results: The studied population size was N= 2, 485. About 9% of the population was of age
85 years and above with majority (72.1%) between the age of 65-74 years and a male to
female ratio of 1:2. A higher proportion of those who had impaired cognition, not socially

active and males had died including those ever smoke and drink. The overall median survival
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time for the 17 years mortality follow up period was estimated to be 8 years with the
probability of surviving past it, approximately half. Kaplan Meir Curve showed that those
who were not socially active presented with a poor survival than their counterpart and this
was statistically significant at 5% levels. Cox regression model result showed that
participation in social activities, gender, age, literacy status, presence of chronic disease (s)
and cognitive status had influence on survival except for living arrangement, alcohol
consumption and smoking that were not significant at p < 0.05. The study showed that those
who were socially active were almost one and a half times more likely to live longer than
those who were not socially active with p-value of 0.000 and a 95% C.I of 1.358 to 1.743.

Conclusion: Participation in social activity was found to be preventive measure against early
death. It contributed considerably to achieving longevity and these highlights the need to
consider formulating programs surrounded with social activities for elderly people in the

soclety, alimed at promoting longer life.
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CHAPTER ONE

1.0. INTRODUCTION

The Nigeria life expectancy; which was 53 years in 1991(WHQO, 1991), was observed to have
declined and over the years to 48.2 years in 2003 (NDHS, 2003) and then increased to 48.4
years in 2010 (UN Report, 2010). This is in contrary to the expectation that it would rise from

53 years in 1991 to 57 years in 2003 and 62 years in 2013 (WHO, 1991) at the pace reported

in 1991. However, it is estimated that with the expanding epidemics, life expectancy in the

country will continue to decline.

In addition to communicable and infectious diseases, the morbidity and morlality rates
associated with non-communicable diseases have also been on the increase in the past couple
of decades and are set to wipe out all the gains and improvements through the primary health
care delivery strategy adopted in the last two to three decades. Prominent among these non-
communicable diseases are cardiovascular diseases, diabetes, stroke and various cancers.
They are largely responsible for the progressive decline of life expectancy in the country.

Reversal of these factors will contribute significantly to longer life expectancy in Nigeria.

Understanding the determinants of late-life survival in Nigeria becomes increasingly
important in view of the current life expectancy declines. Therefore, the public health
importance of factors that can contribute to the understanding and documentation of longer

life expectancy in Nigeria cannot be over-emphasized. Since this will enable us to identify

specific intervention or reliable strategies.

There are reports suggesting that participation in social activities may create a sense of
belonging and emotional closeness, and are generally associated with a longer life (Petral L.
Klumb, Heiner Mailer 2007). In addition to physical influcnce of social aclivitics,

psychosocial effects are also affected. Involvement in social activities is said to have two

1
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consequences, there is a direct effect on human being (Clark and Watson 1988) and a stress-
buffering effect (House et al. 1 988). The protective effect of social activities on the mortality
of the elderly population has been shown in research using variables related to specific

aspects of social activities (Hanson BS et al, 1989; Sabin EP et al, 1993, Yasuda N et al,

1997; Brown SL, 2003; Giles LC, 2005].

Recently more optimistic views of old age have been proposed by those focusing on
“successful aging” (Ross et al., 1984) who suggest that environmental and physiologic
modifiers of biological aging can be identified which may be amenable to preventive
strategies even among the oldest-old. Most results on this topic are derived from studies
conducted in Northern Europe, North America, and East Asia (Angel Rodriguez-Laso, 2007).
There 1s a paucity of studies on factors that are related to late survival in Africa developing
countries, Nigeria in particular. Research on social activities and mortality in Nigeria is also
largely unavailable. Fortunately, the Ibadan-Indianapolis Dementia Research project has a
reliable data bank from their prospective study. Records are available on the social activities
of the elderly and this is yet to be analyzed and reported. An analysis of the data will add to

the knowledge of relationship of social activities and survival of the elderly.

This dissertation provides information on the survival pattern in a seventeen (17) year (1992-
2009) community based follow-up of elderly (aged 65+) in ldikan, lbadan, Oyo state,
Nigeria, with particular focus on the relationship between social activities and survival ,
adjusting for potential confounding effects of socio-demographic, life style and health

conditions variables. The research is the analysis of a secondary data that were collected in a

prospective study.
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1.1. Main Objective

The main objective of this study is to identify (if any), the relationship between social
activities and survival of the elderly (aged 65+) in idikan, Ibadan, Nigeria, over a seventeen
(17) year period (1992-2009), after adjusting for potential confounders.

1.2.  Specific Objectives:

To describe the socio- demographic and health background of the elderly in Idikan,

[badan, Oyo State, Nigeria.

* To describe the mortality pattern by socio - demographic characteristics and health
status

- To estimate the yearly survival rate among the elderly in Idikan, Ibadan.

* To estimate and compare the survival curve of the two classes of elderly in Idikan
based on their status of participation in social activities

« To identify the relationship between social activity and survival, adjusting for
potential confounders such as socio-demographic (age, sex, education, live alone/do

not live alone), life style- smoking, alcohol drinking, involvement in social activity-

socially active, not socially active, health condition/history-presence of chronic

disease (such as diabetes, cancer, stroke, cardiovascular disease) and cognitive status.

1.4. Research Hypothesis

The research hypothesis is that; there is relationship between involvement in social activities
and time to death after adjusting for potential confounders such as socio-demographic,

lifestyle and health condition.
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CHAPTER 2

2.0. LITERATURE

Survival is the state of continuing to live or exist, often despite of difficulty or danger

(Oxford Advanced Leamners Dictionary, 7 edition). This pre-supposes one is alive at some

point in time.

Baltes’ two-component model broadly categorized all activities during waking day into two

broad categories: regenerative and discretional (Baltes, Maas, Wilms, Borchelt & Little,

1999).

Regenerative activities are activities that have to be carried out by physiological necessity to

maintain one’s physical existence (e.g. personal hygiene, eating and resting) while

discretional activities are activities that can be selected or that one can do on the basis of

abilities and preferences.

Discretionary activities are further sub-divided into productive and consumptive activities
(Reid, 1934). If an activity is performed predominantly due to its outcomes and can,
therefore, be delegated to a third party without losing its benefit (e.g., doing laundry, house
cleaning, running errands), then it is productive. In contrast, if an activity is performed
primarily for its own sake and cannot, therefore, be delegated to a third party without losing

benefit (e.g., meeting friends, reading a novel, watching TV), then it is consumptive.

Consumptive activities are also known as social activities: which are made up of active
leisure, locomotion, health related activities, reading, watching T V/listening to radio, face-to-
face talks, visiting, phone conversations, solving puzzles or reading a novel, playing games

and other soctal interaction.
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Participation in social activities provides social contacts and thereby fulfills a
phylogenetically determined need for affiliation (Cantor & Sanderson, 1999; Reis, Sheldon,
Gable, Roscoe, & Ryan, 2000). Engagement in such activities may create a sense of
belonging, emotional closeness, learning and enjoyment. Involvement in this kind of activity
has two consequences. There is a direct effect on well-being (Clark and Watson, 1988) and a
stress-buftfering effect (House et al., 1988). Activity theory (Lemon, Bengtson & Peterson,
[972; Longino & Kart, 1982) postulates that social activity is associated with life satisfaction

because social activity provides opportunities for role support which in turn reaffirms the

self-concept.

The influence of social participation on survival and health appears to be exerted by
promoting psychobiological recovery processes which play a central role in the onset of age-
related illnesses such as cardiovascular diseases, Type-ll diabetes, and dementia (McEwen,
1998; Sapolsky, 1993). There are evidences that survival in the elderly is at least related to
some level of social activities in which they are involved in. Previous studies primarily from
developed countries have shown that participation in a social activity is related to long life
(Evans et al., 1991; Heeren et al, 1992). A study of social integration of elderly in most
intimate social circles, comprised of family and friends, as well as their social involvement in

their communities protected against mortality (Rodriguez-Laso et al, 2007).

Social activities affect perceived quality of life (lawton et al, 1986-87) and they afford
opportunities for aspiring, experience of competence, and autonomy. In contrast to some
productive activities such as household chores, social activities are more challenging but the
demands can be more easily adjusted to one’s skill level or preferences because they are more
freely chosen. Moreover, they yield more feedback and on average, more time is devoted to
them per day. Engagement in social activities may thus affect mental and physical health and,

ultimately, survival (Heiner Maier and Petra L.. Klumb, 2007). Studics also posit that «

5

AFRICAN DIGITAL HEALTH REPOSITORY PROJECT



. _|-_|-—

T

productive activity was not associated with survival in persons aged 70 and older where the
majority of productive activities were household chores (Heiner Maier and Petra Klumb
2007). Thus, the multiple benefits, of participation in social activities are the promotion of

physical and mental health, and ultimately, survival (Glass et al.,, 1999; l{endricks &

Hendricks, 1990; House et al., 1982; Lennartson & Silverstein, 2001; Welin et al., 1992).

It 1s well known that there are some set of covariates that can determine the relationship
between social activities and mortality; they are referred to as confounding factors or
covariates, Survival rates have varied by severity of impairment, socio-demographic status
(e.g. sex, age, and marital status), Life style (e.g. smoking, alcoho! drinking, live alone) and
health condition, such as presence of chronic disease (cancer, stroke, diabetes, cardiovascular
problem), cognitive functioning and disabilities (Backlay et al, 1985; Heyman et al,
1987;Walsh et al, 1991; Burns et al; 1991, Kaszniak et al; 1978, Van Dijk et al, 1991).

Previous studies, primarily from developed countries, have shown that dementia is associated
with increased mortality with relative risk s ranging from 1.9 to 3.6 (Evans et al, 1991;

Katzman et al, 1994; Jagger et al, 1995; Batdereschi et al, 1999; Tandi et al, 1999)

Studies have shown that, participation in regenerative, productive and consumptive activities
1s associated with survival in persons aged 70 and older. After adjusting for confounding
influences, only Consumptive activities which dominates social activities were related to

survival were related to survival (Relative Risk =0.76, 95% CI 0.58 to 1.00) (Heiner Maier

and Petra Klumb, 2007)

Presence of chronic disease was associated to early death, decreasing cognitive functioning
(with high probability of being demented) was associated with increased mortality, increasing
age, being male sex, smoking were associated with increased risk of mortality or reduced

survival while alcohol drinking was associated with increased risk of mortality(Anthony
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Perkinser et al., 2002)

However, evidence based studies determining the association between social activities and
survival in developing country has so far not available especially in Nigeria. Nevertheless,
cultural variability may also explain differences in the associations between social activities

and mortality as against the study findings shown in a study of three communities in the USA

(Seeman, 1993).
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CHAPTER 3
3.0. METHODOLOGY
3.1. STUDY AREA

The study area is Idikan, the North West local government area of [badan, the capital city of
Oyo state with a population of over 3.5million located in the South Western part of Nigeria
and adjacent contiguous eastern region of Benin. ldikan is an inner-core ancient part of
Ibadan city, a densely populated area of Ibadan, with an estimated fairly stable population of
40,000 people, and a male to female ratio of 1:2 respectively. It comprises of Yoruba and
mainly Muslim people of low socio-economic level. According to the baseline population
study conducted at the start of the Ibadan/Indianapolis Dementia Research Project in 1992,
9% of the elderly population were aged 85years and above while 72% were aged between 65
to 74years and 19% were aged between 75 to 84 years. The resident of Idikan wards are
typically small traders and craftsmen. Water supply is mainly from the well dug in the

neighborhood and electricity supply is not consistent and often nonexistence.

3.2. STUDY TYPE

This i1s a retrospective study. The event — outcome variable (Death) and the explanatory
variables (participation in social activities and other) have already occurred in the past. Data
were merely collected now to establish the relationship between the outcome variable and the

exposure variable. The study period is seventeen 17 years; study start in 1992 and end in

2009.

3.3. DATA SOURCE

It is a secondary data generated from a longitudinal prospective study initiated in 1992 by a
group of research team of investigators from Indianapolis University and University of
Ibadan which is refer to as Ibadan-Indianapolis Dementia Rescarch Project. The main

purpose of this larger longitudinal study was to describe the incidence and prevalence of

8
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Dementia and Alzheimer disease (AD) among the Yoruba elderly community aged 65years

and older, living in Idikan area of Ibadan city in Oyo state of Nigeria.

3.4. STUDY POPULATION

The population for this study comprises of all eligible elderly (aged 65years and above) in
Idikan who were recruited into the study of Ibadan Dementia Research Project during the

baseline population survey in 1992/1993.

3.5. SAMPLING METHOD

[t was a total sampling of the entire eligible elderly (aged 65years and above) in Idikan who
were recruited into the Ibadan-Indianapolis Dementia Research Project during the baseline
population survey in 1992/1993. A total of 2,494 elderly were interviewed and recruited from

the total of 3,489 households enumerated at the baseline survey making the sample size to be

, N=2,494.

3.6. DATA COLLECTION METHOD AND TOOL

A baseline cross sectional survey was conducted in 1992 at the start of the ‘Ibadan-Dementia
Research Project’ to determine the prevalence of the Alzheimer disease among the total
population of elderly (65years and above) in Idikan. Household enumeration and census in

Idikan was completed for 3,489 households in preparation for the baseline study. Using a

Quantitative method of data collection with a well-structured questionnaire called
Community Screening Instrument for Dementia (CSI-D), interview were completed for 2,494
individuals by means of a door-to-door screening and a well-trained interviewers of which:
9% of the population were aged between 65-74 years, 19% were aged 75-84 years and 19%
were aged between 75-84 years; sex ratio is 35% male and 65% female. The CSI-D consist of

a written informed consent signed by all participants and basic information such as

participant’s level of participation in daily and social activitics, presencc of chronic diseasc,
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lifestyle-smoking and alcohol drinking, lives alone/not live alone, socio-demographic status,
disability status, cognitive status were collected. All the data collected at the baseline survey
were entered into a computerized data base with FoxPro software and vital status and date of

death were monitored regularly by the interviewers visit to the study site and the database

was periodically updated.

Permission was obtained from the Ibadan Dementia Research Project Team to link with the
computerized project database to collect the secondary data used for this study. The study
period was between March, 1992 and March, 2009. In 2009, a seventeen follow-up year was
undertaken for all persons in this study. Death status was ascertained for the entire subject in
the cohort. The key variables implored in this study from the large study are socio-
demographic variables such as age, sex, education, house composition-lives alone/not live
alone; life style variables such as smoking status, alcohol drinking status, involvement in
social activities status- socially active/non socially active; health history variables-

presence/absence of any chronic diseases (Diabetes, Cancer, Stroke, Cardiovascular Disease)

and cognitive status.

3.7. STATISTICAL METHOD AND ANALYSIS TOOL USED

It is a secondary analysis of the data generated from the Ibadan-Indianapolis Dementia
Research Project. Survival analysis technique was the statistical method used. Out of the
sample size of N=2, 494, expected to be involve in the analysis, only 9 individuals were
excluded from the final analysis because of missing information resulting into the final
population studied size of N=2,485. Frequency table was used to present subjects
background. Logistic regression models were used to derive estimates of effect for analyses
related to mortality or death. Kaplan —Meier Method was used to estimate thc yearly survival
probabilities, survival curve, described and compared the survival pattcrn, calculate the

overall and the group median survival time for the two categories of the clderly in ldikan.

10
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The log-rank test was used to whether the survivor curves are statistically different. Cox

regression models were used to model time from screening to death or lost to follow up
across the two groups of elderly as a function of activities involvement adjusting for
covariates or confounding factors such as socio-demographic (age, sex, education, live
alone/do not live alone), life style- smoking and alcohol drinking, health condition/history-
presence of chronic disease (diabetes, cancer, stroke, cardiovascular disease). Estimates of
risk were derived from the coefficient in cox regression model and 95% CIl were calculated.

A p-value of less than or equal to 0.05 was used to determine significant association in

statistical testing. SPSS 11.0 for Windows was used to run the analyses.

3.8. DEFINITION AND MEASUREMENT OF VARIABLES

Three set of measures were relevant to this study; Outcome variable which is the number of
years until death occurs, explanatory variable which is the social activity involvement status
and the potential covariates which are the other variables that can contribute to the
relationship between the outcome variable and the explanatory variable. These set of
covariates includes socio-demographic characteristics such as age, gender, education; Life
style such as participants living alone or not, smoke or not, drink alcohol or not; health
conditions/history such as presence of any chronic disease and cognitive status. These

variables were collected at baseline screening interview in 1992/93 with the community

screening interview document, CSI-D.

Outcome variable

The outcome variable is the number of years until death occurs called Survival time.

Survival Time (t) is calculated by subtracting the date of death or lost to follow-up from the
date that the subject entered into the study (March, 1992) and it was recorded 1n years.

The interviewers continuously monitored this densely populated and close kmit Idikan
community all through at regular interval, daily visit to the site throughout the course of the

11
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Ibadan-Indianapolis Dementia Research Project and recorded all death and also movement of

the subject in and out of the community in order to be able to account for and involve in the

analysis the censored and uncensored data by taking the records of traveled, missing, moved
out and lost to follow up status. By the end of March, 2009, 27.2% of the study size was
recorded as deceased while 72.8% were found living.

Censored data: A Survival time, S (t) is being censored only when they are lost to follow-up
(traveled, moved out of idikan town or Untraceable) or did not experience death until the end

of the study in March, 2009. The censorship status assigned ‘zero’ for ‘censored’ (those

alive), and ‘one’ for ‘failed’ (those dead). That is, N (0) = 677 persons while N (1) = 1808

persons.

Explanatory Variables

The explanatory variables involved in this study are further classitied into two; the exposure

variable and the covariates

Exposure Variable

The only exposure variable in this study is the status of social activity involvement. It is the
exposure variable because it is the only primary variable of interest.

Social activity involvement: [t is a baseline information collected during the screening
interview in 1992/93, the subject were asked to indicate their involvement in some set of
activities and the participant’s relative who has knowledge of his/her daily functioning was

also interviewed for confirmation especially where the subject has some form of disabilities

or health conditions. The social activity index assigns ‘one’ point for ‘not being socially

active’ and ‘zero’ for ‘being socially active’:

‘Not socially active’ group refers to those who cannot carry out any waking day activities

such as bathing, eating and resting, are assisted by others including those who arc only

productively active: that is, active at home during waking day. Such as takes carc of self and

12
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others including provision of cares for relatives, cook meal, do laundry or generally look after

someone, house work including maintenance of home and possessions, running errands, paid

work, receive/see visitors, friends/family seek advice from, gardening, sewing, knitting,

dancing at home, wood/metal working, watching television/movies at home.

Socially active’ group refers to those who perform consumptive activities: that is,

extensively active at home and outside home during waking day. Such as meet/visit friends
and family, go to restaurant/centers/senior center /social club, go to play music/dancing
outside / watch TV/movies, listen to music/records/tapes, watch/participate in sports, play

games/puzzle/cards, fishing, attend parties/ Church/Mosques, neighborhood/local politics,

attending adult education courses and other social interaction.

In this study, 374 persons were found to be ‘not socially active’ while 2111 persons were

found to be ‘socially active’.

Potential Confounders/Covariates /Extraneous variables

They are referred to as the potential confounders or covariates or extraneous variables
because they are not the primary study and they can likely influence the relationship between
the exposure (primary study) and outcome variable.

Socio-demographic variables

Sex: It is a dichotomous variable indicating whether a participant is a male or a female.

The sex index assigns ‘one’ for being a ‘female’ and ‘zero’ for being a ‘male’. In this study,
N (Female)= 1617 while N (Males) = 868.

Age: Age is a continuous data made categorical. Date of birth for the Yorubas were estimated
from a table of historical land marks well-known to the population, a well-tested, long-
standing practice in Nigeria for assessing ages of adults (Ogunniyi and Osuntokun, 1993).

Age index was defined as the age as al the time of intervicw and was calculated by

subtracting the date of birth from the date of interview (1992/93), assigning ‘zero’ point to
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the age category 65-74 years, ‘ope’ point to the age category 75-84 years and ‘two’ point to

the age category 85years and abgove. That 1S, 65-74=0; 75-84=1; =85=2. n= 1792 persons

were aged 65 to 74 years, n= 470 persons were aged 75 to 84 years while n= 223 persons

——— T — T — =

were aged 85years and above.

Education: It is a dichotomous variable Indicating whether or not a participant ever attends 1
school. The education index assigns ‘one’ point for ‘no’ as a response to can read and write?

And ‘zero’ point for ‘yes’ as a response to can read and write? n=377 persons reported can

read and write while n= 2108 persons reported cannot read and write.

Life style variable

The life style variables collected were smoking and alcohol drinking history, Co-habiting

status. Smoking and alcohol history were self-reported on the screening interview

questionnaire

Snioking status: It is a dichotomous variable indicating whether or not a participant does

smoke. The smoking index assigns ‘one’ point for smoking and zero point for not smoking.

n=603 persons do smoke while n= 1883 persons do not smoke.

Alcohol status: It is a dichotomous variable indicating whether or not a participant does
| drink alcohol. The alcohol index assigns ‘one’ point for drinking alcohol and ‘zero’ point for

not drinking alcohol. n= 614 persons drink alcohol while n=1871 persons do not drink

alcohol.

House Composition: It is a dichotomous variable indicating the living arrangement of the

participant, whether he/she lives alone or lives with others (his or her partner(s) alone or

family no spouse, family with partners or others). This variable was self-reported on the

screening interview with interviewer’s observation. The house composition index assigns one

point for living alone and zero point for living with others. n= 31 persons lives alon¢ while

n= 2454 persons lives with others.
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Health Status Variables: The health status variables collected were presence of chronic

disease and cognitive functioning status.

Presence of Chronic Disease: It |5 5 dichotomous variable indicating whether or not the

participant has the presence of at least one chronic disease such as hypertension, stroke,

diabetes, cancer. This comorbidity index was calculated by scoring one for the presence of

any of the chronic diseases mentioned earlier, n= 214 persons has the presence of at least one

chronic disease while n=2271 persons do not have any.

Those responding “don’t know” for any particular condition were considered free of the
condition.

Cognitive functioning: It is a continuous variable made categorical. All subjects were
administered a Yoruba translated version of abbreviated mental test score to single out
subject with cognitive impairment. Based on the cognitive scores reported by the CSI-D,
subjects were classified into three groups namely: > 29.5 = Good performance, > 28.5 and <
29.5 = Intermediate, < 28.5 = Poor performance; with a low, medium, or high probability of

being demented respectively (Hall et al., 1993; Hall et al., 1996). The cognitive functioning

index therefore assigned ‘zero’ for good, ‘one’ for intermediate and ‘two’ for poor

performance respectively. n= 1053 persons has good performance, n= 511 persons has

intermediate performance and n= 921 persons has poor performance.

39  Exclusive & Inclusive criteria: Any person with missing data on any of the variables

i consideration was excluded from the study. Therefore, the original 2,494 interviewed at
the baseline survey reduced to a total studied population sample size of N=2,485 because of

nine persons that were completely excluded from the final analysis due to missing

information. No percentage untraceable or missing information on the variables that werc

involved in the final study due to the exclusion criteria.
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3.10.0. SURVIVAL ANALYSIS |

It is a collection of statistical procedures for data analysis for which the ‘outcome variable of

interest’ is ‘time until an event occurs’.

3.10.1. Terminologies and Key Notations

Terminologies

Event: By event, we mean death, disease incidence, relapse from remission, recovery (¢.g.,
return to work) or any designated experience of interest that may happen to an individual. It
is typically referred to as a ‘failure’, because the kind of event of interest usually is death,
disease incidence or some other negative individual experience. However, survival time may
be ‘time to return to work after an elective surgical procedures’ in which case failure is a
positive event, That is, failure = Event of interest. However, failure can be positive event,
such as returning to school.

Time: By time, we mean years, months, weeks or days from the beginning of follow-up of an
individual until an event occurs; alternatively time can refer to the age of an individual when
an event occurs.

Survival Time: In a survival analysis, we usually refer to the time variable as survival time,
because it gives the time that an individual has ‘survived’ over some follow-up period. That
is, Survival Time = Time: It is the outcome variable.

Outcome Variable: It is the variable that 1s the focus of our attention, whose variation or

occurrence we-are seeking to understand.

Explanatory variable: This is a factor that may influence the size, or the occurrence of the

outcome variable. It can be classified into two; the exposure variable and the extraneous

variables.

Exposure variable: It is an explanatory variable but the primary factor of interest that may

influence the size or the occurrence of the outcome variable,
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Extraneous variable: It is an explanatory variable but also an extraneous variable for it is

the one we are interested in adjusting or controlling for, because of either its confounding or

interactive effect.

Confounder(s): These is/are variable(s) that can affect the outcome-exposure

association/relationship which are said to confound the association of interest in which,

failure to control for them can lead to confounding bias. That is, it can confound the effect of

exposure on the outcome.

Interaction: When the relationship between the exposure and outcome variable is known to
be different depending on the level of the other variable, then there is an interaction.
Competing Risk: This statistical problem occurs when more than one events is considered in
the same analysis (e.g., death from any of several causes). To solve this problem, although
more than one event may be considered in the same analysis, we will assume that only one
event is of design interest.
Censoring: It is a key analytical problem in survival analysis. Censoring occurs when we
have some information about individual survival time, but we don’t know the exact survival
time. We usually want to use the observed survival time to draw implications about the true
survival time so that we don’t lose information and thereby generate a misleading result.
There are generally three reasons why censoring may occur:

Study ends- no-event: A person does not experience the event before the study ends

Lost: A person is lost to follow-up during the study period

Withdraws: A person withdraws from the study because of death (if death is not the

designated event of interest) or some other reason (e.g., adverse drug reaction)

If a person does not fail, that is, does not get the event during the study period, censorship is

the only remaining possibility for that person’s survival time.

Survival time can be indicated as censored or failed with ‘1’ denoting ‘failed’ and ‘0’

17

AFRICAN DIGITAL HEALTH REPOSITORY PROJECT




denoting ‘censored’.

survival time for this study is R.C.

Left Censored data: These occur when the person’s survival time becomes incomplete (has
been cut off) to the left side of the follow-up period for that person. For instance, if we are
following persons with HIV infection, we may start follow-up when a subject first tests
positive for the HIV virus, but we may not know exactly the time of first exposure to the
virus. Thus, the survival time is censored on the left side, because there is unknown follow-up

time from the time of first exposure up to time of first up to time of first positive HIV test.

Survivor and Hazard Function

The two quantitative terms considered in any survival analysis are ‘Survivor function’ and
*Hazard functions’. Of these two functions, S (t) and H (t), the survivor function is more
naturally appealing for analysis of survival date, simply because S (t) directly describes the

survival experience of a study cohort. However, the hazard function is also of interest for the

following reasons:
e It provides insight about conditional failure rates;

It may be used to identify a specific model form, such as an exponential, a Weibull, or

a lognormal curve that fits one’s data.

It is the vehicle by which mathematical modeling of survival data is carried out; that

i« the survival model is usually written in terms of the hazard function.
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denoting ‘censored’.

Two types of censored data are Right censored datg and Left censored data.

icht censored data: : . :
Rig a: These occur when the person’s survival time becomes incomplete (has

been cut oft) at the right side of the follow-up period, that is, occurring when the study ends

or when the person is lost to follow-up or is withdrawn. Most survival time is R.C. The

survival time for this study is R.C.

Left Censored data: These occur when the person’s survival time becomes incomplete (has
been cut oft) to the left side of the follow-up period for that person. For instance, if we are
following persons with HIV infection, we may start follow-up when a subject first tests
positive for the HIV virus, but we may not know exactly the time of first exposure to the
virus. Thus, the survival time is censored on the left side, because there is unknown follow-up
time from the time of first exposure up to time of first up to time of first positive HIV test.
Survivor and Hazard Function

The two quantitative terims considered in any survival analysis are ‘Survivor function’ and
‘Hazard functions’. Of these two functions, S (t) and H (t), the survivor function is more
naturally appealing for analysis of survival date, simply because S (t) directly describes the

survival experience of a study cohort. However, the hazard function is also of interest for the

following reasons:
o It provides insight about conditional failure rates;

o It may be used to identify a specific model form, such as an exponential, a Weibull, or

a lognormal curve that fits one’s data.

It is the vehicle by which mathematical modeling of survival data is carried out; that

‘< the survival model is usually written in terms of the hazard function.
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Key Notations

T: The random variable ‘person survival time’ is denoted by capital T. Since T denotes time,

Its possible values include all Nonnegative numbers. That is, T = Survival time, (T = 0).

t: Any specific value of interest for the randor variable, capital T is denoted by a small letter

€49 r . . . . .
t’. For example, if we are interested in evaluating whether a person survives for more than

five (5) years after undergoing cancer therapy, it then means that small ‘t’ equals *S’, capital

T exceeds °5°. t = specific value for T. Survives > 5 years implies T > t = 5.

3.10.2. Goals of Survival Analyscs

The basic goals of survival analyses are to:

e Estimate and interpret survivor and/or hazard functions from survival data

e (Compare survivor and/or hazard functions.

o Assess the relationship of explanatory variables to survival time

3.10.3. Survivor Function and Hazard Function

Survivor Function

It is denoted by S (t). It gives the probability that a person survives longer than a specified
time, t. Survival function is fundamental to a survival analysis, because obtaining survival
probabilities for different values of ‘t’ provides crucial summary information from survival

data. Theoretically, as t ranges from ‘0’ to ‘0’; S (t) can be graphed as a smooth curve.

All survivor functions have the following characteristics:
|. They are non-increasing; that is, they headed downward as to increasing.

2 Attimet =0, S(t) = S(0) = 1; that is, at the start of the study, since no one has goticn

the event yet, the probability of surviving past time zero (0) 1s one (1).

3 At time t = @ . S(t) = S(») = 0; That is, theorctically, if the study period increascd
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without limit, eve ‘ '
ntually no one will survive, so the survivor curve must eventually

fall to zero.

But i ' ‘
t In praCthC, When usmg actual data, we usua]ly obtain graphS that are Step

nctions. Because, the study period is never infinite in length, it is possible that not

everyone studied gets the event. In practice, the estimated survivor function, denoted

by a caret over the S as in S(t), thus does not go all the way down to zero at the end of

the study.

Hazard Function

It isdenoted by h (t), is given by the formula:  h(t)

PU<T<t+At|T>t)

Lim At—0

At
That is, h (t) equals limit, as At approaches zero, of a probability statement about survival,
divide by At, where At denotes a small interval of time. The hazard function h(t) gives the
instantaneous potential for failing at time ‘t* per unit time, given survival up to time t. h(t) is
also called instantancous potential or conditional failure rate.
For a specified value of t, the hazard function h(t) has the following characteristics:
1. H(t) = 0; it is always nonnegative, that is, equal to or greater than zero;

2. H(t) has no upper bound.

Types of Hazard Functions

Exponential Model: Hazard function is constant at any given value of survival time ‘t’

Increasing Weibull Model: H(t) increases at any increase in survival time ‘t’

Decreasing Weibull Model: Hazard function decreases at any increase in survival

time ‘t’

Lognormal Survival Model: Hazard function decreases at the carly stage ot survival

8 ® a9 . ;
but then decreases later as the survival time ‘t’ incrcases
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3.10.4 fferences and Relationship of Survivor functions and Hazard functions

Differences

Hazard function h (t) unlike survivor function s(t) is a rate and not a probability because it is

a ratlo of two quantities; P(t = T < t + At | T =1) and At. H(t) is time dependent. The scale for

this ratio ts not 0 to 1 like survivor function but 0 and 8 and depends on whether time s

measured In days, weeks, months or years, etc.

In contrast to a survivor function, the graph of h (t) does not have to start at | and go down to

zero, but rather can start anywhere and go up and down in any direction over time.

Relationship of S (t) and H (1)

There s a clearly defined relationship between the two. In fact, if one knows the form of S

(t), one can derive the corresponding h (t) and vice versa.

The relationship is expressed in general formulae as follows:

1. S(t)=exp [— fot h -:u)du]

[ )]

2. h(t)=

S(¢)

N

The first of these formulae describes how the survivor functions S (t) can be written in terms

of an integral involving the hazard function. The formula says that S (t) equals the

exponential of the negative integral of the hazard function between integration limits of time

*‘zero’ and ‘t’.

The second formula describes how the hazard function h (t) can be written in terms of a

derivative involving the survivor function. This formula says that h (t) equals minus the

derivatives of S (t) with respect to t divided by S (1).

The higher the hazard rate, the lower is the group’s probability of surviving.
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3.10.5. Descriptive Measures of Survival Experience

ival time ¢,y i ' ‘ tval time i '
survival time ¢y in a group (ignoring whether a survival time is censored or failed) and then

finding the average.

That iS, T - Z?:'l t(t) /n ]

While the Average Hazard Rates denoted by 1 is defined by dividing the total number of

failures by the sum of the observed survival times.

e a——

That is, A = no. of failures/ ¥, & .

The hazard rate indicated failure potential rather than survival probability. Thus the higher

the hazard rate, the lower is the probability of surviving.

3.10.6. Kaplan-Meier (KM) Method

Descriptive measures for survival experience cannot compare groups at different points In
time of follow-up. Such comparison is provided by a graph of survivor curves generated by

estimated survival probabilities at a given time. The method used to get these curves is cailed

Kaplan- Meier (KM) method. It can be used to compute the survival probability at a given

time using all the survival information collected on a censored person up to the time of

censorship rather than simply throw away all the information on a censored person. Kaplan-

Meier Method estimates survivor curves that are actually step functions and allows

comparison of two groups al different points in time of follow-up. From the Kaplan-Meter

graph, one can obtain the median survival time for a group graphically by proceeding

horizontally from the 0.5 point on the Y-axis until survivor curve is reached, and then
or |

oceeding vertically downward until the X-axis is crossed at the median survival tinc,
pr
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Below is the basic data layout upon which Kaplan-Meier survival

time and curves are derived.

Ordered Data Layout:

probabilities at a given

O.rdered Failure | no. of Failures, | . censored, [ Risk set, ;) §(t(j))
Times, I(; | 7)) ()
ty =0 T(pa=t) Qo) (o) S(to)) |
t(a) M) (1) (1) | §(fm)
ta) | ™) q(2) n(3) S(tp)
f 5 —
L M (5) q(x) R S (tgg))

The first column in the table gives ordered survival times L(; from the smallest to largest.

Each table begins with a survival time of zero, even though no subjects actually failed at the

start of follow-up. The reason for the zero is to allow for the possibility that some subjects

might have been censored before the earliest failure time.

The second column gives frequency counts of failure denoted by m; at cach distinct failure
time. The third column gives frequency counts, denoted by 7., of those persons censored in

the time interval starting with failure time ¢t(,y up to but not including the next failure time

denoted by t(;:1)-

The fourth column gives the risk set, which denotes the collection of individuals who have

‘ved at least to time t¢,y OfF gives the number of subjects at the start of the interval. It is
Survive

also denoted by =,

The last column denoted by S(t(ﬂ) contains the survival probability estimates. The general
e last co

formula for a KM survival probability at failure time &y is shown below:
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g(t(ﬁ) = S(tfj—ﬂ) X Pr (T > t(ﬂl i >t(_ﬂ ).

This formula gives the -
4 probability of SUrVIVing past the previous failure time ¢(;_,),

ultiplied by the conditi 1
multip Y nditional probability of SUrviving past time t(;, given survival to at least

to. .

The above KM formula can be expressed as a product limit if we substitute for the survival

probability S{¢¢;_qy). the product of all fractions that estimate the conditional probabilities

for failure times t(;_,y and earlier.

That is, §(t( S H}L . Pr(T > toy | T> tey] (product limit formula)
=S(t; )X Pr(T>tey] T>r()

Mathematical Proof:

Using the basic rules of probability, the KM formula can be described as follows;

Pr (A and B) = Pr (A) x Pr (B|A) always (rule of probability)

[f we let A be the event that a subject survives to at least ¢y , that (s A="T 22 r( 3"

and we let B be the event thata subject survives past time tp, thatis, B = T>tn"

Then the joint event A and B =B

It follows that, Fr (A and B) = Pr (B) =S (&)

No failure during &¢;-1) < T < Fp

Therefore, Pr (A) =Pr (T>1;-1)) = S (L(j-1))

Pr (B/A) = Pr (T > tyT 2 1)
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Thus, from Pr (A and B) formula_,

SC) = SCtG-0) X Pr(T> £/ T >t )

The KM survival it
e probabilities and curves can be easily obtained from the most computer

packages that perform survival analysis such as SPSS, SAS and the rest. All the user needs to

do 1s provide a KM computer Program with the basic data layout and then provide

appropriate commands to obtain plots.

3.10.7. Log-Rank Test for Two Groups and Several Groups

Log-Rank Test for Two Groups

It 1s the most popular testing method use to evaluate whether or not Kaplan-Meier (KM)
survivor curves for two groups are statistically significant. When we state that two KM
curves are °statistically equivalent”, we mean that, based on a testing procedure that

compares the two curves in some “overall sense” we do not have evidence to indicate that the

true (population) survival curves are different.

The log-rank test is a large-sample chi-square test that uses as its criterion a statistics that
provides an overall comparison of the KM curves being compared. This (log-rank) statistics,
like many other statistics used in other kinds of chi-square tests, makes use of observed
versus expected cell counts over categories of outcomes. The categories for the log-rank

statistics are defined by each of the ordered failure times for the entire set of data being

analyzed.

For each ordered failure time, t(; in an entire set of data, the numbers of subjects failing at

that time is denoted by m s separately by group (1) as M, ; and m, - Followed by the
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bers of subjects i ] :
oy ] In the risk set at that time denoted by n;, » separately by group (i) as

N(4;) and 7, 5.

The formula for the expected cell coynts is given below:

For group 1,

Proportion in the risk set no. of failures over both groups

This formula computes the expected number at time j (i.e., e,; ) as the proportion of the total

nci

subjects in both groups who are at risk at time j, that is ( ——— ) multiplied by the total
2] TaTing

number of failures at that time over both groups (i.e. my; + m,, ).

’ v & Ry i '
For group 2, e,, is computed similarly as e, = [ - ]x (my; + my; )

N i¥ Ngj

The log-rank test statistics is formed using the sum of the observed minus expected counts

over all failure times for one of the two groups.

Thatis, Of'Ef= ?:1 (mi)— el‘)’)aizlsz

The log-rank statistics IS compared by dividing the square of the summed observed minus

computed by dividing the square of the summed observed minus expected score for one of

the groups by the estimated variance of the summed observed minus expected score.

. W (0 -5 )°
That is, log-rank statistics = |ya, (¢, -£ )
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N
i T Pngeng oy =12

11, :No difference between suryivg] curves

is variance for ' : -
. This e formula involves the numbper In the risk set in each group (n,; ) and the number

1lures in each ey " :
of failure group (’mt-)- ) attime j. The summation is overall distinct failure times.

The null hypothesis being tested is that there is no overall difference between the two

survival curves. Under this null hypothesis, the log-rank statistics is approximately chi-square

with one degree of freedom. Thus, a p-value for the log-rank test is determined from tables of

the chi-square distribution.

Several computer programs are available for calculating the log-rank statistics without the
rigorous attempt of using the formula such as SPIDA, SPSS, SAS and the rest. During the

computer printout interpretation, the p-value is an indicator of whether the null-hypothesis

should be rejected or we fail to reject.

An approximation to the log-rank statistics can be calculated using observed and expected
values for each group without having to complete the variance formula. The approximate

formula is of the classic chi-square form that sums over each group being compared the

square of the observed minus expected value divided by the expected value.

Zna cf groups (0; —E )°

Approximate formula: X* = i=1 £

Log-Rank Test for Several Groups

urvival curves. The null hypothesis
d to compare three or more s
The log-rank test can be Use

. . e
for this more general situation 1S that all survival curves arc the same

Formula Log-Rank Test for Several Groups:
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i=1.2. . .Gandj=
Fori= 1, andj=1,2 ...k where G = po. of groups and k = no. of distinct failure

times,

n,; = o. at risk in ith group at jth ordered failure time

m; = observed no. of failures in ith group at jth ordered failure time

,, = eXpected no of failures in ith group at jth ordered failure time

= —jy-_ (m11+ ?le-)

Nyj ™ Naj ;

_ <TG
n; = D=y Ny

' ' t formula
Then the log-rank statistics is given by the matrix produc

(| hypothesis that all G groups have a common survival curve.

degree of freedom under the nu
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3.108.  CoxProportional Hazard Model, Formula ang Properties

Coyx proportional hazard model

Cox Proportional hazard regressjon also known as Cox regression is the most commonly
used approach to the regression of surviva] data. The model is a popular mathematical model

used for analyzing survival data with the basic question of interest which concerns:

comparing Of survival experience of groups adjusting for or evaluating the possible

confounding and/or interaction effect of covariates on the outcome variables.

The formula for Cox proportional hazard model

The Cox proportional hazards (PH) model is usually written in terms of the hazard model
formula. This model gives an expression for the hazard at time t for an individual with a

given specification of a set of explanatory variables.
h(t,X)= ko () eZ=:Fik

X=(X,X ...X,) explanatory/predictor variable.

The Cox model formula says that the hazard at time t is the product of two quantities. The

first of these, hgy (t), is called the baseline hazard function. The second quantity is the

' nator
exponential expression € 0 the linear sum of ;X where the sum is Over the p expla y

X variable. An important feature of this formula, which concerns the proportional hazards
variable.

a ’

' ' es the X’s, but does not involve t.
In contrast, the exponential expression shown here, involv
2,
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1ables are consider
varidoic dered, the Cox mode} form may still be yseq but such a model no longer

satisfies the PH assumptiong and is called the extended C del
0X model,

Time - Independent Variables

is defined to be an ’
It is y variable whose valyes for g given individual do not change over time.

ever, a variable :
How values may change over time, but for purposes of the analysis, 1t 1S

assumed not to chan it | :
SS 5C Once 1t 1s measured, so that only one value per individual is used and

also if the eftect of such variables on syrvival risk depends essentially on the value at only

one measurement.
Properties of Cox model formula

I. The Cox model formula has the property that if all the X’s area equal to zero, or when
no X’s are in the model, the formula reduces to the baseline hazard function. That is,

the exponential part of the formula becomes ¢ to the zero, which is one. This property

of the Cox model is the reason why i, (2) is called baseline function.

Thatis, h(t, X)= hy () eZizFi

If ,=X, ...=% =0
= hy (2) €°

o ho (£)

= Baseline hazard.

' ‘t) may be considered as a starting or
Or when no X’s are in the model, thus hg (t) may

o ] [ ,
' ' ' rior to considering any of the X’s.
“baseline’” version of the hazard function, p

Thatis, h (t, X)= ho (t)
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. Another important
P PTOPETty of the Cox mode] i that the baseline hazard, h, (1), is an

unspeCifled function. It ; '
[t is this PrOPerty that makes the Cox model a nonparametric

model. In contrast, a par : :
» € Pafametric model is one whoge functional form is completely

specified, except for the vajyes of the unknown parameters

3.10.9. Why the Cox PH Model js Popular and its ML Estimation

Why the Cox PH model is popular

1. A key reason for the popularity of the Cox model is that it is nonparametric. Even

though the baseline hazard is not specified, reasonably good estimates of regression

coefficients, hazard ratio of interest and adjusted curves can be obtained for a wide
variety of data situations. Another way of saying this is that the Cox PH model is a
“robust” model, because the results from using the Cox model will closely

approximate the results for the correct parametric model. When in doubt, as IS

typically the case, the Cox model is a “safe” choice of model.
2. In addition to the general robustness of the Cox mode, the specific form of the model

< attractive for several reasons. The specific form of the Cox model gives the hazard

function as a product of a baseline hazard involving ¢ and an exponential expression

involving the X’s without £ The exponential part of this product is appealing because

'+ ensures that the fitted model will always give estimated hazards that are non-

ion. the values of any hazard function must range between zero

negative. BY definit

and plus infinity, that is, a hazard is always non-negative.

part of the model 1S Unspeciﬁed,

he model. That is. the primary information dcsired from a
f the : ;

exponential part O

hazard ratio (HR) and survival curve can bc obtained

survival analysis namely the
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|
|
|
|

using @ MiNIMUM of Jesymans: :
mplions withoyt having to estimate the baseline hazard
function hy (t).

4. One last point :
P about the Popularity of the Cox model is that, it is preferred over the

logistic model ’ ime
g when survijval time information jg available and there is censoring.

That is, the Cox : :
model uses more Information- the survival times- than the logistic

model, which ' :
; considers a (0,1) outcomes and 1gnores survival times and censoring.

ML Estimation of the Cox PH model

The method of estimation used to obtain the coefficients for Cox regression model is called,

the maximum likelihood estimation. The estimates of the Cox model parameters 8's in the
general formula shown as follow, h (t, X) = ho (2) e Zi=- 8% are called maximum

likelihood (ML) estimates and are denoted as B: The ML estimates of the Cox model

parameters are derived by maximizing a likelihood function usually denoted as L. The
likelihood function is a mathematical expression which describes the joint probability of

obtaining the data actually observed on the subjects in the study as a function of the unknown

' | [ ! ' ' otationally as L
parameters (the B's) in the model being considered. L is sometimes writteén n y

| meters.
(8's) where B denotes the collection of unknown para

The mathematical expression for L for the Cox model is quite complicated; moreover, In

! is, SO,
practice, the formula for L is built into the computer program used for survival analys

there is no need to see it in order to obtain the ML estimates.

function rather than a (complete) likelithood function.

It is usually called a “partial” likel ihood

e likelihood formula considers probabilities only for

It is called “partial” likelihood because th

licitly consider probabilities for those subjects who

those subjects who fail, and does not €xp
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are censored. Thus the Jikelihgog
00d for the Cox mode] does not consider probabilities for all

subjects, and so it is called a 5 Partial” likelilhood
od.

[n particular,

the partial likelihoo :
d can be written as the product of several likelihoods, one

R(t, ' :
( ¢5) and this set will change- actually get sialler in size as the

failure time increases.

=L xL,XL. x. .. = [[¥ . , : : :
LE AR RS L= 1155 L; where L; = portion of L for the jth failure time given the

risk set R(¢¢,y].

Thus, although the partial likelihood focuses on subjects who fail, survival time information
prior to censorship is used for those subjects who are censored. That is, a person who s

censored after the jth failure time is part of the risk set used to compute ; even though this

person is censored later.

Steps for obtaining ML estimates:

1. The likelihood function is formed for a given model

7 Maximize the natural log of L. The maximization process is carried out by taking

partial derivativesof L with respect to each parameters in the model,

Then, solving a System of equations as shown below:

oo = 1,..pumberofparancier
1

This solution

. carried out using iteration. That is, the solution is obtained in a

stepwise manner, which starts with

(1) A guessed value for the solution

guessed value until a solution is finally obtained.

(i)  Then successively modifies the
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In general, a hazard ratio (HR) is defined as the hazard for one individual divided by the

hazard for a different individual. The two individuals being compared can be distinguished by

their values for the set of predictors, that 1S, the Xs.

= h (£X")
That 1S, e (U0

Where X" =X;%X,%...,X,°

And X=(X,,X,, ... X,) denote the set of X’s for two individuals

It is easier to interpret an HR that exceeds the null value of 1 than an HR that is less than 1.

That is, h (LX) = h (t, X) . The X’s are typically coded so that the group with the smaller

hazard corresponds to X.

: . il
An expression is obtained for the HR formula in terms of the regression coefficients Dy
n 4

la into the numerator and denominator of the hazard ratio

substituting the Cox model formu

expression. This substitution is shown below.

0 BiX'y

h (£X") e =
. ——— — ~ — | - X'
Thatis, AR =7 50"~ pegg o Zima ™t ™
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General Rules:

1. The hazard ratio for th
¢ effect of 4 (0, 1) exposure variable which adjusts for other

variables 1s obtained b -
Y the CXpOnentiation of the estimated coefficient of the

exposure variable. Th; '
posur This rule has the Proviso that the model does not contain any

That is, if X, isa (0, 1) exposure variable,

then HR= e A1 (= effect of €Xposure adjusted for other X’s) provided no other X’s

are product terms involving exposure.

2. The hazard ratio for the effect of a (0,1) exposure variable in a model which contains

product terms involving this exposure with others X’s can be written as follows:

AR =exp [f+ X 5 W]
Where

E = coefficient of exposure variable, E

I

D= coefficient of product terms, E x W,

(HR does not contain coefficients of non-products term)

' |
3.10.11.  Adjusted Survival Curves using the Cox Proportional Hazard (PH) Mode

no

nctions. When a Cox model is used to

Meier method. Such KM curves drc plotted as step fu

e

redictors. These are call |
5 matically different from KM curves. The

D functions. It is mathe

ste
these are also plotted as ‘

. tes and therefore, arc not computed using result rom a
covarialc

KM curves do not adjust for
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d Cox PH model. The 44; :
fitte adjusted survival Curve are Com puted using results from a fitted

PH model. The hazar '
Cox ard function formula for the Cox PH model can be converted to a

corresponding survival functjon formula for
the Cox mode]
: as shown below:

Cox model hazard function: h (1, X) = g (¢) e E2, 0%
Cox model survival function: S (t, X) = NG o8 X,

This survival function formula is the basis for determining adjusted survival curves.

The expression for the estimated survival function can be written as

86X = KO

S, (¢) and ﬁ are provided by the computer program that fits the Cox model. The X’s,

however, must first be specified by the investigation before the computer program can

compute the estimated survival curve.

Typically, when computing adjusted survival curves, the values chosen for a covariate being

adjusted is an average value like an arithmetic mean or a median. In fact, most computer

programs for the Cox model automatically use the mean value over all subjects for each

covariate being adjusted.

two groups is shown bejow:

General formula for adjusted survival curves comparing

e is variable X3, whose estimated

Note that we are assuming that the exposure Vvariabl

Where Exposed subjects e

SR E‘:’i}*'a--_r_gwlz
S(t, Xy = [5o(V)]
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Unexposed subjects = XO = ()

Be(o)+T
5t X)) = [Sp (0] @A

al formula f ‘ '
Gener or adjusted syryival curve for all covariates ; th
In the mode

3(t, %)= [ (0] =™

exposure group.

3.10.12.  Meaning and Properties of Proportional Hazard (PH) Assumption

The PH assumption requires, that the ratio of hazard comparing different exposure group

remains constant over time. Or equivalently, that the hazard for one Individual is proportional

to the hazard for any other individual, where the proportionality constant is independent of

time.

Re-considering the final expression for the hazard ratio,

h(tX’ ~. I3
HR =3 = exp B2, B:EN\ - %))

h (t.X)

Thus once the model is fitted and the values for X* and X are specified, the value of the

exponential expression for the estimated hazard ratio is a constant, which does not depend on

time. If we denote this constant by 8,
- - P A '
That 1s, let 6 = €XPp [Zizl L. (X i X;)]

Then we can write the HR as
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This is a mathematical eXpression which

Thatish (£X*) = 6 k (¢, X)

is expression sa :
This €Xp ys that the hazard function for gne individual s proportional to the hazard

ion for ano indivi -
function ther individual, where the proportionality constant is § which does not

depend on time.

In general, if the hazards cross, then the PH assumption cannot be met, in that, if the hazard
ratio varies over time, then a Cox PH model is not appropriate. The P (PH) information
allows one to evaluate the proportional hazards (PH) assumption. The p-value can be derived
from a standard normal statistics computed from the Cox proportional hazard model output.
A non-significant (i.e. large) p-value, say greater than 0.05 indicates that the PH assumption I
satisfied, whereas a small p-value, say < 0.05 indicates that the variable being tested does not

satisfy this assumption. The P (PH) approach for evaluating whether the PH assumption is

satisfied is only one of three approaches.

3.10.13. Interpreting the result of Cox PH Analysis

ssessing the effect of exposure

For any Cox proportional hazard model, the basic question 1s a

ome variable adjusting for the possible confounding and interaction effect. In
C

onfidence interval (C.I) which give a

variable on out

ing ac
statistical analyses, result are presented by reporting

n, and a p-value which addresses

range of likely values for the difference in the populatio
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F-I

wheth C€in the samp|e could arise because of chance alone, if th
e alone, if there

were no difference in the populatjon.

1. Test for significance of effect- Test of hypothesis

2 Point estimate of effect

3. Confidence interval for effect

Before interpreting any computer printout of a Cox regression analysis, a fitted Cox PH

model needed to be identify by putting into consideration the potential of having interaction

effect and confounding effect of the covariates.

In other to interpret the computer printout of a Cox regression analysis, it is necessary 1o

identify the following:

1. The variables that are included in the mode]

2. Regression coefficients corresponding to each variable in the model

3. Standard errors of the regression coefficients

iCI iven can be
4. The p-values for testing the significance of each coefficient where not given

lated by dividing the ~oefficient of the independent variables by its standard

e that the quantity is approximately a standard

calcu

error and whatever it gives, 1t 1s assum

s known as Wald statistics, which is one of

normal or Z variable. This Z statistiCs |

s use of the log likelihood value.

atistics, make
Likelihood ratio or LR statistics,
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ther the observed difference :
whe In the samp|e could arise becayse of chance alone. if th
nce alone, if there

were no difference in the population

effect) between the exposure variap|e «

status of i ' : v
of involvement in social activity” and outcome

iable « death” , there isti -
variable are three statistical objectives typically considered:

1. Testfor significance of effect- Test of hypothesis
7. Point estimate of effect

3. Confidence interval for effect

Before interpreting any computer printout of a Cox regression analysis, a fitted Cox PH

model needed to be identify by putting into consideration the potential of having interaction

effect and confounding effect of the covariates.

[n other to interpret the computer printout of a Cox regression analysis, it 1s necessary t0

identify the following:

1. The variables that are included in the model

Regression coetticients corresponding to each variable in the model

!\)

3 Standard errors ofthe regression coefficients

! ! an be
4. The p-values for testing the significance of each coefficient where not given C

. . . ]
Iculated by dividing the coefficient of the independent variables by its standar
ca

. . . a tanda d

is known as Wald statistics, which is one of

tormat or Z variable. This Z statistiCs
h ML estimates. The other test statistics called

' : wit
the two test statistiCs typically used

s use of the log likelihood value.

. tics. make
Likelihood ratio or LR statistics,
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coefficient of the explanatory variable.

6. To describe the confidence interval (C.1) for the effect of explanatory/independent

variable. It is the C.I for the HR value which is given in the computer printout. [f not
given, 1t can be calculated as follows: For instance, to compute a 95% C.1 for the

regression coefficient of the explanatory variable, the large sample formula is the

regression coefficient 8. +1.96 X S. E where 1.96 is the 97.5 percentile of the

standard normal or Z distribution. Followed by taken the exponential of the two limits

obtained for the C.I for the regression coefficient of the explanatory variable.

3.10.14. Interpreting Statistical Analysis Result

Testing Hypothesis

Testing hypothesis is @ process of disproving hyp

groups Or no association between variables.

hypothesis: that there is no difference between

for their consistency with the null hypothesis.

Relevant data are then collected and assessed

en treatments and outcomes are assessed by

or betwe
Links between exposure and outcoMmes,

e null hypothesis, as measured by p-value.

: apainst th
ini evidence against
examining the strength of the

e straight between €ycs, statistical methods

“!’he | t hlt on
Ill SOme CerUIllStanCCS’ r

sis, Unfortunately these siluations are rare
eSIS.

ect the null hypOth

are not required in order to rej

one-to-onc link belween cxposures and
a -

e is rarely
in medical research because€ ther
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means or any of the other measures of €Xposure effect) plus or minus its standard error

multiplied by the appropriate percentage point. Unless the sample size i1s small, this

percentage point is based on the normal distribution (e.g. 1.96 for 95% C.Is).
95% C.] = Estimate — (1.96 X S.E) to Estimate + (1.96 X S.E).
The test statistics 1s simply the sample estimate divided by its standard error.

cstimate

S.BE

That is, Test statistics =

The test statistics measures by how many standard errors the estimate differs from the null of

zero. It is used to derive a p-value. The standard error is inversely related to the sample size.

Thus the larger the sample size, the smaller will be the standard error. Since the standard

f the C.I and the size of the test statistics, this also implies the

error determines the width O

e Of difference between the two groups, the larger the Sample

following: For any particular SIZ

tatistics.
size the smaller will be the C.I and the larger the test s

getting a difference at least as big as that observed if

g : the probabi liy of
P- value is defined as P p-values; we include the

' ally use two-sided
the null hypothesis is true. BY convention, we usually

been of the samC size but in the oppositc direction.
e bee

possibility that the difference could hav
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The larger the test statistics, the smaller is e |
P-Value. The

Interpretation : :
«ame, no matter how they are deriveq. of p-value is the

ImerpretatiOH of P- Value

examining whether it is smaller that particular thresholg value. In particular p-values less

than 0.05 are often reported as “statistically significant’ and interpreted as being small enough

to justify rejection of the null hypothesis. This is why hypothesis tests have been called

significance tests. The 0.05 threshold is an arbitrary one that became commonly used in

medical and psychological research, largely because p-value were determined by comparing

the test statistics against tabulations of specific percentage points of distributions such as the z

and ¢ distributions.

In reporting the result of a study, it is recommended that the precise p-value should be

reported together with the 05% C.I (Betty R.Kirkwood and Jonathan A.C Sterne, Essential

Medical Statistics).

It should be acknowledged that the 95% C 1 is based on the same arbitrary value as the 0.05

. : 05. th
threshold; a z-value of 1.96 corresponds to a p-value of 0.05. This means that if p<0.05, then

r, the interpretation of a C.| should not

the 95% C.] will not contain the null value. Howeve

e but on the range and potential importance

focus on whether or not it contains the null valu

of the different values inthe interval.

. £ g f
: : he difference and It S.E, they are O
:ved from the s1Z€ of t
-values are derive

Since both C.J and p | l
o4, C.] does not contain the nu

| value, then we

£ the 95
course closely related. For example, if the
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that the p-value must be
s Smaller thap 0.05 ang vice v
know Crsa; If the 95% C.I does not

-V '
alue wil] pe sreater than 0,05

with increasing sample size, the Width of tp,
€ C.land the S|
2e of th

:clude the null value, then the P

Because the S.E decreases

© p-value are as dependent

oq the sample size as on the Underly;
YINE population d:
N differenc

€ for a particular size of

: ce in the populatio
differen poOpulation, the larger the test statistics and the smalle th |
r the p-value.

In conclusion, In |

are Very helpful
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CHAPTER 4

4.0, RESULT

Table 1 showed the frequency distribution of the elderly based on their background
information. The total number of the studied population was 2. 485 with a male to female
ratio of 1:2; 9% above 85 years and majority (72.1%) between the age of 65 - 74 years, The

table showed that the literacy level is only 15% while only 1.2% lives alone. About a quarter

grink alcohol while a quarter also smoke.

A little above a third had poor cognitive impairment while less than 10% had one kind of

chronic disease. About 85% of the population was socially active.
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1992
Idikan,
Va]'lﬂble
= Group(years) Frequenc
,,,.-g-—f Percentage (%)
D 1792 §
73 8 = \i* 72.1 B
50 . 189
223 - )
Gender — T 100
€ D= —
Mal _ T T |
Female I e—— 34.9
— 1617
Total 8 ST ] 651
Literacy Status 1 100
Can read and write
: 377
Cannot read and write 15.2
- 2108 24 8
Total B .
— 2485 100
House Composition
[ives alone '
: S 31 [ 2
Do not live alone _ 12454 S
Total . 2485 bSion
Drinks Alcohol
Lt 614 124.7
No 1871 753
Total ¥ | 2485 100
Smokes
Yes 603 24.3
No 1882 75.7 =
| ' Total 2485 100
Cognitive Status
Good performance 1053 424
Intermediate performance 511 20.6
Poor performance 921 37.1
Total 2485 100
Presence of Chronic Disease(s)
Ves 214 8.6
No 227] 1.4
1 100
Total Lo 2485
Status of Participation in Social Activities | T 230
| Socially active 374 15 ]
Non active 485 100 -
Total
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8% a
Nd then decreased to 70% for years higher. Also the

rmale had higher proportion of

those soc; '
ocially active thap the male. The literacy status had no

: ith social activity. : e
bealing with vity. But there was a hlgh significant statistical association between

g ent, cogniti S
living arrangement, COgnitive status, presence of chronic disease and social activity while

consumption of alcohol and cigarette smoking were also significant at the 5% level.
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T T —
ryariable Socially Acf;
Var Y Active | Not Socially [ Column B,
Age Gromears_‘l . Active Total value
__-—-___-'—-'—-r
6= T788%)  1915(12%) 179301009
- 0
BB ?72(80'4/” _192019.6%) 470(100%)0
o 0 —— -
L§§l:-| S 01070 ) 8 ¢67(30%) 223(100%) |
| Tofa 2485(100%) | 0.000
Gender | B —
,.Ma'el ,__'{_‘399(232;”2) 149(17.2%) | 868(100%)
| Femake (86.1%) | 225(13.9%) | 1617(100%)
{f’:al oy Status | 2485(100%) | 0.031
jteraC;
Can read and write ' | 321(85.1%) 56(14.9%) 377(100%)
"Cannot read and write 1790(84.9%) | 318(15.1%) [ 2108(100%)
" Total 2485(100%) | 0.908
House Composition
Livesalone 18(58.1%) | 13(41.9%) | 2454(100%)
Do not live alone 2093(85.3%) 361(14.7%) | 31(100%)
Total | 2485(100%) | 0.000
Drinks Alcohol
Yes 501(81.6%) 1136(18.4%) | 614(100%)
No 1610(86.1%) 261(13.9%) | 1871(100%)
2485(100%) | 0.007
Total
1614(85.8% 268(14.2% :
No | 2485(100%) | 0.046
Total
Cognitive Performance Status - [36(13.9%) 1053(100%)
fi ce 907(86.1%) A
Good Eer. orman 457(8940/0) 54(106(3/0) HS] l(l 00
Intermediate performance 747(81.1%) [74(18.9%) | 921(100%)
Poor performance 2485{(100%) | 0.000
Total ,
Presence of Chronic :
Disease(s) 150(70.1%) 64(29.9%) ;;1](‘1((1)8 0/(:’}0) )
' 13.7%
;ZS 1961(86:3%) | 310C2P8) 50ty 0 00y [0.000
Total
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; in Idikan with thejr background
17 years after th i :
y the baseline study in 1997 A higher proportion of those who

o 've .
were not socially active had died compare to those who were socially active. Also, a higher
ProPOrtion of those who had poor cognitive status had died including those ever smoke and

grink. Tt was also observed that literacy statys had no bearing to death. A higher proportion

of female are still alive as at study end.
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Table 3. Mortality pattern of the elderly jp Idika

11992, according to their Baseline Characterisy; M, 17 years after the start of th
i

s e study
Variable Alive = -
S Column [ p-value
~1ge Group(years) Jl Los
ey 5
_74 605(33.8%)
22 0015 R L187(66.2%) | 1792(100%)
. 84 (12.8%
75 8 0) .
— 4]0(87.20/0) (0)
= 12(5.4%) | 470(100%)
o - {211(94.6%) |223(100%) |
- 2485 0.000
Gender e
Male | ;?’(1)( ;?.2‘3?) 701(80.8%) | 868(100%) |
__l_’gmf:le | 310(31.5%) 1107(68.5%) | 1617(100%)
Tota — 2485 0.000
Literacy Status. |
"Can read and write 105(27.9%) 272(72.1%) | 377(100%)
Cannot read and write 572(27.1%) 1536(72.9%) | 2108(100%) |
Total . _ ‘ 2485 0.773
House Composition 1S
Lives alone | 10(32.3%) 21(67.7%) 31(100%)
Do not live alone 667(27.2%) 1787(72.8%) | 2454(100%)
Total | 2485 0.528
Drinks Alcohol |
Yes 142(23.1%) | 472(76.9%) | 614(100%)
No 1535(28.6%) 1336(71.4%) | 1871(100%)
Total 2ia e
Smokes
Y‘:: : 125(20.7%) 478(79.3%) | 603(100%)
o 552(29.3%) 1330(70.7%) | 1882(100%) o
2485 -
Total
Co;.gnitive Status 778(69.1%) 1053(100%)
U00C performance 323(3333; 372&72 8%) | 511(100%)
: 2 .
intermediate pertomane? ;?3{23'1%) 708(76.9%) | 921(100%) =
Poor performance ' 2485 0.0
Total
Presence of Chronic ST
. \ 60/ 0
Bnessease(s ) 30(14%) : 2;51?7 10)5 %) | 227(100%)
No 647(71.5) 7485 0.000
Total .
Status of Participation 1IN e
Social Activities ,_,-Hﬁfﬁgo'/#’fm“j/fl 4 I,L(IO? )
e e 625(29.0%) 27,(86.1%) | 374(100%) |
Nouaac)tf.scuve —T5(139%) 2485 0.000
on active + b
Total —~ %=L
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~2009

=
%enl‘ i %%Sgl‘vwal a | Standard error
I — 0.003

1 1 0.944 0
12 + 0.005

2 120813 0.007
3 ).784 0.008
4 0.686 0.009

3 0.612 0.010
6 10551 0.010

7 0.507 0.010

8 0.474 0.010

? 0.442 0.010

10 0.415 0.010

11 0.385 0.010 -

12 0.360 0.010

3 - 0.336 0.009

1 - 0.318 0.009

E 0.295 0.009

6 0.280 0.009

7 0.265 AL

50

AFRICAN DIGITAL HEALTH REPOSITORY PROJECT



]l points of follow-up and more effectively, during follow-up than it was early on. The

yrves showed that those who were not socially active presented with a poor survival than

those who Were socially active and it was statistically significant at 5% levels.

Table 3 showed the overall median survival time of the elderly in Idikan for the |7 years

follow up. It also showed the median survival time for the two categories of the elderly based
0 .

. 1 1 ears

ocially active group and not socially active group Were 9

while the median survival time for s

years and 5 years respectively.
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figure 1: Raplan Meir Curve Showing
the

Survival function of the differens 5+
@

status of p. ;. 307V of eid
Participation, i soecr_lyl In Idikan, bagan !
104 12l actiyities ased on their
—
_ | SOCACT
| |  —"Socially gctive
~ 'Non Active
0.8- —
S 06- _j
S |
2 =
o —
E
= e =
{
‘ 02
0.0
| I 1 l
. 5 10 15 0

Survival Time (yrs)

Table 5: Medians Survival Time by status of involvement in social

activity and the overall population of the elderly
lMedian 'l
rk = o —_—

Categones of Eiderlv by ther
5 e. ol _ 95% Confidence Interval
status of participation In
Social Acuvity Estimate Std. Error ,Lou er Bound TUpper Bound
Sociallv active 9.000 318 8.377 9.623
Non Active 5.000 223 4.563 5. 437
Overall 8.000 275 7 462 8538

stributions for the two

Tabl ; ‘ of survival d»
e 6- TeSt Of equallty d on ‘heir SlﬂlUS Of

calegories of elderly in Idikan, Ibadan base

_participation in social activities

] L ———
ILog Rank (Mantel-Cox) 84.369
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Tnblc T P

m

In social activities,

literacy status presenc f : )
der, 286 ; € 01 chronic djseq
gen S€dse (s) and cognitive statu

S at

were itatistically associated with surviya]

the baseline

after adjusting for other variables with p-value <

0,05, Living arrangement, alcohol consumption ang smoking were not significant
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variables in the Equation

Etaws of Participation in Sqciaj

Activities
Gocially Active
INm ACtive

Age group
65 to 74 years

75 to 84 years

85+

Literacy Status
Can read and write
Cannot read and write

Presence of chronic disease

No
Yes

House Composition
Lives Alone
Do not live alone

Ever Drinks Alcohol

INo
Yes

Ever Smokes
No
Yes

Cognitive Status
Good Performance

Intertnediate Performance

Poor Perforimance

431

351

454
714

164

179

357

.046

051

AL
.260

10 Idikan
H

SE Sig ;
.064

.000 1.539
I
i 000 1421

.000
.059 .000 1.575
.080 .000 2.041
|
071 021 [1.179
.080 .026 1.195
220 107 1.428
065 ﬁ481 955
|
065 431 .LOSZ

.000
066 001 1.240
059 L_()()() 1.297
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1.358

1.260

1.402
1.746

1.025

1.022

925

.840

927

1.089
1.156

25.0%Cl for Exp(B)

Lower

Upper

1.743

1.602

1.770
2.386

1.356

1.398

2.205

1.086

liz:l 9%

1.413

1.455



ND
3 pISCUSSION ATION

, showed that there
[he study was a female Pre€ponderance in the elderly composition. This
: 11

; consistent with ' '
finding W , the International sex ratio of more males than females i
es in every

five years age bracket until 40-45years of age, after which more females than males. Also the

(Anthony Perkins et al, 2002).

The poor literacy level of 15.2% observed was not accidental. These subjects were given

birth to in the primitive age of early 1920s when the Yorubas practiced polygamy faithfully

to give birth to children with a primary objective of using them on the farm to assist in

increasing farm produce.

The fact that only 1.2% lived alone, was only a reflection of the Yoruba culture where people

lived as extended family. The nature of the Idikian community dwellers who were mainly

' ' jage), did
Muslims by religion (which supports the practice of polygamist as a type of marriage)

n of the population was morc

not encourage living alone. The fact that a higher propOrtio

oruba ways of life who are well known for

' Y
socially active was also a reflection of the

born babies, celebrating freedom from the learning
W ,

’ ’ ne
parties (funeral, marriage, naming Of

' tings, neighborhood
: .+ al meetings, church mee€
ino meetings (polltlca

‘no (such as draft,

meetings, town meetings, 5 visit friends, relatives or

oruba language)s going t

¢ -0 On, in Y )
R Ellicila Lo 22 20, p e news that Yorubas arc the happiest

[t was evell reported In th

neighbours, and many Others-

people in the world.
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petra L- Klumb, 2007).

ared that the :
It also aPpe females are more socially active than their male count |
ounterparts, In

reality, the level of engagement of women ;

Aso Ebi’ and ‘Anko’ to attend parties,

get together for chat, talk and more. Also the females and those with good cognitive

performance at the baseline also had better chances of survival with one and a half times

likely to live longer as well.

Those not living alone were more socially active than those living alone because they were

living among people and would definitely had things doing together. Also, it appeared in this
study that those who had poor cognition were less socially active than others. This can be

well understood because poor cognition itself is a mental disorder that hinders reasoning,

causes depression. Again, engagement \ social activities thus affects mental and physical

health and, ultimately, survival (Heiner Maier and Petra Klumb, 2007).

C [ ]
. l illg ( ltll hlgh p|(>bab1|1ty Of belng demented) WEre aSS()C|a|ed
1IVE fUnC[ on W

decreasing cognit . .
nsonance With the other findings that being a

: ] in CO
with increased risk of mortality. This was

disease, decreasing cognitive functioning Were
C ’

ni
m ‘ ' ences of chro
ale sex, increasing age, pres€nc

I I . . I tatUS
h P 1 et d 2002) In thlS StUd)’, hte acy S
7 n c klnse t ls

e COmpOSitions

S ik inducea | -moking, alcohol drinking were

cvival while hous

i with su :
was also associated for other variables.

d risk of mortality after adjusting

not associated with increase
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(]

1989; Sabin €t al, 1993, Yasuda et al, 1997; Brown, 2003; Giles, 2005]. The study had shown

that thoSe who were socially active were almost one and a half times more likely to live
longer than those who were not socially active after adjusting for confounding effects. In

| consistence WIth this, some studies had shown that participation in social activity prolong life

(Evans et al.. 1991; Heeren et al., 1992).
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. foll effective against
Jeath at al| points of follow-up and more effective during follow-up than it wag eq l
early on. The

1989; Sabin et al, 1993, Yasuda et al, 1997, Brown, 2003; Giles, 2005]. The study had shown

hat those who were soclally active were almost one and a half times more likely to live

longer than those who were not socially active after adjusting for confounding effects. In

consistence with this, some studies had shown that participation in social activity prolong life

(Evans et al., 1991; Heeren et al., 1992).
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T

[0

conc\USiO“’ the greatest survival benefit was achieved with being socially

active and not
- active at home alone.

. Thi
st DEINS 'S Work had been able to contribute to the body of

k310

conl

+edge that participation in social activity

'S @ preventive measure against early death. It

ributes considerably to achieving longevity.

These highlights the need to consider formulating programs surrounded with social activities

progrd

s for elderly people in the society, aim at promoting longer life, including making

dvocacy to policy makers to build support for this cause. And for the existing programs In
adv

the society, It

i< necessary to promote and preserve them against losing their cultural values.
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