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Abstract
There has been increased enrolment in both primary and secondary schools in the country since the government
implemented the free primary education in 2003 and now the subsidized secondary education. This means a
higher demand for qualified teachers, hence the need to retain those already in the service. In order to achieve
this, there is need to investigate the factors associated with teachers’ exit from service. This study presents the
semi-parametric Cox proportional hazard model to determine a combination of potential explanatory variables
that are associated with survival time in service for teachers employed by the Teachers Service Commission. The
study used data from the Teachers Service Commission of 278,063 teachers working in public schools and post
primary institutions in Kenya up to October 2014 and 28,403 who have left the Teachers Service Commission.
Results show that male teachers have a higher hazard ratio (1.23) compared to their female counterparts hence
indicating that male teachers are more likely to leave teaching, older teachers aged 35 years and above reduces
the risk to termination by 96.9% relative to those aged 35 years and below. Teachers working in North Eastern
parts of the country have lower survival rates hence are more likely to exit than those in other provinces.
Keywords: The Survival function, Cox Proportional Hazard model, Teachers’ Survival Time in Service, Time to
exit

1. Introduction
Education is one of the strong social pillars of national development in a country (Kenya Vision, 2030).
One of the major objectives of the government of Kenya is to provide quality basic education and training
to every citizen; which is fundamental to the success of the government’s overall development strategy
(Education International, 2007). Education has a very big role to play in the realisation of the vision 2030
and the achievement of the Education for All (EFA) targets in Kenya and research has shown that a
qualified teacher is a very important factor in the achievement and performance of students (Education
International, 2007; International Task force on teachers, EFA, 2010). Since the Kenya government
implemented the free primary education in 2003, enrolment has been increasing at a very high rate
(UNESCO, 2014, Kenya Sessional paper, 2005). According to the Economic survey (2012), total
enrolment of pupils in standard one to eight in public primary schools was 9.86 million in 2011 up from
9.38 million in 2010; while in secondary schools enrolment had increased from 1.65 million in 2010 to 1.77
million in 2011 in secondary schools. Moreover, the pupil: teacher ratio in primary schools went up from
54:1 in 2010 to 57:1 in 2011(Economic Survey, 2012). This adversely affects the learning process as
interaction between an individual pupil and the teacher is very limited (UNESCO, 2005). The quality of
learning is adversely affected by such big ratios (GCE/Action Aid 2005a: 21-34). Adequate number of
teachers is required to ensure every school going child gets the best of the education that can be provided
(UNESCO, 2013/4).
However, one of the major challenges facing the country, like in many sub-Saharan countries, is teacher
attrition (Education International 2007; International task force for EFA, 2010). A survey on teacher
supply, recruitment and retention in six Anglophone countries, Kenya included, reported an average rate of
attrition of 4% and this is mainly attributed to retirement, resignation, death and dismissal (Education
International ,2007), However, due to the large proportion of voluntary resignation attrition rate is likely to
rise (International task force for EFA 2010). According to data-based evidence of impact of HIV/AIDS on
teachers, Kenya, Tanzania, and Zambia would each lose 600 teachers to AIDS alone in 2005(UNESCO,
2006a: 87-88).
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In Kenya the government is the main employer of teachers through the Teachers Service Commission (TSC),
which was established by an act of parliament in 1967. However, in order to contain the wage bill strategy the
TSC has only been replacing teachers who exit the service through natural attrition (Education International,
2007). This challenge needs to be addressed for the country to enhance equitable and quality education; and to
develop industrially and technologically by 2030.
This study explored the factors associated with termination of teachers’ service by using survival analysis
methods and in particular the Cox proportional hazard model (Cox, 1972). This model is appropriate since it
deals with an outcome variable of interest which is time to exit in an employment context. Survival analysis

provides straight forward easily application tools for appropriately analyzing the timing of educational
transitions that is, time from entry to exit from career. The start or end points for measuring times are
chosen according to the context and may not represent the entire life of an individual. The time to the event
of interest is called failure time or survival time. Study of time to the event of interest has been widely
applied in many areas of social sciences and biostatistics. The survival time of an individual is said to be
censored when the end point of interest has not been observed for that individual, or an individual is lost,
migrates or withdraws from the study during the follow up period. In this study the event may not have
occurred for some teachers at the end of the follow-up period, these are teachers who do not exit the service
and will possess censored event times. It is not known when or whether the teachers will experience the
event; all we know is that by the end of the data collection, the event had not yet occurred.
Various past studies have been carried out to unravel the causes and effects of teachers’ exit from service
(Charters 1970; Mark and Anderson 1978; Murnane 1981). Past studies reveal that personal characteristics
like level of education, salary, experience, marital status, age, gender, subject speciality and working place
and conditions contribute to teachers’ exit from service. Bowman and Dowling (2008) carried out a
comprehensive meta-analysis of all quantitative studies on teacher attrition and retention. They sought to
understand why attrition occurs or what factors contribute to it. In their analysis they found that personal
characteristics, working environment and resources available influence teacher attrition and retention.
Research has shown that age of the teacher influences the decision of whether to leave the profession or not; and
that the relationship between the teacher’s age and turnover depicts a U-shaped curve (Ingersoll, 2001). Younger
teachers tend to have high rates of exit while those in the mid-career tend to stabilise, then the rate rises during
the retirement period (Ingersoll, 2001; Singer and Willet, 1988).

Crandell and Howell (2009) carried out a study on the three kinds of teacher attrition: school transfer, exit
and retirement by employing a multinomial logistic model for competing risks. They used the cross
sectional data from Schools and Staffing Survey (SASS) and the Teacher Follow up Survey (TFS) data.
They sought to find out whether salary increases are predicted to reduce teacher attrition and whether there
are differential effects on the various types of attrition. They also focused on factors like school level,
urbanicity, teacher education, student behavior, administrative supportiveness, teacher’s individual
characteristics, and years of experience, race, family and marriage variables, attainment of a master’s
degree and beyond. One of their major finding is that salary is a significant predictor of transfer and
retirement attrition but not exit attrition. Their study finds salary not to be significant at a mere 10%
significant level for leavers, indicating that salary may have a little effect on teachers’ decisions to leave the
profession, though a popular policy recommendation is to increase teachers’ salary.
Adams (1996) used the Cox proportional hazard model to examine the career paths of 2,327 elementary
teachers hired by a large Texas School district. He examined the influence of the variables age, sex, and
ethnicity and certification route to the survival of teachers. His results indicated that women had a hazard of
approximately 37% of leaving the district compared to men; while younger teacher below 40years were
more likely to leave the district than older teachers.
Imazeki (2005) used data from Wisconsin to study teacher labour mobility within and out of the teaching
profession and employed a competing risk duration model to examine the influence of teacher and district
characteristics like various measures on salary, time spent in a district and reasons for leaving. She noted that
most studies on teacher attrition, estimate probability of attrition by using the traditional binary logit or probit
model which are limiting since they fail to distinguish the effect of variables on exits and transfers separately.
The study found that transfers responded most strongly when district salaries were increased relative to nearby

131

Research on Humanities and Social Sciences
ISSN (Paper)2224-5766 ISSN (Online)2225-0484 (Online)
Vol.5, No.18, 2015

www.iiste.org

districts. Salary increases for more experienced teachers reduced exit attrition among newer female teachers;
hence increasing salaries for beginning teachers can help reduce high attrition rates in districts that lose many
teachers to other districts like rural districts.
In African developing countries some attrition is encouraged by conditions within the teaching such as poor
living conditions of teachers. Teachers are not housed within schools and find it difficult to get affordable
accommodation and the few that are housed live in deplorable conditions (International Task force on Teachers
for EFA ,2010). Schools located in remote rural areas are usually understaffed as they lack proper teacher
housing and because of poor transport, there is lack of services like hospitals, banks, libraries, shopping and
leisure facilities (VSO, 2002). The study also found that teachers in such schools are rarely visited by regional
and provisional authorities and do not receive prompt communications from the offices. Teaching and learning
materials are slow to reach such schools. Teacher attrition tends to be higher in such rural schools and usually
end up with unqualified teachers (kadzamira, 2006).
Most of the studies on teacher attrition estimate probability of attrition by using the traditional binary logit or
probit model. These are limiting since they focus on the static nature of exit; that is, whether a teacher exits or
not instead of both whether or not a teacher exits and when.
Substantial research on survival rates of teachers and attrition has been done worldwide. However very little
research effort in Kenya has been directed into finding which teacher leaves, when and why in public schools
and institutions of Kenya by survival analysis methods.
2.0 Materials and Methods
The data used in this study was obtained from the Teachers’ Service Commission consisting of 278,063 teachers
employed by the government working in public primary schools and post primary institutions in Kenya up to
October 2014 and 28,403 teachers who have exited through death, retirement (mandatory, retire at 50, retire due
to public interest, on medical grounds, voluntary early retirement), dismissal, transfer of service, resignation,
contract expiry. This is after teachers with missing information were removed from the data. This data was
collected with permission from the Ethics review Committee, Pwani University accredited by the National
Commission for Science, Technology and Innovation, KENYA and the Teachers’ Service Commission. The
variables job group, age, gender, type of exit, and the province of the teacher’s working station and. the date of
hire and exit (if applicable) were availed for each individual teachers. The salary of the teacher was calculated
using the job group from the information availed by the TSC. The outcome of interest which is the time to event,
in this study was the time to exit from the teaching profession. For each teacher his/ her survival time was given
in years (These are the number of years they have worked for) along with the censoring indicator. Those teachers
who are still working were said to be censored as they had not experienced the event of interest which is leaving
the profession at the time of data collection, indicated by (0), while those who left the teaching profession were
not censored and indicated by (1). The analysis was done using R-3.1.3 software (R development core team,
2015).
2.1 The Survivor function

It is also known as the Survival probability and it is the probability of surviving beyond sometime t or the
probability that an event of interest has not yet happened by time t and it is denoted by S (t) ; such that

S (t )  P(T  t )
We estimated the survival function by using the Kaplan- Meier (KM) estimator. It is also known as the

product-limit estimator (Kaplan and Meier, 1958). The KM survival curve is a plot of the KM survival
probability against time, which gives a good summary of the data and can also be used to estimate the
median survival times and other percentile measures. The steeper the survival curves the lower the survival
rate. The KM survival curves for a categorical variable can also be used as a graphical test for the
proportional assumption in that, when the curves cross, then the proportional assumption has been violated.
2.2 The Hazard function
The hazard function or rate is a risk function (kalbfleisch & Prentice, 2002; Collet, 2003). It gives the
probability that an individual fails at time t, given that he/she has survived up to time t. The hazard function
is given by;
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 (t , x)  lim P(t  T  t  t / T  t ) / t
t 0

(1)

The Cumulative hazard function is given by;
x

H (t ) 

  (u )du   ln[ S ( x)]
0

For continuous lifetimes;
x

S (t )  [exp (  H ( x)]  exp [    (u ) du ]
0

2.2 Comparison of survival curves
We used Log rank test to determine if groups of teachers according to gender, age, job groups and the province
of the working station have different survival experiences in time to termination of service (See Table 3). The
non-parametric Log-rank test statistic is more appropriate than the K-M survival curves. The null hypothesis is
H0: There is no difference in survival experience across the groups versus the alternative hypothesis, H 1: There
are differences in the survival experience across the groups.
The log rank test is given by:

(O  e) 2
e
g 1
k

 p2  

(2)

Where O is the observed and e, the expected number of death in the gth group and the test has a Chisquared distribution on (k-1) degrees of freedom.
2.3 The Cox proportional hazard (PH) model
Since we are dealing with time to event data and some teachers are censored we cannot use multiple linear
regression or logistic regression. One method which is commonly used for such kind of data is the popular
Cox PH model.
We applied the Cox (PH) model to estimate the time to exit for teachers along with their explanatory
variables already mentioned above. The Cox PH models the hazard function, i (t ) for the ith individual at
time t,

i (t )  exp( 1 z1i   2 z 2i        p z pi )0 (t )
(3)
 0 exp(  )
1' .......... p are the regression coefficients and z i is the explanatory or predictor variable.

0 (t ) is the baseline hazard function corresponding to Z  0.
The Cox PH model is widely applied in failure data analysis since it makes no distribution assumption for
0 the baseline hazard function. The parametric form is only assumed for the covariate effect, therefore
the name Semi-parametric model.
The corresponding Survivor function is given by:
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S (t )  S 0 (t ) exp(Z )

(4)

Where

S 0 (t )  exp[  (u)du]
This is the survival function of the sub population with covariate Z.
Now if

Z1 and Z  are values of covariates for two individuals, then ratio of their hazard rates is

 (t / z1 ) 0 (t ) exp( z1'  )

 exp( z1  z 0 ) ,
 (t / z ) 0 (t ) exp( z 0'  )
Which is a constant for all t and it is known as the hazard ratio or relative risk, hence the Cox model is usually
referred to as a proportional hazards model.

2.4 Estimation of the  Parameters
Fitting the proportional hazards model given above in equation (2) to an observed data requires the estimation of
the unknown coefficients of the explanatory variables
that is 1 ,  2 ,  p . The baseline hazard function

Z1 , Z 2 ,........., Z P , in linear component of the model,

0

(t) may also be estimated. One way of estimating the

 's separately is by use of maximum likelihood method. Cox (1972) proposed a partial likelihood technique for
estimating the regression parameters while 0 is taken as a nuisance parameter. By maximising the partial
likelihood function given below (equation 5), consistent and efficient estimators of the regression
parameters can be obtained.
r

L(  )  
j 1

exp(  ' z ( j ) )
 exp(  zi )

(5)

qR ( t( j ) )

This partial likelihood is obtained as shown below. Let the ordered survival times for n individuals be:

t1 , t 2 , t n . Suppose t (1)  t ( 2)    t ( r ) are ordered r death times, assuming there are no ties. R(t j ) is the
risk set just prior to time t j . The probability that the ith individual fails at time t j conditional on
of the event times is given by;

P [ ith individual fails at t j t j being an event time]
=

P [an individual with cov ariate z j fails at t j ]
P [one event at time t j ]
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P [an individual with cov ariate z j fails at t j ]
P [one event at time t j ]

P [an individual with cov ariate z j fails at t j ]

 P [individual q fails at time t

qR ( t j )

=

j

]

P [an individual with cov ariate z j fails in t j , (t j  t ) t

 P [individual q fails in time t

qR ( t j )

j

, (t j  t ) t ]

lim P [an individual with cov ariate z j fails at t j , (t j  t ) t

=

t 0

lim

t 0

=

 P [individual q fails at time t

qR ( t j )

j

, (t j  t ) t ]

 (t j )
 q (t )

qR ( t j )

=

0 (t ) exp(  zij )
 0 (t ) exp(  z q t j )

qR ( t j )

=

exp(  z ij )
 exp(  zi t j )

qR ( t j )

The partial likelihood function for the Cox PH model is then given by
r

(  ) 

 exp(  zi t j )
j 1

 exp(  z t

qR ( t j )

Where

q j

(6)

)

zi (t j ) is the vector of covariate values for individual i who fails at time t j .

This likelihood function can be expressed as



n
 exp(  z i t j ) 
(  )   

i 1   exp(  z q t j ) 
 qR (t j )

where

j

i

(7)

is the censoring indicator which equals to zero if the survival time is censored and one otherwise.

The partial likelihood function can only be used when there are no ties in the data set,
To accommodate ties the Breslow method (Breslow, 1974) is used;
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  exp(  z q )
qR (t j )


(8)

j

s j is the vector of sum of each of p covariates for those individuals failing at t j . Most statistical software

can easily handle ties by breslow method. In our study we use the Breslow method in R since there are ties in our
data set, that is, where two or more teachers have the same survival time.

2.5 Statistical Analysis
Statistical analysis was done using the statistical software R 3.1.3 (R development Core Team, 2015) as
already stated above. Univariate analysis with the Cox PH model for each explanatory variable was
conducted. P values < 0.05 were considered to be significant and were used for multivariate analysis using
the Cox PH model to build the factors associated with the survival time of teachers in service. The step
function in R for backward selection of the variables was used to get the appropriate model.
Graphical assessment for the proportional assumption of the model was done using the Kaplan- Meier plots
of categorical predictors such as age, gender and job group. The proportional assumption is violated when
curves of the groups cross.
3.0 Results
Non-parametric tests were carried out using the Kaplan-Meier estimator (Kaplan & Meier, 1958) and log
rank test. To investigate the survival experience of teachers classified by gender and age we employed the
K-M estimator. We had a total of 166, 824 male teachers (coded as M) and 139, 642 female teachers
(coded as F). We also had a total of 57,471 teachers who are less than or equal to 35 years (coded as 0), while
those who are above 35 years were 248,995 (coded as 1). The explanatory variable for job groups had eleven
levels initially from job group F to R but we reduced them to four levels as: Job group A (for job groups F, G
and H), B (for job groups J, K and L), C (for M and N) and D (for job groups P, Q and R). Types of exit were
also reduced to five levels. Individuals who had exits with unknown reasons were deleted from the data. The
covariate province representing the region where the teacher is working included all the eight provinces or
regions in Kenya. We decided to use the provinces instead of counties as they would result into too many levels.

3.1 The survival function and Log rank test.
The KM plot summary gives the median survival times for female (38.2,) and male teachers (36.4) in years
as shown in Table 1.The K-M survivor curve for gender is given in figure 1.
The K-M survivor function for age gave the median survival times of teachers aged 35 years and less as
12.3 years while those older than 35 years as 37.0 years (see Table 2). Figure 2 shows the K-M curve for
covariate age.
We employed the non-parametric Log- rank test statistic (equation 2) to determine if groups of teachers
classified by covariates age, gender, province and job groups have different survival experiences. P values
for covariates age, gender, and the province are < 0.0001 and for job group it is < 3.63e-11
3.2 The univariate and multivariate Cox PH model analysis
The univariate Cox PH model analysis results indicated that all variables were statistically significant
except type of exit where only one level is insignificant. Age (P < 2e-16), Hazard ratio (HR) = - 0.0361
indicating that older teachers decrease the risk of exit by 99.96. For Gender (P < 2e-16), Salary (P < 2e-16),
and for Job group level B (P < 0.00607), Level C (P < 0.70395), level D (P < 1.41e-11). Three levels of the
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exits were highly significant (P <2e-16) and finally the province factor is also highly significant with all six
levels being significant except Nyanza province.
We then used the step function in R for backward selection of variables and the Akaike information criterion
(AIC). Results indicate all variables are included in the final model as shown in Table 4. These variables were
then used in the multivariate analysis with the Cox PH model. According to the model results (Table 5), holding
other factors constant age is highly significant and older teachers have a HR= 0.0313 and P < 2e-16), Salary (P

< 2e-16) and HR = 1.000, Job group level B (P < 0.00607), Level C (P < 0.70395), level D (P < 1.41e-11).
Three levels of the exits were highly significant at (P <2e-16) and finally the province factor is highly
significant and all six levels are significant except Eastern province with P < 0.5494. North Eastern region
has HR =1.347; Nyanza HR= 0.931 and Eastern HR = 0.987.
4.0 Discussion
4.1 Non-parametric tests
From the analysis in Table 1, we can predict 50% of the female teachers stay in the profession for 38.2
years before exit while 50 % of the male teachers stay for 36.4 years before exit. The Kaplan-Meier curve
(Figure 1) also clearly shows that female teachers have a slightly higher survival rate as compared to the
male teachers.
The analysis in table 2 indicated that 50% of the teachers aged 35 years and below stay for about 12 years
before exit and those above 35 years old stay for about 37 years before exit. The Kaplan-Meier curve
(figure 2) for younger teachers is much steeper than that for older teachers indicating that, older teachers
have a higher survival rate as compared to the younger teachers.
This could be attributed to the fact that younger teachers may be more aggressive in searching for greener
pastures given that they have fewer responsibilities and therefore can easily risk quitting.
The different groups of teachers classified by gender, age, job group, and province have different survival
experiences as shown in our results (Table 3). The P value is < 3.63 e-11 for job group and < 0.0001 for the
other covariates indicating significant differences. The log-rank test statistic (equation 2) was used to test
the null hypothesis that there is no difference in the survival experience of the groups. Smaller P values
provide evidence against the null hypothesis.
4.2 Multivariate Cox PH model analysis
We found all variables to be statistically significant (Table 4) and we can conclude that age, gender, job
group, province, salary and type of exit are significantly associated with time to exit of teachers from
service (Singer and Willet, 1988, 1991; Murnane, 1984; Ingersoll, 2001).
From the results of the model, holding other factors constant, older teachers reduce the hazard or risk to
exit by 96.9% relative to the younger teachers. Young, less experienced teachers tend to have higher
attrition rates compared to older more experienced teachers. This confirms earlier findings (Ingersoll, 2001;
Adams, 1996).
In our study gender is significantly associated with time to exit from service (P value < 2e-16). A male
teacher increases the risk to termination of service by 23 % (HR=1.228) compared to a female teacher
(female teacher was used as reference). This could be attributed to the fact that men are providers for the
family especially in the African social setting and therefore are looking for better opportunities.
Salary has a high significant P value (< 2e-16) indicating it is strongly associated with the risk to
termination of teachers’ services. An increase in one unit (KSh) of salary decreases the risk to termination
at any given time by1 fold (HR=1.00).The findings agree with previous studies (Guarino et al, 2004;
Murnane and Olsen 1989 and 1990) Compensation of teachers is an important factor in retention of
teachers but other factors may respond differently to salary increments (Imazeki, 2005).

137

Research on Humanities and Social Sciences
ISSN (Paper)2224-5766 ISSN (Online)2225-0484 (Online)
Vol.5, No.18, 2015

www.iiste.org

Teachers enter into different job groups at the beginning of their career depending on their academic
achievements and later on get promoted to upper job groups. Higher job groups (D with HR = 5.998)) tend
to increase the hazard to termination by 5.998 fold, holding other factors constant. Most of the teachers in
these job groups (P, Q and R) are in the age bracket of retirement while others may transfer service to nonteaching assignments in other offices.
The province of working station of a teacher is significant; Working in Eastern province reduces the risk to
termination by 0.023%. However, Eastern province is not significant; while working in North Eastern parts
of the country increases the risk to exit by about 35% relative to those working in Central province.
From figure1 and 2 there is no evidence of the KM curve crossing hence the proportional assumption of the
model has been met. From the results of Table 4 the confidence intervals of the hazard ratios are not wide
suggesting that there is no problem of over fitting. The study used a very large data hence the results are
valid.
5.0 Conclusion
In this study we have presented the semi-parametric Cox PH model (equation 3) to estimate the time to
exit of teachers in public schools and institutions in Kenya. This model is appropriate for this study since it
can handle data with censored events. In our study the censored events are teachers who were still working
at the time of data collection. The Cox PH model is widely used in the analysis of survival data since it
makes no particular probability distribution assumption for the survival times, while providing reasonably
good estimates of regression coefficients (Collet, 2003).The model is however based on the proportional
assumption making it a semi-parametric model.
By using the Cox PH model we are able to incorporate various factors including demographic
characteristics to model the time to exit of teachers from service. We are also able to determine when the
event is most likely to occur.
In this study the explanatory variables age, gender, Job group, salary, Province and type of exit are
significantly associated with time to exit. There were survival differences in groups of the covariates
according to the log rank test. Covariate job groups had the most significant value (P < 3.63e-11).
Both univariate and multivariate analysis results of the Cox PH model support this. The goal of this study
was to estimate the time to exit for teachers and the goal has been achieved.
We have shown how these factors affect the survival time of teachers in service. Some of these factors are
responsive to policy changes. Such findings can be beneficial to the government, educational
administrators and planners in coming up with better retention programs and strategies. Teachers working
in hardship areas like North Eastern (HR= 1.347) increases the risk to termination of services. The
government needs to give some incentives and provide proper security to teachers working in such hardship
areas to encourage them to continue working in these areas.
This study has only dealt with six explanatory variables and this may not be fully exhaustive due to data
limitation on teacher attrition. Data limitation on teacher attrition is more pronounced in Sub-Saharan
Africa (International Task Force on Teachers for EFA 2010). One data source on teacher attrition is from
the school returns through an annual written survey, which usually contain incomplete coverage. Most
schools are poorly equipped and cannot come up with adequate information such as reason for exit of a
teacher, destination of the departing teacher, type of exit, gender, level of qualifications and age of such
teachers.
Data collected from the human resource records like the TSC provides another data source on teacher
attrition; however such records do not always contain all the details of teachers like exact location of
posting, subject specialization, whether they were teaching in primary or secondary schools, working
conditions (International Task Force on Teachers for EFA 2010).
Guarino et al (2004) also noted the importance of reliable data on teacher retention and attrition, and
importance of longitudinal data tracking of teachers’ employment.
With proper data collection methods further study on this area could be done incorporating more
explanatory variables.
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APPENDIX
Tables and figures of survival time of teachers classified by gender and age.
Table 1: Kaplan-Meier summary for survival time of teachers classified by gender

Gender

Records

Events

Median (95 % C.I)

Female

139642

9806

38.2(38 – 38.4)

Male

166824

18597

36.4(36 -36.4)

Figure 1: Survival distribution of teachers classified by gender
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Table 2: Kaplan-Meier summary for teachers classified by Age (Young teachers are 35
years and below; older teachers above 35 years)

Factor

Events

Median (95 % C.I)

Younger teachers

57,471

12.3 (12.1- 12.6)

Older teachers

248,995

37.0 (37.0 – 37.4)

Figure 2: Survival distribution of Teachers classified by Age
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Table 3: Comparison of survival curves of teachers in different groups using Log rank
test
Factor

df

Chisq

P- value

Gender

1

1380

P < 0.0001

Age

1

11784

P < 0.0001

Job group

3

51.6

P < 3.63e-11

wprovince

7

5645

P < 0.0001

Table 4: model selection results using the AIC values
Step

DF AIC
-

none

508329

-

wprovince

7

508421

-

gender

1

508682

-

salary

1

509492

-

job group

3

510 392

-

age

1

515 367

4

587679

-exit type
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Table 5: ANOVA table of the Multivariate Cox PH model analysis
Coef (β)

HR (95%C.I)

Age (35 yrs and below)

-

As reference

age (above 35 yrs)

-3.465

0.0313 (0.029,0.0360)

female

-

As reference

male

0.2058

1.228 (1.20 ,1.26)

A

-

As reference

B

0.8810

2.413 (2.32 – 2.51)

<2e-16

C

1.188

3.2820 (3.09 – 3.48)

<2e-16

D

1.791

5.998 (5.21 – 6.91)

<2e-16

salary

-3.277e-05

1.000 (1.000- 1.000)

<2e-16

Central

-

As reference

Coast

-0.05793

0.9437(0.891-9.99)

0.0497

Eastern

-0.01237

0.9877(0.949- 1.03)

0.5494

Nairobi

0.08452

1.088(1.03-1.15)

0.0049

North Eastern

0.2982

1.347(1.18-1.54)

1.74e-05

Nyanza

-0.07125

0.9312(0.892-0.972)

0.0012

Rift Valley

0.03999

1.041(1.00-1.08)

0.0458

Western

0.09721

1.102(1.06-1.15)

2.22e-06

exit 0 (death)

-

As reference

Exit 2 (retire mand+ contract expiry)

-1.218

0.2959(0.287-0.305)

<2e-16

exit 4 (dismissal, retire P.I)

0.5322

1.703(1.60-1.81)

<2e-16

Exit 5 ( Leave service early like resignation )

-0.3562

0.7003(0.678-0.724)

<2e-16

Factor

P- value

Age

<2e-16

Gender

<2e-16

Job group

Province stationed

Type of exit
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