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To address pressing health issues, emphasis on global health agenda have
been shifted from disease-specific approaches to strengthening health
systems to provide quality patient care. The success of running health
management systems is highly dependent on the knowledge, sKkills,
motivation and deployment of people responsible for organizing and
delivering health services. Therefore, effectiveness and efficiency in the
management of today's health systems depend on the well-being of its
human resources. The existing crisis of human resource capabilities and
non-alignment of existing policies to strengthen health systems is a tragedy
in waiting. The study was carried out to determine how socio-demographic
factors of health workers affected data quality. Cross-sectional study design
was used. Data was collected using a structured questionnaire from a target
population of 82 respondents. A one-way ANOVA was conducted to compare
effect by the age of respondents on the quality of data with F-value of
(224.51) at a p-value of 0.000 which is within the acceptable threshold value
of 0.05. Finally, existing human resource policies need to be institutionalized
to enhance strategic decision and policy development in improving health
systems process design and implementation.
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systems is, to provide quality patient care. The multifaceted
nature of health systems and the spread of direct and
indirect responsibilities across multiple sectors, pose
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INTRODUCTION

The World Health Organization has identified health
information systems as one of the six building blocks of a
health system. These building blocks include: service
delivery, health workforce, health information, medical
products, vaccines, and technologies, financing and
leadership and governance. The paradigm shift in
addressing the pressing health issues globally from disease-
specific approaches to strengthening health management

challenges in monitoring performance (Kihuba et al.,, 2014;
WHO, 2007).

Emphasis is placed on the importance for institutions to
discover how data quality deficiencies have a significant
impact on their most strategic business initiatives, often
holding them back from achieving the growth, agility and
competitiveness that they desire. In addition to challenges
with growth and agility, compliance and transparency
pressures increasingly bring data quality issues to the
forefront (Gartner, 2011).

Information is needed to track how well health systems
respond to increased inputs and improved processes, and
the impact they have on improved health indicators.
However, on the supply side, there are major gaps in data
availability and quality. It is imperative to note that the
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success of running a health management system is highly
dependent on the knowledge, skills, motivation and
deployment of the people responsible for organizing and
delivering health services. Therefore, it is good to note that
the effectiveness and efficiency in managing today's health
systems depend on the well-being of its human resources
within right norms and standards (Ledikwe et al.,, 2014;
MoH, 2013).

Inadequate human resource coupled with other social
absenteeism’s which are sometimes common in the public
sector in high- and low-resource settings is often not
addressed in policy frameworks in health systems in order
to improve the quality of information (Belita et al., 2013).
Efficient use of minimum data for managing cases, clinics
and community health services is essential. There is an
urgent need to reform existing human resource crisis and
alignment to health information systems design and
implementation. Multitudes of underutilized data are still
being collected at the operational level by already
overburdened health workers. Later, it follows a tedious
path of collation and upward transmission with little
potential for analysis and uses let alone managerial value.
The need to do more with less is especially important
because the health sector faces ever increasing demands
while receiving inadequate or decreasing resources
(Odhiambo-Otieno, 2005).

The design and implementation of a health information
system should be well known by the people collecting data
and generating needed information by ensuring that there
is proper training, recruitment, deployment and retention
of technical health workers. A national strategic health
workforce plan, implemented by HRH partnership and
specific to the needs of the country in question, should be
based on available data, operationally realistic and
responsive to the health priorities. As countries continue to
strengthen their human capacity whose primary intention
is enhancing health, many are faced with attrition, staff
wellbeing, and other social dynamics. Health workers are
empowered to use the routine information they collect
while, understanding the importance of good quality data
for improving health outcomes (Bill and Melinda Gates
Foundation, 2015).

The demand for quality data from RHMIS has increased
over time due to the need for country-level progress
reporting towards the attainment of the United Nations
Millennium Development Goals and global health initiatives
(Karuri et al, 2014; Mpofu et al, 2014). The demand is
more with the advent of the current initiative of the
Sustainable Development Goals (SDGs). As pointed by
Measure Evaluation, (2012), global decision makers
require timely and accurate information from routine
health activities for the formulation of policies, resource
allocation, and day-to-day management decisions. HIS Hub,
(2013) noted an ever-increasing global recognition of the
importance of health information systems for
strengthening health systems, developing public health
policy, and improving accountability and transparency.
Therefore, the need for reorienting and redirecting health

workers at all levels of the system to change their attitude
in the way they handle data is key in achieving
organizational values (Anyangwe and Mtonga, 2007;
MOHSW, 2012).

The necessity for understanding the human resource at
hand based on their social- demographic factors in relation
to the adequately skilled and equitable distribution of
human resources for health is critical. The terms of
employment play a critical role in the establishment of
human resource based on norms and standards. The nature
of data production in the health industry is intensive and
hence, the development of human resource policies should
be based on empirical evidence in the work environment.
The assumption made was that the personnel in-charge of
the facility is trained on HMIS hence would be able to fill in
most, if not all, the tables that may appear complex for
those not trained in government facilities (Simba and
Mwangu, 2006).

Marital status has been reported to influence absence
from work in different ways in different settings where sick
leave, workshop or seminar attendance, annual leave,
absenteeism due to family problems, involuntary absence
occurring for reasons beyond the employees’ control and
voluntary absence occurring when the employee makes the
decision not to go to work (Belita et al.,, 2013; Ledikwe et
al,, 2014).

It is apparent that employee behaviour may influence
organization-level performance given that many employees
never support a positive relationship among financial
performance, labour productivity and service quality at any
point in time. Poor quality data is affected by inadequate
policies on outputs of the health system such as availability,
quality and use of health information and services; health
outcomes in terms of mortality, morbidity, disability, well-
being, disease outbreaks and health status and difficult in
determining  health inequities in coverage and use
(Abouzahr and Boerma, 2005; Brown et al., 2015; Wanjau
etal, 2012).

A health workforce planner requires adopting and
putting in place an effective, evidence-based policy
environment that is conducive to transformative
development in the production of data in the organization.
Investment in health workforce development, deployment
and management are of necessity in the production of data.
Critical information on availability and distribution of
health workforce is often incomplete, inaccurate and out of
date; while, few countries have systems that can monitor
service delivery, data on population access to essential
health services are often limited and negatively affect the
overall quality of data being generated from routine health
management information systems. Belita et al. (2013) show
that marital status has been reported to influence absence
from work in different ways and in different settings such
as where sick leave, workshop or seminar attendance,
annual leave, absenteeism due to family problems,
involuntary absence occurring for reasons beyond the
employees’ control and voluntary absence occurring when
the employee makes the decision not to go to work.



Ministries of Health should also put up mechanisms for
distribution and staff tracking with a balance across all
countries and rural-urban areas which may affect the
overall loss of data being generated. Age is a vital social
demographic factor which could influence the quality of
data. The need for injecting energetic personnel to
supplement the existing staff becomes imperative when
demographic change leads to an ageing workforce which in
turn affects their performance to work (Pfeifer & Wagner,
2014).

Data validation procedures and data quality assurance
need to be enhanced to ensure that data is not just timely
but also accurate, complete, comprehensive and relevant to
realize what the system was designed for (HMN, 2008).
The current HMIS is experiencing broad problems such as
existence of overlapping data collection tools, different
health professionals such as nurses as the majority,
physicians, health records and information officers, data
clerks, and other allied health professionals who have
varied levels of training skills and competencies to
participate in data collection, collation, analyses and
information use (MoH, 2009; 2014b). There are numerous
deficiencies where decisions are based on political
delusions or surveys which are insensitive to change over
time ( Measure Evaluation, 2009).

In Kenya, employees are entitled to recognize annual
leave, paternity and maternity leaves which may be factors
that compromise the quality of information collected
(Kenya Labour Laws, 2012). When an expectant mother is
employed in one year, file for three months maternity
leaves in addition to annual leave, her absence would then
take half a year. Consequently, the absence of human
resources may jeopardize the quality of the data in terms of
completeness and timeliness.

Measure Evaluation (2010) emphasises that poor data
quality limits stakeholders’ ability to use data for evidence-
based decision making and has a negative impact on
facilities’ strategic planning activities and their efforts to
advocate for resources. Poor quality data was cited as the
primary technical constraint limiting staff’s ability to make
effective decisions. Data entry backlogs also affected
information use because of delayed reporting. Information
users and producers perceived insufficient HMIS skills as
the key individual constraint to information use, with data
users expressing a need for training to improve data
collection skills and analysis.

MATERIALS AND METHODS

A cross-sectional study design with the combination of
quantitative and qualitative research was employed in this
study. Quantitative research tools were used in collating
data on the number of respondents who presented the
criteria when analyzed by age, marital status and length of
service while qualitative measures were employed to
generate more in-depth information of the subject matter
and validate the results.

Cheburet and Odhiambo-Otieno 153

In identifying the number of respondents representative of
the total population, non-probability sampling, specifically
purposive sampling was used to elicit data from the health
facility while quantitative sampling, particularly census
method was used to obtain data from every health worker
participating in data processing on a daily basis. The entire
health workforce from each department was assigned
unique numbers due to the fact that all population
collecting data were the target population (82 participants)
with a response rate of 81 (98.8%) obtained.

The study wused interview questionnaires whose
development was guided by research questions, literature
review and subjected to correction and validity. A
structured questionnaire was utilized for the purpose of
achieving the objectives of the study. The questionnaire,
containing both closed and open-ended questions was
administered to determine how socio-demographic factors
such as age of respondent, sex, and marital status affect
data quality of routine Health Management Information
System. Based on the fact that the study population was
heterogeneous, key informant interviews were carried out
to obtain more in-depth information on the subject matter
based on the research objectives. Key informant Interviews
targeted two (2) key focal managers who were purposively
selected by virtue of their positions (Facility In-charge and
Information Manager) to shed light.

The independent variables for this study are; age, marital
status, years of employment, type of leave while the
dependent variable was the data quality of RHMIS. For the
purpose of analyses, Stata and SPSS software were used
where descriptive and inferential analyses were employed.
Descriptive statistics such as frequencies, percentages,
mean and standard deviation were employed to describe
the general data for this study. To reveal any differences
between selected socio-demography factor and data
quality, inferential analyses using ANOVA was used while
for determining relationship among selected
sociodemographic factor and data quality of RHMIS. The
results are presented in the tables and charts.

RESULTS AND DISCUSSIONS
General characteristics of the respondents

Among the 82 health workers who were expected to
participate in the study to determine how socio-
demographic factors affect data quality of RHMIS, 81
accepted, yielding a non-response rate of 1.2%. Table 1
shows the age distribution of respondents with 11 (14%)
being over 50 years. Majority 76(93.6%) responded that
the age of those participating in the collection, collation,
and transmission of routine health data affected data
quality. The mean age was 38.086, SD 7.5 with an average
age of 36.4 + 8.7 39.8 + 7.5. The finding recognizes that
changes in people demographic may also influence data
quality than other factors. Among the health workers
interviewed, 100% were also responsible for the daily data
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Table 1. Distribution of respondents per age group (n=81)

95% confidence Interval for mean

Age group N Mean Std. deviation Lower bound Upper bound
20-29 8 28.38 0.92 27.61 29.14
30-39 40 33.6 2.58 32.77 34.43
40-49 22 43.09 3.01 41.76 4442
Above 50 years 11 51.45 1.04 50.76 52.15
Total 81 38.09 7.54 36.42 39.75
Test of homogeneity of variances
Levene statistic  dfl df2 sig.
Age group 7.41 3 224.51 0
ANOVA
Sum of squares df Mean square F Sig.
Age group Between groups 4076.37 3 1358.79 224.51 0
Within groups 466.02 77 6.05
Total 45424 80

Table 2. Distribution of respondents per age group and marital status

Marital status

Age group No (%)

Married Single Total
20-29 5(6) 3 (4) 8 (10)
30-39 37 (46) 3(4) 40 (49)
40-49 22 (27) 0 (0) 22(27)
50 and above 11 (14) 0(0) 11(14)
Total 75 (93) 6 (0) 81 (100)

generation of RHMIS activities. The results also were
supported by key informant 01 thus:

“The experience of health workers on various disciplines in
relation to the frequency of working does not translate to
improved data quality but stuck to old approaches of
addressing data quality”.

Participants perceived age as a socio-demographic factor
which has an effect on data quality of RHMIS. The variation
was significant at p=0.000. The result also showed
significant results based on the test of homogeneity of
variance with a p-value of 0.000. This was within the
acceptable threshold value of 0.05. Also one-way ANOVA
was conducted to compare the effect of age of respondents
on the quality of data with F-value (224.51) at a p-value of
0.000 and was within the acceptable threshold value of
0.05.

The findings implied that 40% of the employees were
above 40 years old. The study showed that after increasing
the mandatory retirement age from 55 to 60 years,
governments had a large number of aged workforce which
affects performance (MoH, 2014). The age of human
resource is a cornerstone which influences overall data
quality design and implementation process. Moreover, the

government of Kenya has made some strive in the
development of institutional documents which act as an
advocacy tool for authorities in the deployment of human
resource based on norms and standards to achieve
universal health coverage and well-distributed age bracket
to allow succession management from the new generation
to the next (MoH, 2014a). However, the same argument
that age is rarely an employment requirement and a poor
predictor of job performance which may have an important
implication in enhancing service delivery performance and
quality of data.

Table 2 shows that over ninety percent (75) of the
respondents were married while 6 (7%) were single.
Slightly over one-third (37) of the married participants
were within the age bracket of 30-39 years. Marital status
proved to have a significant positive weak association with
data quality (p = <0.05, r=0.004). This indicated that gender
can be applied as one of the factor that may affect data
quality. One of the key informants showed that:

“marital status played a key role on data quality and the
result indicated a positive result by indicating that most
married civil servants gave priorities on social matters. For
instance, where one had to be absent from work which
created backlog where a shortage of staff was a reality.



Cheburet and Odhiambo-Otieno 155

M Less than 5 Years
M 5-9 Years
10-14 Yeasr

M Above 15 Years

Figure 1: Number of years in the current station

Moreover, the majority of the staff had put more weight on
follow- up of social matters other than performing their
official tasks. However, single staff preferred to work for
more hours due to minimal social matters.” “Therefore,
priorities and commitments differed for married and single
individuals. Those who live close to the workplace with their
family had less issues on commitments towards work than
those leaving outside the respective administrative units”.

The key informant further provides an example thus:

”...during devolution, many of the newly employed staff were
having difficulty transferring from one county to another
except in the case of cross transfers.”(Key informant, 001).

These affected the productivity of staff and equally, the
eventual data quality is affected due to a shortage of staff. In
this case, these will result in pending work in terms of
collection, collation, analysis and reporting” (key Informant,
001). This agrees with results by Belita et al. (2013) who
showed that marital status was viewed to influence work
performance. For example, when one had to be absent from
work in different ways and settings such as sick leave,
workshop or seminar attendance, annual leave,
absenteeism giving reasons in dealing with family
problems, involuntary absence occurring for reasons
beyond the employees’ control and voluntary absence
occurring when the employee makes the decision not to go
to work (Belita et al., 2013; Ledikwe et al,, 2014).

Figure 2 shows the number of years the respondents
stayed at the current health facility (n=81). Less than ten-
5(6%) -of the respondents had worked in their current
station for less than 5 years, 33 (41%) for a period of 5-9
years, 15(18%) for 10-14 years and 28 (35%) had
experience of more than 15 years in the current health
facility. This result recognises that there was staff turnover
which could affect institutional recollection and in turn
affect data quality of routine HMIS implementation. (Table
3).

Type of leave of the respondent

Kenyan Labour Laws (2012) entitles employees to
rightfully enjoy 30 working days leave of absence for
annual leave, 14 work days off for paternity leave and 120
days off for maternity leave. Table 4 below, Appendix 1
shows the type of leave among respondents. Majority
81(100%) of the respondents had reported having enjoyed
this right. The result also agrees with Belita et al. (2013)
who demonstrated that marital status has been reported to
influence data quality based on absence from work in
different settings such as sick leave, workshop or seminar
attendance, annual leave, absenteeism in dealing with
family problems, involuntary absence occurring for reasons
beyond the employees’ control and voluntary absence
occurring when the employee makes the decision not to go
to work (Belita et al., 2013). Moreover, most countries have
labour laws where civil servants have the right to vacation
and leave in accordance with general labour legislation and
the special collective contract. A civil servant has the right
to annual vacation for a minimum of 20 and maximum 30
days according to criteria determined by special collective
contract (GoK, 2012; SoB, 2008).

These results have a bearing on the state of data quality
of RHMIS and its implication on the processes of RHMIS
where the level of staffing in terms of numbers and
prevailing policies.

It was also emphasised that a civil servant has the right to
annual vacation for a minimum of 20 and maximum 30
days according to criteria determined by special collective
contract (GoK, 2012; SoB, 2008). All females have a right to
three months maternity leave in addition to annual leave,
this means that one staff can end up spending closer to a
half a year before resuming work. The existing policies,
therefore, is not in line with day to day operations where an
acute shortage of critical staff in terms of numbers and
skills are absent. As pointed by Measure Evaluation, (2012)
global decision makers require timely and accurate
information from routine health activities for the
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Table 3. Crosstab on the cadre and teams of employment of the respondents

. Contract Permanent and pensionable Total

Profession
Frequency (%)

Clinical officer 1(1) 4(5) 5(6)
Data clerk 1(1) 1(1) 2(2)
Health Information officer 1(1) 2(2) 3(4)
Medical Lab technician 0(0) 1(1) 1(1)
Medical Lab technologist 0(0) 1(1) 1(D)
Nursing 13(16) 42(52) 55(68)
Nutritionist 0(0) 4(5) 4(5)
Ophthalmologist 0(0) 2(2) 2(2)
Pharmacist 0(0) 2(2) 2(2)
Physiotherapist 0(0) 1(1) 1(1)
Psychology 0(0) 1(1) 1(D)
Public health 0(0) 3(4) 3(4)
VCT counsellor 0(0) 1(1) 1(1)
Total 16(20) 65(80) 81(100)

Table 4. Type of leave and working days of the respondents

Female | Male | Total
Type of leave
Frequency (%)
Annual Leave 51 (63) 26 (32) 77 (95)
Maternity leave 24 (30) 0(0) 24 (30)
Paternity Leave 0(0) 12 (15) 12 (15)

formulation of policies, resource allocation, and day-to-day
management decisions. Odhiambo-Otieno (2005) in his
study also pointed out that urgent need to reform existing
human resource and alignment to health information
systems design and implementation is critical for the
success of good quality information. It is noted that
multitudes of underutilized data are still being collected at
the operational level by already overburdened health
workers. Later, it follows a tedious path of collation and
upward transmission with little potential for analysis and
use, let alone managerial value. Emphasis is needed to do
more with less especially during data collection as the
health sector faces ever increasing demands while receiving
inadequate or decreasing resources. One of the key
informants also pointed out that:

“being on permanent, temporary or casual will affect how
you handle your work. At times staffs are not promoted, re-
designated or supported on career progression and with
minimal recognition of health records personnel which
brings demotivation. Those on contract can be terminated
anytime without notice and this affects coverage of work
where there is a shortage of staff” (Key Informant, 002).

However, HIS Hub (2013) also pointed out an ever-
increasing global recognition of the importance of health

information systems for strengthening health systems,
developing public health policy and improving
accountability and transparency. In order to strengthen
data quality at all levels, we therefore need reorientation
and redirecting of health workers at all levels of the system
to change their attitudes in the way they handle data in
achieving organizational values (Anyangwe and Mtonga,
2007; MOHSW, 2012). Consequently, this result
demonstrates the impact of policies in negatively
influencing the production of data in the health industry
which has also led to poor data quality. Kenya labour laws
(2012) recognizes that every employee is entitled to annual
leave, paternity, study leave and maternity leave which
does not commensurate with the availability of human
resource to cover during absence leading to backlog of data
collection, transformation and dissemination for use (Laws,
2012).

Table 5 Appendix 2 shows the results from respondents
that were asked if they had ever gone for any leave in the
year 2014 and what the duration was. All the respondents
reported having gone for entitled leave with 55 (68%) of
them females and 26 (32%) male respondents. One-
quarter, (20) of the respondents had more than 60 working
days before resuming work, 49 (60%) had less than 30
working days. On the other hand, if one combines maternity
and annual leave days, it is approximately more than 90
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Table 5. Type of leave and working days of the respondents

Female Male Total
Leave days
Frequency (%)
Less than 30 working Days 33 (41) 16 (20) 49 (60)
30-60 Working Days 2(2) 10 (12) 12 (15)
Above 60 Working Days 20 (25) 0(0) 20 (25)
Total 55 (68) 26 (32) 81 (100)
Table 6. Delegation of work by the respondent and pending work
. Pending work
Officer delegated work to cover
No Yes Total
No 2(2) 11 (14) 13 (16)
Yes 18 (22) 50 (62) 68 (84)
Total 20 (25) 61 (75) (100)

working days excluding weekends. The existing policies do
not look on the workload and coverage an individual does
before proceeding for leave. One of the key informant
interviewees indicated that “

Kenyan government provides a right for officers to leave
every financial year (between July to June of the following
year)". One can either go for annual, maternity, paternity,
sick or study leave and in areas where there is one or few
staff, will lead to late collation and reporting of data. Take
for example a staff going for maternity leave for 90 days plus
annual leave for 30 days which brings to a total of 120 days.
This means that the data availability will not be there for
more than 4 consecutive months, (Key informant, 002).

The findings also demonstrate how existing policies
implemented in various countries with other labour laws
for civil servants which provides the right to vacation and
leave in accordance with general labour legislation and how
special collective contract has affected data quality. It is also
illustrated that a civil servant has the right to annual
vacation for a minimum of 20 and maximum 30 days
according to the criteria determined by special collective
contracts (GoK, 2012; SoB, 2008). The repercussion of this
result will touch on the business process factors, and calls
for adequate staff at all times. Emphasis is placed on the
importance for institutions to discover data quality
deficiencies with a significant impact on their most
strategic business initiatives that often prevent them from
achieving the growth, agility, and competitiveness that they
desire. In addition to challenges with growth and agility,
compliance and transparency pressures increasingly bring
data quality issues to the forefront (Gartner, 2011). Also,
poor quality data affects policies on outputs of the health
system such as availability, quality, and use of health
information and services; health outcomes in terms of
mortality, morbidity, disability, well-being, disease

outbreaks and health status and difficulty in determining
health inequities in coverage and use (Wanju etal., 2012).

Table 6 appendix 3 above shows the consequence of
delegation of work and pending works after proceeding on
entitled leave. Majority 64(84%) delegated work while
13(16%) of the respondents did not delegate. Among those
who delegated their work, slightly more than half (50)
reported to have found pending work after resuming work
from leave while 18 (22%) of the respondents found none.
This agrees with Measure Evaluation (2010) which shows
that poor data quality limits the ability to use data for
evidence-based decision making and has a negative impact
on facilities’ strategic planning activities and their efforts to
advocate for resources. Data entry backlogs or pending
work affected data generation of information for use due to
delayed reporting and availability of clear internal
management process of staff based on skills to enhance
timely data collection, analysis, and use. Moreover, Simba
and Mwangu (2006) found out that the assumption was
that when those in charge of the facility are trained on
HMIS, health staff would be able to fill-in most, if not all of
the tables that may appear complex for those not trained.
Whereas in government facilities, the accountability of
health facility workers in ensuring data is collected,
transformed and disseminated to those interested is
compromised. This was also supported from one of the key
informants thus:

“we delegate casuals to cover areas we cover as we have
social, workshops or school-based classes which are self-
sponsored resulting in pending work at the workplace” (Key
Informant, 001).

The consequence of these results applies to the adequacy of
human resource which ends up with data quality in term of
accuracy, completeness, relevance and timeliness.
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RECOMMENDATION

The health industry is a data-intensive amphitheatre which
needs high-quality data to support health interventions,
decision-making and assure communities health. Data-use
and -process have not been given adequate attention,
although they are equally important factors which
determine the quality of data. Based on the enactment of
government policies, findings revealed that the policies do
not naturally flow from planning to implementation as
assumed. The study, therefore, recommends that the
government should proactively closely follow-up on any
policies designed aiming at paradigm shift to monitor its
implementation and impact on a business process like data
quality improvement. In order to strengthen the data
quality of routine HMIS activities at all levels of healthcare,
the national and county governments and the Ministry of
Health in Kenya should increase the adequacy of human
resources in terms of numbers and skills mix to support
business processes.

The objectives of the study are clear and successfully
accomplished. However, the study was limited to literature
related to the study area but, further studies are
recommended to unearth more organizational policies that
could be affecting the implementation of data quality
improvement process. Further research is also needed to
assess the effectiveness of similar interventions on a large
scale, estimate their implications and illuminate the
connection between value-added data quality and better
health service delivery to the general public in the global
era of measurement and accountability.
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a.1 cells (16.7%) have expected count less than 5. The minimum expected count is 3.85

b.Computed only for PxP table, where P must be greater than 1.

Appendix 1
N | Mean Std. Std. 95% Confidence | Minimum | Maximum
Deviation | Error | Interval for Mean
Lower Upper
Bound Bound
Type_Leave_Annual_Leave Less than 30 working Days | 49 | 1.04 .20 .03 98 1.10 1 2
30-60 Working Days 12 | 1.17 .39 a1 92 1.41 1 2
Above 60 Working Days 20 | 1.00 .00 .00 1.00 1.00 1 1
Total 81| 1.05 22 .02 1.00 1.10 1 2
Type_Leave_Maternity_leave | Less than 30 working Days | 49 | 1.96 .20 .03 1.90 2.02 1 2
30-60 Working Days 12 | 1.83 .39 a1 1.59 2.08 1 2
Above 60 Working Days 20 | 1.00 .00 .00 1.00 1.00 1 1
Total 81| 170 46 .05 1.60 1.81 1 2
Type_Leave_Poternity_Leave | Less than 30 working Days | 49 | 1.96 .20 .03 1.90 2.02 1 2
30-60 Working Days 12 | 1.17 .39 a1 92 1.41 1 2
Above 60 Working Days 20 | 2.00 .00 .00 2.00 2.00 2 2
Total 81 | 1.85 .36 .04 1.77 1.93 1 2
Total of Homogeneity of Variances
Levene Statistic | dfl | df2 | Sig.
Type_Leave_Annual_Leave 9.78 2 78 | .000
Type_Leave_Maternity_Leave 9.78 2 78 | .000
Type_Leave_Poternity_Leave 9.78 2 78 |.000
ANOVA
Sum of Squares df Mean Square F Sig.
Type_Leave_Annual_Leave Between Groups 22 2 a1 2.37 101
Within Groups 3.59 78 .05
Total 3.81 80
Type_Leave_Maternity_Leave | Between Groups 13.30 2 6.65 144.73 | .000
Within Groups 3.59 78 .05
Total 16.89 80
Type_Leave_Paternity_Leave | Between Groups 6.64 2 3.32 72.20 | 000
Within Groups 3.59 78 .05
Total 10.22 80
Appendix 2
Chi-Square Tests
Value df | Asyp. Sig. (2-sided)
Pearson Chi-Square 239142 | 2 .000
Likelihood Ratio 28954 | 2 .000
Linear-by-Linear 3.461 1 .063
Association b
McNemar-Bowker Test | 81
N of Valid Cases
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Appendix 3
Descriptives
Pending Work
95% Confidence Interval for Mean
N | Mean | Std. Deviation | Std. Error Lower Bound Upper Bound Minimum | Maximum
Yes 68 1.26 444 .054 1.16 1.37 1 2
No 13 1.15 376 104 93 1.38 1 2
Total 81 1.25 434 .048 1.15 1.34 1 2
Test of Homogeneity of Variances
Pending Work
Levene Statistic dfl | df2 | Sig.
3.829 1 79 | .054
ANOVA
Sum of Squares df Mean Square F Sig.
Between Groups (Combined) 134 1 134 | 710 402
Linear Term Unweighted 134 1 134 | 710 402
Weighted 134 1 134 | 710 402
Within Groups 14.928 78 .189
Total 15.062 80




