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Abstract. The aim of this study is to investigate mental fatigue using
the Kaplan-Meier and Nelson-Aalen estimators in survival analysis. Men-
tal fatigue is a common occurrence when the mind becomes tired from
regular tasks, and it can have a negative impact on an employee’s oper-
ational functions and job efficiency. To detect mental fatigue, the shal-
low Kaplan-Meier method is employed by analyzing data from employee
burnout evaluations.

Both the Kaplan-Meier and Nelson-Aalen estimators have proven to
be effective in automatically analyzing various features from raw data.
However, they often impose a significant burden on system resources dur-
ing training and predictions. Therefore, alternative methods of analysis
are necessary to derive the survival curve.

In this paper, we provide a mathematical foundation for the Kaplan-
Meier method and explain the concept of censoring, including right cen-
soring, interval censoring, and left censoring. Furthermore, we construct
a Kaplan-Meier survival curve, which represents the probability of sur-
vival over time. The Kaplan-Meier survival curve is considered the most
reliable and is recommended for predicting the variable under investiga-
tion, particularly in the fields of public health and medical research.

The findings of this research can also be utilized to develop inter-
ventions and strategies aimed at reducing mental fatigue and improving
employee morale. Enhancing employee morale can positively impact an
organization as a whole, as mental fatigue has been associated with lower
job satisfaction and an increased likelihood of employee turnover, both of
which can be further explored in future studies. Overall, this study sheds
light on the significance of understanding and addressing mental fatigue
in the workplace, and it provides valuable insights that can contribute
to the well-being of employees and the success of organizations.
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1 Introduction

Employees who report feeling good about themselves and their working condi-
tions tend to be more productive overall. As a result, they contribute to the
success of the business or organization. Nevertheless, the situation in the major-
ity of businesses has changed as a result of the pandemic. Almost 69% of the
workforce has been experiencing burnout since implementing work-from-home
and office policies. The percentage of employees who have burned out is high.
There has been a rise in the number of businesses caring about their workers’
emotional well-being. This trend can be attributed to the growing recognition of
the negative impact that burnout can have on employee productivity and overall
business success. As a result, many companies are implementing programs and
policies aimed at preventing burnout and promoting mental health in the work-
place. To counteract this, we plan to develop a web application that businesses
may use to track staff burnout. Additionally, employees themselves can use it as
a tool to monitor burnout and evaluate mental health in the hectic workplace.

This study also found that the amount of mental fatigue [1] is related to how
much pain, anxiety, and depression affect how much fatigue [2] affects a person’s
life, and these things work together in a cycle that can make fatigue worse and
keep it going. There are many possibilities for the effects of each of the others.
80% of employees with depression also report sleeping poorly, supporting the idea
that the two are related. There is a strong correlation between this condition and
poor sleep quality, with decreased sleep efficiency being the primary sleep issue
described. Mental fatigue makes it worthwhile to investigate this K-M method.
According to the literature and our most recent findings, women have a higher
prevalence of mental fatigue than men. Women’s work is handed to us, working
women are handed the kids, the homework, kids, jobs, etc.

Instead of investigating employees in the organization to check for mental
fatigue disorder [3], the organization checks the health condition of employees
and mentally how much struggle they are facing, effective working on ongoing
work, whether the organization has given additional responsibility or reduced
project delivery on time, reviews meetings and client meetings in the cases of
team members, makes plans to change the upcoming one, earns new things, and
talks to family. Employees’ work burden stress, and keeping on top of the status
in the daily meeting, do not support the work environment.

Life is moving at a breakneck speed, and the demands of work and school
are only getting heavier. Extended mental exertion of any kind necessitating
undivided attention inevitably results in tiredness, with all the unpleasant con-
sequences that entail slower reaction times, dizziness, nausea, etc. Hence, in order
to aid in reducing its harmful consequences, it is important to recognize [4] and
study various forms of weariness.

The role of emotion in human interaction, understanding, and decision-
making has grown in recent years. Recognizing others’ feelings is a fundamental
skill for establishing rapport in everyday life. Emotional state is assessed using
a person’s EEG signal [5], which measures the amount of brain activity during
various conditions. To date, the best method for extracting human emotions
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from EEG [6] data has been a 6 layer feed forward neural network that has been
subjected to extensive biological testing. Functionalities including preprocessing,
feature extraction, and classification were all provided by this system. First, a
band pass filter is used to do EEG preprocessing [4,7]. Several methods of elec-
trophysiological recording have been used to shed light on the intricate brain
interactions that underlie cognitive tiredness in situations of mental fatigue,
allowing researchers to better understand the neural circuits at play in this state
[8].

This percentage is inversely related to the number of people with fatigue. A
decreasing curve starting at 1 represents the Kaplan-Meier estimates of survival
time graphically [9]. The size of the steps depends on factors such as his length
of residency, the likelihood of a mental fatigue disorder, and the possibility that
he will suffer through the allotted time without ever encountering the event of
interest. Censored observations refer to data that is missing either temporarily
or permanently, and they can occur at any point in the research paper. There
are essentially three distinct categories of censorship. The most prevalent type
of censorship is called right censorship, and it occurs when a patient is observed
for a certain amount of time without experiencing the event of interest. Hence,
there is a gap in the survival time [10] series on the right side of the observational
period. We know that the event of interest does not occur for this patient until the
censoring date, the second type of censorship occurs when the event of interest
occurs between two unknown dates and we do not know which date it occurred
on.

The zero Reynolds number and long wavelength assumptions, It is discovered
that, for a given flow rate, the pressure rise lowers as the peripheral layer viscos-
ity drops, and that, for a given non-zero pressure drop, the flow rate increases as
the viscosity of the peripheral layer decreases [11]. The beneficial in creating a
physically suitable workplace and promoting professional productivity. Further-
more, they should consider permitted working hours based on people’s abilities,
reducing tension factors, creating a culturally and ethically secure atmosphere,
respecting new ideas, providing spiritual and mental well-being, planning, recon-
structing the system of instruction, utilizing recommendations and criticism, and
other factors. These factors can prevent emotional exhaustion within the orga-
nization. Since depersonalizing has a direct correlation with performance, the
managers can strengthen coworker relationships by implementing counselling
programmers [12] and communication skills training. The electrodes on an EEG
device collect electrical impulses that communicate at different EEG frequen-
cies. The Fast Fourier Transform [13] is a method that can be used to identify
these raw EEG signals as discrete waves with a variety of frequencies. A group
of learners who perform poorly on the learning curve come together to form an
ensemble of classifiers [13,14], also known as a committee of classifiers. Learn-
ing a large number of less effective classifiers and integrating them in a certain
manner is the purpose of the ensemble of classifiers technique rather than learn-
ing a single, efficient classifier. Data mining algorithms aid in the analysis and
prediction of large data sets with minimal human intervention [15].
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Predicting and analyzing diabetes can be done with a number of data min-
ing programs. Fast and accurate automated algorithms for summarizing text
and generating a summary that can be spoken aloud. An automated decision-
making system’s variance could be reduced, which would improve the system’s
accuracy. In the intervening time, ensemble systems have been utilized effectively
to solve a wide range of machine learning challenges, including feature selection,
confidence estimation, missing features, incremental learning, error correction,
class-imbalanced data, and learning concept drift from non stationary distribu-
tions, just to identify a few. By doing in-depth research on technological aid,
user experience, and health care, we can help reduce the deadly risks that peo-
ple face and be ready to act quickly in emergencies [16]. Because of its usefulness
in so many programs, neural model-based text analysis has recently gained trac-
tion. Researchers have identified and justified a large number of techniques for
enhancing text analytics effectiveness. Text categorization, text generation, text
summarizing, query formulation, query resolution, and sentiment analysis are
just some of the areas where these methods have been put to good use [17]. To
achieve uniform scale L2 regularizes of linear models may assume that all features
are centered on zero or have variance in the same order. Because these things
are often used in the objective function of learning algorithms. This method of
presentation has advanced greatly since the days of rainbow-hued spreadsheets.
With the advent of datasets [18] another execution time and space complexity of
mining has drastically decreased. Retrieval techniques went to a whole new level
after [19] receiving this data. If all commercial activities cease, the business will
cease to exist. Operating alone, the application server could not sustain startup
costs [20]. Statistical methods for regression and classification are incorporated
into machine learning algorithms. Sensors are used to capture data, which is
then transmitted to the Blynk app. The automatic water controller only acti-
vates when the relative humidity falls below a predetermined threshold [21]. To
accompany the connected device, we need a resource provisioning system that
is easily managed; this is only feasible if we have accomplished cloud service
models [22]. Every plant has specific requirements that must be met to ensure
its survival. Therefore, it is necessary to establish a system where plants can
communicate with the user [21]. The proposed strategy uses a technique for
reducing the number of dimensions and clustering similar objects together. For
both symmetrical and asymmetrical data sets, it provides the highest accuracy
for the larger of the two [23].

Third, left censoring, occurs when someone from a certain fatigue is known
to have the event before a certain date, but the time period between the occur-
rence of the event and the specific date is unknown. The zero Reynolds number
and long wavelength assumptions, It is discovered that, for a given flow rate, the
pressure rise lowers as the peripheral layer viscosity drops, and that, for a given
non-zero pressure drop, the flow rate increases as the viscosity of the peripheral
layer decreases [11]. Survival probability utilizing the Kaplan Meier (KM) sur-
vival estimator, Nelson-Aalen estimator, and Hazard Model based on regression
could be used to assess prediction scores for Mental fatigue [24]. In this paper, an
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Employee burnout datasets was used to (i) analyses the research to identify key
differential mental fatigue, (ii) examine survival associated with most altered men-
tal fatigue using the web-based Kaplan Meier and Nelson-Aalen Plotter tool, and
(iii) evaluate the possibility of the potential at the datasets between mental fatigue
and control variables. During the construction of survival time probabilities and
curves, the serial duration’s for specific participants are ordered from shortest to
longest regardless of when they entered the research. By employing this technique,
all subjects within the group commence the analysis at the same point and are all
surviving until mental fatigue persons are identified. Two outcomes are possible:
1) the subject can see the event of interest, or 2) they may be censored. This sub-
ject’s total survival time cannot be determined precisely due to censorship. This
can occurwhen an adverse occurrence for the research occurs, such as theEmployee
dropping out, being lost to follow-up, or required data not being available, or when
something positive occurs, such as the research getting before the subject observed
the event of interest, they survived at least until their conclusion of the research, but
it is unidentified [25] what occurred to them afterward. Thus, censorship can occur
either during the research. Metal fatigue is a risk factor that causes some of their
diseases, like Constantly feeling overwhelmed or stressed, Cynicism, uncertainty,
and pessimism Depression, anxiety, and suicidal thoughts Sleep disruptions and
pattern alterations, Tension, pain, and headaches Digestion problems and recur-
ring colds High blood pressure, abnormal heart rate, brain fog, and strokes Obesity
and cardiovascular disease.

2 Method

Dataset. Employee burnout is a dataset collected from the kaggle website [26].
The following are the data attributes and their descriptions, we are implement
the python code [27]. The shape of data frame is: (20633, 9) instances will be
there in dataset. Data preprocessing the data is processing is onehotEncoder
is technique will represent the text, category variable is numeric values, the
transform the text and category variables data is the will transform to numeric
values. Data is pre processing the data is find out the missing and noise data,
duplicate data. The data is replace the noise data and duplicate data by the
using the means values, the replace the missing values by the means values on
the dataset.

Employee ID. The distinctive ID that the company gives to each employee.

Date of Joining. The day the individual began working for the company.

Gender. In the box plot, we see that some of the women’s burnout rate data
points are significantly different from the rest. This is something that needs to
be handled by us. Female workers are over represented in the data. It shown the
Fig. 2.
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The gender of the employee. Men have a higher burnout rate than women
do on average. Let’s investigate why this would be the case by looking at how
the two sexes fare in other areas, such as titles and hours worked. It shown the
Fig. 1.

Fig. 1. The gender difference in burn rate

Fig. 2. The gender and count of employees
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Designation. The employee’s position in his or her organization. In the interval
[0.0, 5.0], “0.0” is the least significant digit, and “5.0” is the most significant.
More men than women hold positions with a designation of 2.0 or above. It
shown the Fig. 3.

Fig. 3. Designation for men

Resource Allocation. The number of resources given to an employee for work,
which should be thought of as the number of working hours. Between one and
ten higher means more resources. Most women work up to 8 h a day, whereas
most men work up to 10 h. The median number of hours worked by men and
women differs by one hour. It shown the Fig. 4.

Company Type. Employee The figure of resource allocation for an employee-
based company displays how the available resources are distributed among the
employees to achieve the company’s goals. It helps in identifying which employee
has been assigned what task and how much time and resources have been allo-
cated to it. May classify their employers based on the services or products they
offer. It shown the Fig. 5.

WFH Setup Available. Is the worker allowed to work from his or her home
office.

Mental Fatigue Score. A number from 0 to 10 that shows how mentally tired
the worker is at work, where 0 means no mental fatigue and 10 means extreme
mental fatigue.
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Fig. 4. Resource Allocation

Fig. 5. Company Type

Burn Rate. The target value in each worker’s data shows the rate of burnout
while on the job. Values from 0.0 to 1.0 show that burnout is getting worse. The
correlation between fatigue score and burn rate appears to be very significant. It
is important to address burnout in the workplace, as it can have negative impacts
on both employees and organizations. Employers should consider implementing
strategies to prevent and manage burnout, such as promoting work-life balance
and providing support resources. It shown the Fig. 6.
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Fig. 6. Mental fatigue and burnout

The Kaplan-Meier Estimator. The Kaplan-Meier curves and survival pre-
dictions, there is now a better way to look at data when your mind is tired.
The Kaplan-Meier estimator [28] is often used to describe how long a popu-
lation will fatigue because it gives estimates of the survival function that are
not based on statistics. If you want to know how likely a patient is to live past
a given point after receiving mental health treatment, one of the most reliable
statistical techniques is the KM estimate. When working with incomplete or hid-
den data, the KM method is especially helpful because it lets all available data
points be used in the analysis. Additionally, it can be used to compare survival
rates between different treatment groups or populations. This method of making
graphs and charts is very user-friendly. The effectiveness of an intervention in
mental fatigue research is determined by tracking how many people are rescued
or made healthy thanks to the intervention. Notwithstanding the complexity of
some subjects or settings, KM estimation is the simplest method for predicting
longevity over time. Events, censorship, and the likelihood of survival can all be
estimated with the help of the Kaplan-Meier curves.

The Kaplan-Meier survival curve [29] is a useful tool in statistics for analyz-
ing time-to-event data and making comparisons between groups of people. The
number of people who avoid dying during a specific time period can be calcu-
lated using the survival curve. This can be analyzed for an evaluation of a pair
of patient populations or subjects as well as the statistical difference in their
overall survival.
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Depending on how much time has passed, either the product limit estimator
or the Kaplan-Meier curve can be used to figure out the survival function. If
the data are already organization into intervals, if the sample size is large, or
if a large population is of interest, a clinical life table analysis may be more
time-efficient. Both of these approaches will be addressed in greater detail. The
Kaplan-Meier survival curve is the cumulative chance of survival over many
intervals of time. This analysis relies on three presumptions. To proceed, we
believe that censored employees at any given time have the same survival and
growth as unregulated employees; second, we think that those who participate
in research at the beginning or the end will have significantly different survival
times. Furthermore, we’ll presume that the event occurs just when it’s expected
to. In situations where the occurrence would pick up the energy level and bring
routine work, this can be done from the office or home. This approach can
be particularly useful for individuals who have flexible work arrangements or
who are able to work remotely. It allows them to balance their personal and
professional responsibilities while still being productive.

If an employee is followed up on more often and for shorter periods of time,
it is possible to predict how long they will stay with the company. This can be
beneficial for employers in terms of retention strategies and succession planning.
However, it is important to balance this with the need for employee autonomy
and trust in the workplace. The term “product limit estimate” can be used to
describe the Kaplan-Meier estimate. The method involves calculating the odds
of an occurrence happening at a given instant. To arrive at a final estimate,
we multiply these probabilities by any previously calculated probabilities. If you
want to know your probability of surviving at any given moment in time, just
plug those numbers into the following Eq. 1.

The Kaplan-Meier method or Kaplan-Meier curve can be made with just two
pieces of information: the time until the event of interest and the status of the
patient at that moment. In medical research, the Kaplan-Meier method is often
used to figure out how likely it is that a patient with a certain disease will live. It
is a non-parametric statistic that takes into account time-to-event data and cen-
sored observations. Let D1 < D2 < ... < Dn, i < N be a collection of separate
ordered times finding the mental fatigue times observed in N individuals; in a
given time Di (i = 1, 2,..., n), the number di ≥ 5 of mental fatigue are observed,
and the number ri of subjects, whose either mental fatigue or censored time is
greater than or equal to Ti, are deemed “at risk”, the observed times to event. T
In its simplest form, there is no need to elaborate on the formula for the condi-
tional probability of survival past time Ti, which is simply that the Kaplan-Meier
method is an estimate of the conditional probability of survival at different peri-
ods in time identified by the event’s likelihood of occurring. The Kaplan-Meier
method is commonly used in medical research to estimate the survival rate of
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patients with a particular disease. It takes into account the occurrence of events
such as death or relapse to calculate the probability of survival at different time
intervals.

P (Di) =
ri − di

ri
(1)

By dividing the total number of subjects by the total number of patients at
each point in time, one can calculate the likelihood of survival. Subjects who get
lost because they are tired are not counted as having a disorder. Instead, they
are considered “censored” and taken out of the denominator. By multiplying
the individual survival probabilities at each interval leading up to that point
by the law of multiplication of probabilities, one can determine the cumulative
probability of survival up to that point. This approach is commonly used in
medical research to account for the fact that some subjects may drop out of a
study for reasons unrelated to the disorder being studied. By censoring these
subjects, researchers can more accurately estimate the probability of survival
for those who remain in the study.

The term conditional probability describes this type of probability. Because
of the limited number of events, the calculated probability at any given interval
is not very precise. However, the overall probability of survival at each point is
Estimating the survival function at time Δt is done by multiplying the condi-
tional probability of survival at that time by the formula.

The conditional probability of survival (S̄(Δt)), also called cumulative prob-
ability or cumulative survival, is the chance that a patient will be mentally tired
days after enrolling in a study, if the patient has been alive for at least Δt days
before enrolling. In a hypothetical situation where a patient in an intensive care
unit checks his or her level of fatigue and lives for hours per day, the product
rule of conditional probabilities says that the cumulative survival is the product
of survival probabilities. This information is useful in medical research because
it assists clinicians and researchers. A patient’s conditional probability of sur-
vival, also called cumulative probability or cumulative survival, is the chance
that he or she will be mentally tired days after enrolling in a study, given that
the patient has been alive for at least t days before that. Understand the long-
term effects of treatments and interventions on patients’ survival and quality of
life. Additionally, it can aid in making informed decisions about patient care and
treatment plans.

S̄(Δt) =
∏

i:Di<t

P (Di) =
∏

i:Di<Δt

(1 − di

ri
) (2)
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The definition of its variance is Variance is a statistical measure that quan-
tifies the amount of variability or dispersion in a set of data. It is calculated by
taking the average of the squared differences from the mean of the data set.

σ(S̄(Δt)) = S̄(Δt)2
∑

i:Di<Δt

di

ri(ri − di)
(3)

Variance is an important tool in statistical analysis, as it helps to understand
the spread of data points around the mean and can be used to make predictions
about future data. But outliers and extreme values in the data set might affect
it, and it might be necessary to fix them before using the variance to draw any
conclusions. Because of the censoring, ri is not simply equal to the difference
between ri −1 and di −1, the right approach to calculate ri is ri = ri−1di−1Ci−1,
where Ci − 1 is the number of censored cases between Di − 1 and Di. This
calculation is commonly used in statistics to determine the variability of a data
set. However, when dealing with censored data, a modified approach must be
taken to accurately calculate the variability.

3 Result and Discussion

The Kaplan-Meier method [30] is a deft statistical analysis of survival times that
not only provides for filtered observations in the right way but also makes use
of the information from filtered individuals up to the point of filtering. While
investigating the effects of mental fatigue, it is typical to use two interventions
and evaluate the outcome in terms of the employee’s ability to stay fatigued.
Hence, the Kaplan-Meier approach [31]is a valuable resource that may have an
essential role in producing evidence-based data on expected survival [32]. Sur-
vival analysis is a type of statistical analysis used to examine an incident that
happened relatively frequently over a particular period of time. Hence, it seeks
to discover how often something occurs. The word “survival” can mean anything
from the employee’s depression, mental tiredness, mental illness, sleeping, and
anything in between. Populations, or collections of recipients who are monitored
throughout time, are used in survival studies to record significant medical events
as they occur and associate them with an intervention of interest. Survival anal-
ysis requires the determination of the “survival time”, [10] which is the amount
of time that has passed since the baseline date and before the event happens. As
a result, it is essential to determine whether the employees in question witnessed
the incident of interest or were prevented from doing so by the filters. For the
statistical application to determine the cumulative probability of the event, it is
essential to know this information. The Kaplan-Meier method’s [2,33] primary
function is to generate survival curves as a function of time, providing a visual
representation of the clinical phenomenon being investigated. The ordinate of a
Kaplan-Meier curve shows the cumulative survival time, while the abscissa shows
the elapsed time. The time intervals used to create a Kaplan-Meier curve aren’t
decided upon in advance but rather are determined by the occurrence of events.
The Kaplan-Meier technique is preferable because it estimates for correction.



230 R. Eswar Reddy and K. Santhi

Plotting Survival Curves Using matplotlib.pyplot, Seaborn, Kaplan-
MeierFitter, CoxPHFitter
The Kaplan-Meier [34] curves for survival time are unappealing to the eye.
Enhanced plots can be created using matplotlib.pyplot, seaborn, KaplanMeier-
Fitter, CoxPHFitter libraries [27]. The following sections show and describe
Kaplan-Meier curves generated with matplotlib.pyplot, seaborn [35], Kaplan-
MeierFitter [30], and CoxPHFitter. These libraries’ functions are using the
graphs generated [36] by the KaplanMeierFitter graphs [31], which find the
Kaplan Meier estimates, the x-axis is the mental fatigue score, the y-axis is
the designation of the employees, find out the fatigue score of the employees.
The Kaplan-Meier curves are useful for analysing survival data and estimating
the probability of an event occurring over time. They are commonly used in
medical research to analyse patient outcomes and can also be applied to other
fields such as finance and engineering. It shown the Fig. 7 in the graph.

Fig. 7. Kaplan Meier estimate curve

The median survival time is 2.0, and the designation is 0.5. This suggests
that half of the patients survived beyond 2.0 units of time and the other half
did not, and the designation of 0.5 indicates that the survival probability at 2.0
units of time is approximately 50%.

The Survival Function. Survival, denoted by (S̄(Δt)), is the probability that
T happens before Δt, where Δt is any moment during the observation. In survival
analysis, the survival function is often used to figure out how likely it is that
something will happen at a certain on time, like a machine breaking down or
an employees fatigue. It is also used to compare survival rates between different
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groups or treatments. Specifically, the probability that an employee will still be
fatigued after a certain burnout of time, denoted by t, is the survival function.
It shown the Fig. 8, and Table 1.

Fig. 8. Survival of different gender groups

Table 1. Kaplan Meier estimate

timeline Kaplan Meier estimate

0 0.951038

1 0.747703

2 0.404027

3 0.128106

4 0.018177

5 0

Text (0, 0.5, “designation”)

The colour in this figure indicates which clinics correspond to certain curves.
Confidence intervals for each time point and overall are shown as a band of
shading. At any given period, the plus signs denote the censored instances. The
confidence intervals represent the range of values within which the true popu-
lation parameter is likely to fall. The censored instances refer to observations
that are incomplete or truncated, usually due to limitations in data collection
or follow-up. Mental fatigue has an increased survival curve, therefore, more
patients remain there than in fatigue. It is advised that research be conducted
into the reasons so many fatigued employees end up leaving. It’s unclear if the
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discrepancy can be attributed to fatigue itself or if the employees were chosen
for fatigue, depression, mental illness, mental stress, mental tensions, or some
other factor. The research could also explore potential solutions to address the
high turnover rate, such as implementing flexible work schedules, providing men-
tal health resources, or offering additional support for employees experiencing
fatigue. It is important for employers to prioritise the well-being of their employ-
ees in order to maintain a productive and healthy work environment. It shown
the Fig. 9.

Fig. 9. Survival function

To calculate the survival probability, we’ll use the Kaplan-Meier estimator
[29,39], which relies on a function called the survival function −(S̄(Δt)). The
curve depicts how the probability of survival changes over time. Persons suffering
from mental fatigue have a lower chance of survival. The comparable graph
can be created with the 95% confidence interval. A failed curve can also be
drawn. It is the inverse of survival, probability, and cumulative density. The
median survival time and 95% confidence intervals are estimated next. This can
be accomplished with the median survival time and median survival times()
functions. In this case, the median survival time is 2.0 h, implying that 50% of
the sample lives for 2.0 h and 50% experiences mental fatigue during that period.
The 95% KM estimate lower time is 2.0, while the KM estimate upper time is
2.0. We can examine the difference involving discrete categories using the KM
estimate. However, this method is only applicable when the variable has fewer
categories. A mask filtering object where males are true, and a plotting object.
The Plot curves for Male and Female observations. The curve demonstrates that
the aggregate survival probabilities of female patients are higher than those of
male patients at any given time Fig. 9.

The survival function provides the probability that the event has occurred
within the time interval t. The cumulative density is the complement of the
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Fig. 10. Cumulative density in km estimator

survival function, which is the probability that the event has taken place by
time t. Reading our plots, we can see using cdf that there is a 50% chance that
the event has transpired within 5 h. This is a range, as indicated by the blue lines’
broad intervals. This complement, the survival function, indicates that there is
a 60% chance that the event has not occurred within 5 h.

The survival probability is the chance that a worker won’t get tired between
an expected point in time and a future point in time. To demonstrate, if (9944)
= 0.9, the employee survival probability shrinks to 0.1. These statistics will be
eliminated if the employee survives the completion of the investigation. This
paper’s Kaplan-Meier estimator is 0.9, achieving the best result and predicting
the method However, it is important to note that the Kaplan-Meier estimator is
not a foolproof method and may have limitations in certain situations. Therefore,
it is crucial to consider other factors and data points before making any final
decisions based solely on this statistic.

Estimating Hazard Rates Using Nelson-Aalen
The survival function is an important way to describe and show how well the
model works. There’s an additional method, though. Unfortunately, the Kaplan-
Meier [28,37] estimate is sometimes transformed to yield information on the
population hazard function (t). This transformation is known as the Nelson-
Aalen estimator [37,38], which estimates the cumulative hazard function. It is a
non-parametric method used in survival analysis to estimate the hazard rate from
lifetime data. The Nelson-Aalen hazard function is used for this function. The
Nelson-Aalen hazard function is a non-parametric estimator that is particularly
useful when the hazard rate changes over time. It provides an estimate of the
cumulative hazard function, which can be used to estimate the population hazard
function. The Nelson-Aalen hazard function is a non-parametric estimator of the
cumulative hazard function that makes no assumptions about the underlying
distribution of survival times. It is particularly useful when analysing data with
complex censoring patterns.



234 R. Eswar Reddy and K. Santhi

H̄(Δt) =
∑

Di≤Δt

di

ri
(4)

where di is the number of fatigued employees at time t and ri is the number
of employees at the start. Survival functions are where basic survival analysis
starts, but cumulative hazards are where more complicated methods begin. It
Show the Table 2 and Fig. 10.

Table 2. hazard function

timeline NA estimate

0 0.058806

1 0.338227

2 1.008063

3 2.292282

4 4.168251

5 5.3682

<AxesSubplot:xlabel=‘timeline’>

Fig. 11. Hazard function curve in NA estimate

This research predicts values at a certain point 10, If the hazard probability,
denoted by H̄(Δt), is true at a given time, an employee under observation has
event fatigue at that time. If the value of (9944) is equal to 0.9, for instance,
the probability that the employee is still mentally fatigued is predicted, and
the employee’s fatigue levels are checked to examine the burnout. The hazard
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function, in contrast to the survival function, is the occurrence of an event.
Having a lower hazard probability and a higher survival probability [33] is good
for the employee. The hazard function can be used to predict the likelihood
of an event occurring in the future, such as an employee leaving a company.
By using the hazard function, employers can take proactive measures to reduce
turnover and improve retention rates. The hazard function is a useful tool for
predicting the likelihood of an event occurring in a given time frame. Employers
can identify potential risks and take steps to mitigate them by analysing the
hazard function, resulting in a safer work environment for their employees. In
the paper we analysed to find the best result and predict the method are would
use, we investigated the employees to check the mental fatigue and burnout
status in organisations (Fig. 12).

Fig. 12. Cumulative hazard function curve in NA estimate

To calculate the survival probability, we’ll use the Nelson-Aalen estimator.
The survival probability is the chance that a worker won’t get tired between an
expected point in time and a future point in time. To demonstrate, if (10373)
= 0.04, the employee survival probability shrinks to 10.36. These statistics will
be eliminated if the employee survives the completion of the investigation. It
shown the Fig. 11. This paper’s Nelson-Aalen is 0.9, achieving the best result
and predicting the method However, it is important to note that Nelson-Aalen
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estimator is not a foolproof method and may have limitations in certain situ-
ations. Therefore, it is crucial to consider other factors and data points before
making any final decisions based solely on this statistic. The estimate the num-
ber of persons will be at the high risk will be 100 employee is risk in the affect
the mental fatigue due to the designating, the estimated the number of persons
will be at the fatigue persons on below the 200 persons affect the fatigue at risk.

Fig. 13. Cumulative hazard function curves

The survival probability of the divided int two group that is male and female,
estimated and predicting the employee work and meta fatigue, estimated the
male’s will be faster fatigue, more female is fatigue is more and compare t the
male check the status abut the graph Fig. 13, the Cumulative density function
using find the estimated the km estimate and Cumulative hazard function using
estimated the predicting the employees affect the meta fatigue, the point the
function the risk, It assists to consider actual phenomena and the way their
hazard functions may be shaped. If T represents the designation of an employee
when it develops fatigue for the first time, then one might expect the corre-
sponding hazard function h(t) to increase with time; that is, the conditional
probability of a serious fatigue in the time will increase with the employee’s
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designation and responsibility. In contrast, one might expect h(t) to decrease
during the period of responsibility if unpredictable fatigue was being studied in
a situation where the employee had a designation and a responsibility. This is
known to be the result of selection during time’s fatigue. When T is the time
at which metal fatigue will have a greater impact on employees due to the w
designation and less employee responsibility, the hazard function will remain rel-
atively constant in t. Given that fatigue has not yet occurred, the probability of
designation and responsibility in the next time interval does not change with t,
but the probability of fatigue in the next designation will increase as the fatigue
level rises. Survival analysis relies heavily on the exponential distribution, which
is uniquely characterised by this property. The hazard function may take on
a more intricate form. If T denotes the mental fatigue of fatal outcome, then
the hazard function h(t) is anticipated to decrease initially before progressively
increasing at the end, reflecting a higher risk of unpredictable fatigue and fatal
outcome.

TTF estimation without the need to know the failure times of all observed
units. This would reduce the number of necessary calculations and, more impor-
tantly, facilitate the procedure for obtaining data throughout the entire obser-
vation period. The optimal method to the NA estimator is to divide the obser-
vation period into intervals and evaluate TTF for the limits of these intervals,
as opposed to calculating TTF for each failure. This is the Mean time to failure
TTF: [0.01665967 0.02371429 0.02838923 ... 0.03362179 0.02897202 0.03997889],
mean time to failure TTF: 167 h on the estimated. The predict the estimated at
the work environment persons is affect the fatigue at 45 h mean time failures.
The TTF estimated the 204.86 value on the NAE values estimated.

The cumulative hazard function is the bathtub curve, which represents the
fatigue’s life cycle. Combining the hazard rate and the slope of the bathtub curve
produces the curve’s hazard rate. It shown the Fig. 14.

While the image above shows the hazard rate, the Nelson-Aalen estimator’s
curve illustrates how the hazard rate varies over time. The concave shape of
the cumulative hazard function indicates that we are dealing with a “fatigue
fatal outcomes” category of event, where the failure rate is highest early on
and decreases over time blue line in the image. On the other hand, the convex
shape of the cumulative hazard function indicates that we are dealing with an
event red line indicative of unpredictable fatigue. In this paper the Nelson-Aalen
estimator of the cumulative hazard function. The estimation of the cumulative
hazard function and an intuitive understanding of the results’ interpretation.
While the Nelson-Aalen estimator is considerably popular than the Kaplan-
Meier survival curves, it is still widely used. The ability to provide more precise
survival estimates and identify survival differences between subgroups of patients
that KM cannot detect, as demonstrated here for various age groups [31]. In this
paper The ability to provide more precise survival estimates and identify survival
differences between subgroups of patients that KM detect [40], as demonstrated
here for various groups.
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Fig. 14. Time-Dependent Hazard Rate Analysis

4 Conclusion

Mental fatigue is linked to anxiety, depression, and burnout, even though men
are less likely to be anxious or sad at the time they are diagnosed. To enhance
employees’ quality of life and direct the creation of individualized multi com-
ponent plans according to gender variations, Kaplan Meier’s model is trend-
ing towards emphasizing psychopathology and early referral to mental health
experts. The necessity for experts to establish public policies and provide proper
care to better the daily lives of those suffering from fatigue, and the significance
of fatigue to the employee’s health system as a whole. The article, the effect of
Kaplan Meier on the estimated model was seen, and all variables that the method
found to be important were used in the regression coefficients. This highlights the
importance of utilizing statistical methods to identify significant variables that
can contribute to the development of effective policies and care plans for indi-
viduals suffering from fatigue. It also highlights the need for continued research
and analysis in this area to improve overall employee health and well-being.
Using the coefficient of determination, the Kaplan-Meier method is superior to
the proposed model, the age of the employees when the fatigue was discovered
is crucial and plays a major role in the survival time of employees with mental
fatigue, the incidence of fatigue is less important than the gender variable. While
analyzing processes connected to survival time is related, it is essential to use
the Kaplan-Meier method to assess the significance of the independent factors
that can play a significant role in identifying the explanatory variables. This
method is the best way to get the analysis and predict the employee’s status,
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but the complexity of this condition necessitates further research to refine the
parameters for its treatment.
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