American Journal of Applied Sciences 1 (4): 266-272, 2004
ISSN 1546-9239
© Science Publications, 2004

Duration Modeling in Undergraduate Econometrics Curriculum via Excel
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Abstract: The main goal of an Econometrics course is to prepare students for more advanced levels of
study and make them able to cope with the empirical problems they are likely to face. In recent years,
there has been a tendency to purge merely theoretical topics from the econometric textbooks by
including only time honored methods. Survival analysis, however, has so far failed to attract the
attention of textbook writers. I conjecture that the general perception of the issue as an advanced topic
as well as software barriers have led to this attitude. In this study, I work out an Excel file to outline
the fundamental concepts of duration analysis at an introductory level. The file so generated may also
be used by practitioners in appropriate cases with minimal learning cost. As such, I hope to dissipate
the myth of difficulty associated with this subject matter.
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environment. Furthermore, as the concise literature
review below will attest to the fact that the applicability
of the duration analysis in business and economics as
well as in many other social sciences, even practitioners
may benefit from the discussion and the technique
presented here if the case happens to be suitable for
such an analysis with minimal learning cost. This study
is also intended to address to the needs of professionals
in the field, but with no prior experience in duration
analysis since it is an easy treatment of the topic.
Duration analysis is the study of the length of time
it takes economic agents to leave a specific state, i.e. It
is the “time to event” study. The duration analysis has
found its applications in many fields. However, a
common name for it is yet to come. The naming
convenience is more of a reflection of its application
context. Some of the possible names may be ‘event
history analysis’ (sociology), ‘failure time analysis’ or
‘reliability analysis’ (engineering), ‘duration analysis,’
‘survival analysis,’ ‘transition analysis’ (economics)[2]. I
will make use of any one of these concepts
interchangeably in this study, hoping to establish the link
between various fields of study which use the analysis.
Although the survival analysis in population
studies goes back to pre1700s[3], the econometric
analysis of the duration of events (processes in
transition) began in 1970s[4,5]. Examples of duration
analysis in business and economics cover a wide variety
of topics. But by far, the largest application has been in
labor economics. The book by[4] makes use of labor
economics examples throughout. I will cite a few
studies in various branches of economics and business
to convey the possible scope of this tool. Naturally this
is not meant to be an exhaustive list[4].
Is the most comprehensive Econometrics book on
the issue.[6,7] are other sources for a thorough analysis
of duration methods[6]. Provides a relatively nontechnical survey of the topic where the duration of

INTRODUCTION
The undergraduate education aspires to equip
students with tools most needed to tackle real life
situations that students are likely to face upon assuming
positions in the post-graduate world. Arguably, one of
the most application oriented courses in economics and
business is Econometrics. Realizing the need to provide
students with the techniques they will make use of at
work, Econometrics textbooks try to tailor themselves
to such a challenge. They mainly try to avoid being an
encyclopedia of Econometrics, which may include any
topic under the sun ever discussed in academic circles,
but rather concentrate on those select issues based upon
the criteria indicated above.
Ironically, one of these topics, the duration
analysis, has so far failed to find its way to
undergraduate Econometrics curricula. My survey of
several undergraduate textbooks supports this
observation. As[1] rightfully complain even though there
are so many journal articles both in the theoretical as
well as an empirical sense on this issue, any course
dealing with the duration analysis is considered beyond the
reach of the undergraduate students and even for graduate
students, it is postponed to advanced levels of study.
I contend, however, that a starter on the topic
should (or maybe “could”) be included in the
undergraduate curriculum and it is actually quite
possible to impart the fundamental ideas of duration
analysis even with a minimal understanding of statistics
and Econometrics. Nevertheless, one should not ignore
the fact that the instructors are under heavy pressure
regarding the choice of topics given a fixed timetable,
i.e. A semester or so. Needless to say, this might the
one of the major reasons why this topic is mainly left
out. Another reason perhaps is the lack of a proper
treatment of the topic in the texts.
In this study, I generate a simple Excel file to
introduce duration analysis in an easy to understand
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make their decisions at the same time point data are
collected. Moreover, some of the agents may have
dropped out of the observation process for various
reasons, a case which is called Censoring. Ignoring
censoring could potentially lead to unreliable results[51].
For censored agents all we know is that they had
survived until the last time we took data about them.
This is called right censoring. For more on this issue,
the reader is referred to the aforementioned references.
A related concept in duration analysis is the hazard
(rate) function, h. Simply put, hazard rate is the
probability of an event happening immediately after
period t once it is known that it has not taken place until
time t. For example, it is the probability of someone
finding a job today (exiting the current state of
unemployment today) given that he has not been able to
find one so far. Statistically, the hazard function of an
event can be written as:

marriages, spacing of births, time to adoption of new
technologies, time between trades in financial markets,
product durability, duration of wars, time in office for
congressmen and other elected officials, length of stay
in graduate school are mentioned as actual and potential
areas of application of these models. Also the survey
by[8] provides an overview of many methods available
in the literature.
Other examples for the duration of employment
related decisions such as unemployment benefits, strike
durations and on-the-job training programs and labor
market participation, are also discussed[9-23].
Population and migration economics have
extensively used the duration analysis to study such
topics as the duration of marriages, migration time lengths,
time until the birth of a child as well as issues surrounding
family breakdowns. One can refer to[24-27].
[28-30] represent various applications in the
marketing and consumer economics fields[31]. Apply a
competing risks model with unobserved heterogeneity
to study households' repeat-purchase and switching
patterns among brands[32]. Study the impact of
promotion on the duration between purchases[33]. Can
be mentioned as an example in the industrial
organization field where they study the duration of a
patent. What motivates someone to take a major
investment decision after a lull period is studied in[34]
Determinants of retention in graduate level economics
programs is studied in[35].
Applications in macroeconomics and finance are
found in[36-41]. Another widely applied field is political
economy where the duration of tenure in a political
office[42-44] or that of wars[45] are studied.
Other
notable economic applications of various methods in
survival analysis are[5, 46-48].
To do justice to non-economics fields where
perhaps these techniques have found larger audiences,
the reader is referred to[7] for Sociology,[1, 49] for
Biometrics and Medical Sciences and[50] for Statistics
applications of the duration analysis.

h(t) = lim

∆t → 0

P(t ≤ T < t + ∆t \ T ≥ t)
∆t

(1)

where, D represents an incremental change. The only
difference between the hazard function and a
probability density function, pdf, is the conditionality
imposed by the hazard function because pdf measures
the probability of someone finding a job today
irrespective of how long the person might have been in
the job market.
On a related note, notice that if we interpret the
hazard function as the risk of an event occurring at any
time once time t is reached, the inverse of the hazard
function, 1/h(t), can be interpreted as the expected
length of time until the event occurs assuming h(t)
remains constant[2].
The statistical representation of the survival
function is:
S(t) = P(T > t) = 1- F(t)

(2)

where, F stands for the cumulative distribution
function, pdf. One can easily relate the two equations to
one another via:

A Brief Introduction to Survival Analysis: The
survival analysis deals with the length of time it takes
for something to happen. For example, how long it
takes for someone to leave the state (spell) of
unemployment, or to leave the first job, or how long it
takes for a machine to fail to operate? A more
interesting issue is the impact of a certain treatment on
the length of time it takes for an event to happen. To
illustrate the point we can mention the survival
(retention) times of those employees in jobs with a day
care center versus those in jobs without a day care
center; or in jobs where childcare is provided and jobs
where it is not.
The basic difference between the traditional
macroeconomic processes and the duration analysis is
that the former is assumed to be complete while the
latter is not necessarily completed by the time data are
collected. This point calls into question the validity of
inferences based on the assumption of completeness
because in real life economic agents do not necessarily

h(t) =

f (t)
S(t)

(3)

where, f is a pdf. It is clear that there is a well-defined
road map among f, h, F and S. Thus, analyses on a
subgroup of them can be transferred to others through
statistical methods, which means that discussing the
hazard of a phenomenon will readily yield its
characteristics in terms of its survival and vice versa.
There are parametric as well as non-parametric
methods of survival analysis. The non-parametric
analysis is handled through the so-called life tables. It is
a ratio analysis whose goal is to find/describe the
proportion of agents surviving at various time intervals.
Life tables are mostly drawn for two different groups
(or potentially for more groups), one which has gone
through some treatment (treatment group) while the
other (the control group) which has not. The basic idea
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is to see the impact of treatment on the survivorship of
the subjects under study. Interpreted this way, different
life tables for different categories of economic agents
yield comparably similar results to the parametric
analysis without actually running one such analysis.
If the impact of several independent variables,
called covariates in the duration literature, need to be
detected, the parametric counterpart of life tables can be
employed. But that requires quite a few assumptions to
be made by the researcher regarding the shape of the
distribution of the survival. Although this method may
be more akin to the popular regression methods, one
should not forget that the censoring of the data could
make parametric methods subject to a lot of personal
preferences on the part of the researcher, which may
lead to a variety of results depending on the parametric
distribution chosen. That is why; life tables for various
groups can be used with minimal loss of qualitative
generality for inference purposes. In what follows, a
simple method to obtain life tables is discussed.

Another dummy variable is PreBus, which takes on
a value of 1 for the subjects who took the college level
pre-business classes (Treatment Group) and 0 for those
who did not (Control Group). Duration of the data set
refers to the length of time in months a person has
been/stayed in the job market.
There are 8 people in our data set who fall in the
control group and 5 in the treatment category. Of these
13 people, all but one, ID 13, has exited the state of
unemployment. Thus, the individual 13 is censored in
our example. The minimum stay in the job market is 1 a
month while the maximum surpasses 15 months. On the
average, people stay in the job market 6.69 months with
a standard deviation of 5.38 months. The median
duration is 5 months.
To generate life tables we divide the observation
period into 10 equal subperiods of 1.5 months. The
choice of a range, r, is arbitrary and basically depends
on the interests of the researcher. We re-present the data
pertaining to the two sub-groups in Fig. 2 for the
control group and in Fig. 3 for the treatment group.

Life Tables for Survival Analysis: As mentioned
before, the main reason duration analysis is left out of
the undergraduate curriculum is the supposed difficulty
associated with the method in question. Obviously, the
cost of learning software might also play a role in this
outcome. But I believe that this important tool could
easily be incorporated into the undergraduate
curriculum without much cost as long as students are
capable of using Excel, which is almost given.
A hypothetical data set was generated and
thereafter the basics of survival analysis via the life
tables are discussed.
Suppose we follow up 13 people in the job market
for 15 months. In reality, this is a very small data set
and all statistical troubles with small samples should
come to mind when interpreting findings from such a
data set. However, for us, it serves the purpose of
illustrating our points. We are interested in the time
length they stay in the job market. All individuals are
high school graduates. However, some of them took
college level pre-business classes (Treatment Group)
before entering the job market while others did not
(Control Group). The treatment group earned a prebusiness certification as a result. We would like to see
the survival of both groups individually and in a
comparative sense. The comparison of survival in the job
market for the high school graduates will give us the
partial impact of the pre-business classes (certificate) on
finding a job. The data set is shown in Fig. 1.
In the data set, ID is a personal identifier such as
Person 1, Person 2. And it refers to the “individual,”
that is the subject that is followed up throughout a given
state to see if he or she has exited the current state. In
our case, the individual may or may not leave the
current state of being unemployed. If he or she has
already left the state of unemployment, we code 1 under
the column Unemployed for him or her. If the individual
has not left the given state after our data collection period
comes to an end, in this example that is 15 months, he or
she is coded 0 under the same column. Thus, Unemployed
is binary status indicator variable. The person who has
left the job market is said to have “exited” the state.

Fig. 1: Data Set

Fig. 2: Control Group Data

Fig. 3: Treatment Group Data
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Fig. 4: Calculation of the Survival Function for the Control Group

Fig. 5: Numerical Values of Survivorship Calculation of the Control Group
Proportion: q represents the ratio of those who
could NOT survive the sub period. This is called the
Failure Rate. It is calculated as the ratio of those who
completed (those who could NOT survive) the sub
period to all those who entered it less censored ones.
Another proportion concept, i.e. Proportion: p gives the
ratio of those who could survive the sub period. It is
calculated as 1-q. This is called the Survival Rate.
However, what we mean by survival, as in equation 2,
is given by the column titled P, which is called the
Cumulative Survival Function. Observe that the first
value in this column is 1. This is simply a convenient
assumption to get the process going. It means that
initially all individuals would have a survival of 100%.
The cumulative survival function in each sub period is
calculated as:

Fig. 6: Survival Chart of the Control Group
Concentrating on the control group first, we carry
out the calculations as in Fig. 4. R0 and R1 in the figure
refer to the beginning and the end of the sub period,
respectively. Thus, r = R1-R0. Notice that the
beginning of the very first sub period is zero while its
end is dictated by the researcher, in our case, r = 1.5
months. The rest follows the suit. The column labeled
Entered gives the total number of people still in the
given state (process), that is, those who are still
unemployed. Initially, everybody is in the
unemployment state, but in the subsequent sub periods,
this number is reduced as people exit the state as shown
in the column titled Dropped. If a person is censored, a
1 is coded in the Censored column, otherwise a 0. Only
the last observation is censored in this category because
this person has not left the job market by the time our
observation (data collection) period came to an end.

Pj = pj-1 Pj-1

(4)

where, j represents the current sub period. For the sake
of completeness, we present in the figure what is called
the Cumulative Failure Rate, 1-P. It has a
corresponding interpretation of the Cumulative Survival
Rate. The numerical values of these calculations are
presented in Fig. 5.
Figure 6 depicts a survival chart for the control
group, which shows the cumulative survival rate
(column labeled P) against the duration (column labeled
R1). The choice between R0 and R1 is not standard, but
most of the literature prefers R1 to R0. Alternatively,
the midpoint between R1 and R0 could be used. The
main trick at this stage is to interpret the graph, which is
nothing but to correctly read the numbers off of it.
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Fig. 7: Calculation of the Survival Function for the Treatment Group

Fig. 8: Numerical Values of Survivorship Calculation of the Treatment Group
A close inspection of Fig. 9 reveals that about 60
per cent of the individuals exited the current state by the
4th period. In comparison to the control group, this is a
much faster exit rate. That is, those who took the prebusiness classes while at high school to earn a prebusiness certificate tend to find jobs a lot faster than
those who did not. Additionally, the percentage of those
who stayed in the job market for the whole period is
relatively less among the treatment group than the
control group. Hence, we conclude that a pre-business
certification earned by taking college level business
classes while in high school makes finding a job after
graduation easier with respect to those who failed to
obtain that certificate.
Before concluding, I believe it would be
worthwhile to mention that the hazard function and pdf
can be easily incorporated into the Excel file generated
above. In the interest of space, however, the Excel
snapshots are not included here. For the hazard function
and the pdf, all one has to do is to enter the following
formula into Excel, respectively:

Fig. 9: Survival Chart of the Treatment Group
As is clear from the graph, at least 60 per cent of the
subjects in the control group could still survive up to
the 9th period. Also about 25 percent of the individuals
stayed in the job market for the whole observation
period of 15 months.
If we are all interested in this group we can stop
here. But usually, we would like to also measure the
impact of an independent variable on the survivorship.
It happens to be the college level pre-business courses
in our case. We replicated all of our calculations for the
treatment group in Fig. 7 through 9. Since the process is
identical we will not repeat the discussion on
calculations here.

hj

2q j
r(1 + p j )

fj =
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Pj q j
r

(5)

(6)
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where all the variables are as defined before. All of the
components of these computations are readily available
in the Excel file already generated.
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Duration analysis (also known as survival analysis
besides quite a few other names) has found sympathetic
audiences in engineering and medical research as well
as several social sciences for a long time. Its history in
economics and business is short by comparison, but
arguably rich. In almost all sub-branches of economics
and business we can find some application of survival
analysis. Nevertheless, this toolbox has been avoided
by the undergraduate Econometrics textbooks since it is
considered an advanced topic beyond the possible grasp
of students at this level. Given the perspective it can
offer to students in formulating real life problems, I
believe an introduction to this topic, however basic,
ought to be made at the earliest stages of education to
alert the students to these kinds of problems.
Furthermore, practitioners, who may not have plenty of
time to invest and venture in new methods of
econometric analysis, too, should find the technique
interesting for suitable cases and the way it is presented
here easy to comprehend.
With mainly these two interest groups in mind, I
worked out a simple Excel file which uses an
artificially generated data set to introduce the reader to
duration analysis. Without being bogged down with the
theoretical jargon full of formulas, but still keeping the
integrity of the scientific treatment of a topic, I show
the calculations needed to generate life tables for two
different groups and provide interpretation of the
findings with the help of graphs. This provides a
relatively complete presentation of the life table’s
analysis procedure in an easy to understand and apply
manner. Needless to say that there are certain software
packages which carry out these calculations with a
point and click of a mouse, but my presentation opens
up the black box for the student, who may proceed from
here on with more sophisticated applications of the
survival analysis.
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